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Abstract
Over past decades, terrestrial water fluxes have been affected by humans at an unprecedented scale and the fingerprints that humans have left on Earths water resources are turning up in a diverse range of records. In this thesis, a state-of-the-art
global hydrological model (GHM) and global water demand model were developed and
eventually coupled to quantify and distinguish human and climate impacts on surface
freshwater and groundwater resources. The thesis is composed of three major parts:
Part 1. Human and climate impacts on surface freshwater resources; Part 2. Global
assessment of groundwater resources; Part 3. Integrated modeling and indicators of
global water resources. The thesis first explores the human and climate impacts on
seasonal surface freshwater resources by forcing the global hydrological model PCRGLOBWB with daily meteorological fields and by calculating global monthly water
demands with the effects of socio-economic and land use change. Increased water demand was found to be a decisive factor for heightened water stress in various regions,
while climate variability is often a main determinant of extreme events. Over Europe, North America and Asia, severe hydrological drought conditions are driven by
increasing consumptive water use rather than to be merely induced by climate variability; the magnitude of droughts intensified by 10-500%. Next, the thesis assesses
global groundwater resources by estimating groundwater recharge and abstraction.
Global groundwater depletion was found to triple in size over the last 50 years, and
contributes ∼20% to irrigation water supply. Groundwater stress was then assessed
using newly developed indicators considering groundwater contribution to environment. The global groundwater footprint was found to be 3.5 times the actual area of
aquifers driven by a few heavily overexploited aquifers. The aquifer stress indicator
revealed that ∼8% of transboundary aquifers are currently stressed due to human
overexploitation. Importantly, groundwater depletion was found to be an important
contributor to sea-level rise and is likely to dominate over those of other terrestrial
water sources. The contribution of groundwater depletion to sea-level increased by
more than ten-fold over 1900-2000, and is projected to increase further by 2050. In the
final part of this thesis, an improved modeling framework that dynamically simulates
daily water use per source per sector was developed. Human impacts on terrestrial
water storage signals were evident in the validation with GRACE satellite observation,
altering the seasonal and inter-annual variability over heavily regulated and intense
irrigated basins. The newly developed model together with other six state-of-the-art
GHMs was applied to simulate future irrigation water demand using the latest CMIP5
climate projections. The increase in irrigation demand varies substantially depending on the degree of global warming and associated regional precipitation changes.
GHM dominates the uncertainty throughout the century, but GCM uncertainty substantially increases from the mid-century. To comprehensively assess global water
resources, an improved approach was introduced. The Green Water Stress Index is
capable of reproducing varying degrees of green water stress conditions, reflecting a
15

multi-decadal climate variability. The Blue Water Sustainability Index revealed an
increasing trend of water consumed from nonsustainable surface water and groundwater resources (∼30%) worldwide.
Keywords: Global hydrological modeling; Surface freshwater; Groundwater; Water
use; Water stress; Human impacts; Irrigation; Climate effect; Sea-level rise; Integrated
modeling framework
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List of symbols

Climate and vegetation parameters
PRE
Pnet
Plocal
P RE
T
Tm
T
Tavg
Tmax
Tmin
TR
Rext
Epot
Epot
Eact
Eact
ET 0
ET c
EW
Esnow
Sint
Eint
ES 0 /Esoil
ES a
ES c
Tc
Ta
Tc0
Ta0
LAI
kc /kc,veg
kc,min /kc,soil
SC melt
fd
Cf

Precipitation
Net liquid precipitation
Local precipitation
Corrected precipitation
Air temperature
Melt temperature
Corrected air temperature
Average air temperature
Maximum air temperature
Minimum air temperature
Temperature range between maximum and minimum
temperature
Extraterrestrial radiation
Potential evapotranspiration
Long-term average potential evapotranspiration
Actual evapotranspiration
Long-term average actual evapotranspiration
Reference evapotranspiration
Crop evapotranspiration
Open water evaporation
Snowmelt evaporation
Interception storage
Interception storage evaporation
Potential bare soil evaporation
Actual soil evaporation
Potential bare soil evaporation over irrigated areas
Potential transpiration
Actual transpiration
Potential transpiration over irrigated areas
Actual transpiration over irrigated areas
Leaf area index
Crop factor or coefficient
Crop factor for bare soil
Snowmelt
Degree day factor
Vegetated area fraction

m d−1
m d−1
m d−1
m d−1
◦C
◦C
◦C
◦C
◦C
◦C
◦C

MJ m−1

day−1
or m month−1
m d−1 or m month−1
m d−1 or m month−1
m d−1 or m month−1
m d−1
m d−1
m d−1
m d−1
m
m d−1
m d−1
m d−1
m d−1
m d−1
m d−1
m d−1
m d−1
m2 m−2
dimensionless
dimensionless
m d−1
m ◦ C−1 d−1
dimensionless
m d−1
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Water availability and routing parameters
WA
WAgw
MAR
QDR /Qdirect
QSf /Qint
QBf /Qbase
Qloc /Ql /Qlocal
Qloc /Ql
Q
Q/Qavg
Qmax
Qmin
Qnatural
Qg /D
QEnv
QIn
QOut
Qp
R
RN at /GW RN at
RIrr /GW RIrr
REnv /E
Qvalue
7Qn
fQ90
Ls
TCL
αs
Dfv
τ
SDfv
Sm
Qd
Qr /Rr
Qr,max
Qf lood
Q
Qm /I
Qm /Iavg
Q̂m
Q’rm
q̂w
q land
mb
me
V
A
AA
d
l
f
h
h0
Rcd
bz
G
n
α
Sr
Smax
Smin
C
P
η
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Total water availability
Readily available groundwater
Mean annual runoff
Direct runoff
Subsurface or interflow
Baseflow
Local runoff
Predicted local runoff
Discharge, streamflow, or blue water availability
Average discharge, streamflow, or blue water availability
Maximum discharge
Minimum discharge
Average natural discharge
Groundwater discharge
Environmental flow requirements or environmental
streamflow
Inflow to a grid cell
Outflow to a grid cell
Groundwater pumping
Groundwater recharge
Natural groundwater recharge
Recharge from irrigation return flow
Groundwater contribution to environmental streamflow
Value (10-90th ) percentile flow
7-day minimum flow
Fraction of groundwater recharge to be reserved for
environmental streamflow
Average slope length
Centroid-lag time or characteristic response time
Slope angle
Deficit volume
Percentile flow threshold
Standardized deficit volume
Reservoir storage
Forecasted water demand
Reservoir release
Maximum reservoir release
Bankfull discharge
Mean annual discharge
Inflow to reservoir
Average inflow to reservoir
Expected inflow to reservoir
Updated reservoir release
Forecasted change over reservoir surface
Accumulated average local runoff from land surface
Beginning of the release period
End of the release period
Reservoir storage or volume
Surface area
Aquifer area
Reservoir depth or dam height
Characteristic length
Dimensionless constant from Liebe et al. (2005)
Lake or reservoir level or depth
Lake or reservoir outlet
Characteristic distances
Channel width times channel depth
Gradient of drainage network
Manning’s coefficient
Reservoir specific shape factor
Actual reservoir storage capacity
Maximum reservoir storage capacity
Minimum reservoir storage capacity
Correction factor
Variations in the price of hydropower
Efficiency of power generating system

million m3 month−1
million m3 month−1 or m3 day−1
million m3 month−1
m d−1
m d−1
m d−1 or m3 d−1
m3 s−1 or million m3 month−1
m3 s−1 or million m3 month−1
m3 s−1 or million m3 month−1
m3 s−1 or m3 day−1 or million m3 month−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1 or million m3 month−1
m3 s−1 or million m3 month−1
m3 s−1 or million m3 month−1
m3 s−1
m d−1 or m yr−1
m d−1 or million m3 yr−1
m d−1 or million m3 yr−1
m d−1
m3 s−1
m3 s−1
dimensionless
m
days
dimensionless
m3
m3 s−1
dimensionless
m3
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m3 s−1
m d−1
m3 s−1 or m d−1
month
month
m3
m2
m2
m
m
dimensionless
m
m
m
m2
dimensionless
dimensionless
dimensionless
m3
m3
m3
m4/3 s−1
dimensionless
dimensionless

Soil parameters
S1/S s1
S2/S s2
S3/S s3
S0
∆S
Smax
SC
Z
TAW
RAW
qi
qp
Cr
ksat
k(θE )
k(θE F C )
θ
θE
θE50 /θE,f trans
θE F C
θE wp
θsat
θF C
θres
θav
p/pref
Zr
r/rf
r0
W
Wmax
Wmin
∆W
∆Wmax
fT /ftrans
β
b
x
Asat
Auns
hm
w
ϕ
J
z
g
ρ
ψ
ψsat
ψf c
ψwp
ψae
f5m
fd
D
H
Dc
Bc

Soil water storage (1)
Soil water storage (2)
Groundwater storage (3)
Surface water layer or depth
Change in water storage
Maximum surface water layer or depth
Storage capacity
Soil depth
Total available water
Readily available water
Infiltration
Percolation
Capillary rise
Saturated hydraulic conductivity
Unsaturated hydraulic conductivity
Unsaturated hydraulic conductivity at field capacity
Effective soil moisture content
Effective degree of saturation
Average degree of saturation at which potential transpiration
is halved
Effective degree of saturation at filed capacity
Effective degree of saturation at wilting point
Saturated (volumetric) water content
(Volumetric) Soil moisture content at filed capacity
Residual (volumetric) water content
Available pore space
(Reference) Soil water depletion fraction
Rooting depth
Root fraction
Root fraction of irrigated crops
Cell-averaged total soil moisture
Cell-averaged minimum total soil moisture
Cell-averaged maximum total soil moisture
Range between Wmax and W
Range between Wmax and Wmin
Actual to potential transpiration rate
Soil water retention coefficient of Clapp and Hornberger
(1978)
Soil water storage distribution shape factor
Soil saturated fraction
Soil saturated area fraction
Soil unsaturated area fraction
Hydrostatic pressure
Weight
Porosity
Groundwater residence time or reservoir coefficient
Saturated thickness of aquifer
Gravitation acceleration
Density of water
Soil matric suction
Soil matric suction at saturation
Soil matric suction at filed capacity
Soil matric suction at wilting point
Soil matric suction at air entry value
Fractional groundwater depth within 5m
Drainable porosity or specific yield
Drainage density
Groundwater height
Aquifer depth
Drainage length

m
m
m
m
m
m
m
m
m
m
m d−1
m d−1
m d−1
m d−1
m d−1
m d−1
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
m3 m−3
m3 m−3
m3 m−3
m3 m−3
m d−1
m
dimensionless
dimensionless
m
m
m
m
m
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
kg m3
dimensionless
dimensionless
years or days
m
m s−2
kg m3
m
m
m
m
m
dimensionless
dimensionless
m−1
m
m
m
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Water resources indicators
WSI
WAI
EWSI
DWSI
BlWSI
GrWSI
GF
EF
AQSI
PDSI
SPI

Water scarcity or stress index
Water availability index
Environmental water scarcity or stress index
Dynamic water scarcity index
Blue water sustainability index
Green water stress index
Groundwater footprint
Ecological footprint
Aquifer stress indicator
Palmer Drought Severity Index
Standard Precipitation Index

dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
m2
m2
dimensionless
dimensionless
dimensionless

Water use parameters
TWW
SWW
GWW
DT ot /WD tot
Dc
DIrr
IWR
IWR paddy
IWR nonpaddy
eIrr /IEFF
LIrr
AIrr
IWD
IWC
GIA
NIA
WDom
DDom
RDom
Furban
AW
FP
WUI
Edev
Tdev
GDP
EL
EN
HC
RR
aa
c/C
p
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Total water withdrawal
Surface water withdrawal
Groundwater withdrawal
Total water demand
Crop water demand
Irrigation water demand
Irrigation water requirement
Irrigation water requirement for paddy
Irrigation water requirement for nonpaddy
Irrigation efficiency factor
Irrigation losses
Irrigated areas
Irrigation water demand
Irrigation water consumption
Gross irrigated areas
Net irrigated areas
Domestic water withdrawal
Domestic water demand
Seasonal amplitude
Urban fraction
Fractional population with access to water
Fractional population
Water use intensity
Economic development
Technological development
Gross domestic product
Electricity production
Energy consumption
Household consumption
Recycling ratio
Land area appropriated per capita
Annual consumption or sink
Annual aquifer yield

km3 yr−1
km3 yr−1
km3 yr−1
m3 day−1 or million m3 month−1
m d−1
m3 day−1 or million m3 month−1
m day−1
m day−1
m day−1
dimensionless
m3 day−1 or million m3 month−1
m2
million m3 month−1 or km3 month−1
million m3 month−1 or km3 month−1
km2
km2
m3 day−1 or million m3 month−1
m3 day−1 or million m3 month−1
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
US$ (Year 2000)
MWh
KTOE
US$ (Year 2000)
dimensionless
km2 capita−1
m3 capita−1 yr−1 or m d−1
m3 km−2 yr−1

Water resources parameters
Greenw
Bluew
NRGW/NRGWA /NRGroundw
DSW
NLWR/NonLw
GWD
CBWU
Defs
GWA /GWAB/GroundW a
SWOA
C
TWS

Green water
Blue water
Nonrenewable groundwater abstraction
Desalinated water use
Nonlocal water resources
Groundwater depletion
Consumptive blue water use
Water availability deficits
Groundwater abstraction
Surface water over-abstraction
Groundwater consumption
Terrestrial water storage

m d−1 or million m3 month−1
m d−1 or million m3 month−1
m d−1 or million m3 month−1
m d−1 or million m3 month−1
m d−1 or million m3 month−1
mm yr−1 or million m3 month−1
million m3 month−1
m d−1 or million m3 month−1
m d−1 or million m3 month−1
million m3 month−1
m d−1
m

Miscellaneous
∆t
IPOT
ILIM
t.g.
sat.
WET loss
WET area
ξs
k
Ts
Tg
fs

Time step
Irrigation water unlimited
Irrigation water limited
Tide-gauge data
Satellite data
Wetland loss rate
Wetland area
Average water stress
Resilience parameter
Mean duration of a stress periods
Length of growing season
Frequency of recurring stress periods

day
km3 yr−1
km2
dimensionless
dimensionless
months
months
months

Statistical parameters
α
R2
R
N
D
Estd
NSC
σ
Overline σ
CV
λ
p-value
Vt
Vh
Vc
Vs

Slope of regression line or statistical significance
Coefficient of determination
Correlation coefficient
Number of sample
Deviations
Standard error
Nash-Sutcliffe coefficient
Standard deviation
Error standard deviation
Coefficient of variation
Semivariogram
Statistical significance
Total variance
Variance from hydrological model uncertainty
Variance from climate model uncertainty
Variance from emission scenario uncertainty

dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
dimensionless
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Subscripts
s0
s1
s2
s3
a
m
d
k
r
sw
gw
cnt
reg
pc
avg
Gross
Net
Urban
Rural
Nat
pot
act
Tot
Liv
Irr
Ind
Dom
Obs
Mod
ModT
ModP
GCM
cor
CRU
min
max
present
past
future
other
world
US
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Surface water layer
Soil layer 1
Soil layer 2
Groundwater reservoir
Annual
Month
Day
Given year
Reservoir
Surface water
Groundwater
Country
Region
Per capita
Average
Gross water demand (∼withdrawal)
Net water demand (∼consumption)
Urban area
Rural area
Natural
Potential
Actual
Total sector
Livestock sector
Irrigation sector
Industrial sector
Domestic sector
Observed
Modeled
Modeled under transient water consumption
Modeled under pristine condition
Global Climate Model or General Circulation Model
Corrected
Climate Research Unit
Minimum
Maximum
Present period (∼year 2000)
Past period
Future period
Individual years (∼years 1900-2100)
World
USA

year
month
day
year
million m3 month−1
million m3 month−1
year
year
year
year
-

1
1.1

Introduction
Background

Earth’s surface has undergone a drastic change due to the human transformation of
land use and vegetation patterns. Over the 20th century, the global population more
than quadrupled and currently exceeds 7 billion. To support the rapidly growing
population, and their food demands and standard of living, global crop land area
increased two-fold to ∼15 million km2 , while global irrigated area grew six-fold from
∼0.5 million km2 to ∼3.0 million km2 over the last 100 years (Freydank and Siebert,
2008). The latter equals nearly the size of India. Increasing population numbers,
expanding areas of irrigated agriculture, and associated economic development have
driven an ever-increasing demand for water worldwide. Water demand is defined here
as the volume of water required by users to satisfy their needs (see Table 1.1 for the
further details). Global water demand has increased by nearly 8 times from ∼500
km3 yr−1 to ∼4000 km3 yr−1 since 1900, over the last 100 years, with a consistent
and acute increase at a rate of ∼15% per decade between 1960 and 2010. Agriculture, mostly irrigation, is the principal user of water and accounts for ∼70% of the
total, with the remaining part attributable to the industrial and domestic sectors
(Falkenmark et al., 1997; Döll and Siebert, 2002; Vörösmarty et al., 2005, 2010; Oki
and Kanae, 2006; Haddeland et al., 2006; Bondeau et al., 2007; Fischer et al., 2007;
Gerten et al., 2007; Hanasaki et al., 2008a,b; Rost et al., 2008; Liu and Yang, 2010;
Siebert and Döll, 2010; Siebert et al., 2010; Wisser et al., 2008, 2010; Biemans et al.,
2011; Konzmann et al., 2013).
To satisfy their needs, humans extract vast amounts of water from surface water
and groundwater resources. To boost water availability, tens of thousands of reservoirs have been constructed in many tributaries of the major rivers and their total
storage capacities exceed ∼8000 km3 worldwide (International Commission on Large
Dams (ICOLD), 2003; Nilsson et al., 2005; Chao et al., 2008; Lehner et al., 2011).
A number of reservoirs also serve as the source of hydropower generation to supply
the energy needs for industries and to support the increased standard of living over
various regions. Although globally water demands can be met by surface water availability (water in lakes, rivers and reservoirs), regional variations of water availability
are large. For example, in Asia, 80% of runoff occurs between May and October,
while in monsoon-dominated climate zone, a substantial share of annual runoff occurs over a short and specific period of the year in the form of floods. Flooding water
is, however, not a practical supply for human water use that needs water to be delivered in controlled quantities at specific times (Jackson et al., 2001). Meigh et al.
(1999) noted that water scarcity often becomes apparent as occasional deficits during
periods of high demand or below-average rainfall. Nowadays, soaring seasonal water
demands and associated human water withdrawals cause conditions of water scarcity
in various (e.g., India, Pakistan, Western and Central USA, Northeast China, Iran,
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the Middle East and North Africa, and Southern Europe), particularly semi-arid regions where available surface freshwater is limited due to low precipitation (Postel
et al., 1996; Gleick, 2000, 2003, 2010; Vörösmarty et al., 2000b; Oki and Kanae, 2006;
Hanasaki et al., 2008a,b; Kummu et al., 2010; Hoekstra et al., 2012). In such regions,
the demand often exceeds the available surface freshwater resources, primarily due
to heavy irrigation which requires large volumes of water in a certain time of the
year, when groundwater is additionally used to supplement the deficiency. Excessive
groundwater pumping, however, often leads to overexploitation, causing groundwater
depletion (Konikow and Kendy, 2005; Llamas and Martı́nez-Santos, 2005; Shah, 2005;
Foster and Loucks, 2006; Rodell et al., 2009; Tiwari et al., 2009; Famiglietti et al.,
2011; Konikow, 2011; Döll et al., 2012; Gleeson et al., 2012; Scanlon et al., 2012a,b;
Voss et al., 2013; Taylor et al., 2013), that may have devastating effects on natural
streamflow, groundwater-fed wetlands and related ecosystems (Foster et al., 2004;
Aeschbach-Hertig and Gleeson, 2012). In a recent report on global water resources,
the United Nations alert that in water scarce regions the shortage of water is beginning to constrain economic growth and deteriorate the sustainability of future water
supply (World Water Assessment Programme, 2009). Over past several decades, terrestrial water fluxes have been affected by humans at an unprecedented scale and
the fingerprints that humans have left on Earth’s water resources are turning up in a
diverse range of records and can be seen in surface freshwater (water in rivers, lakes,
reservoirs and wetlands) and groundwater resources alike.
In addition to growing demand, both multi-decadal climate variability and anticipated climate change have substantial impacts on Earth’s water resources. In
several parts of the world (e.g., Asia, Africa), drought is closely associated with a
presence of the El Niño-Southern Oscillation (ENSO) that has driven a number of
severe drought events including the nation-wide droughts of 1988 and 2002 over the
USA and the continental-wide drought of 2001 over Asia (Trenberth et al., 1988;
Wilhite, 1992; Seager, 2007). There is a growing concern that the natural patterns
of climate have also been altered. Climate change is in turn expected to alter the
water cycle (e.g., the rate of evapotranspiration and the amount of precipitation),
and will subsequently impact regional water availability and demand (Arnell, 1999,
2004; Alcamo and Henrichs, 2002; Alcamo et al., 2003b, 2007; Dirmeyer et al., 2006;
Lehner et al., 2006; Feyen and Dankers, 2009; Dai, 2011, 2013; Haddeland et al., 2011;
Sheffield et al., 2012). Global warming caused by increasing human-induced greenhouse gas emission has brought unprecedented warming, particularly over the last two
decades. Every single year since 1992 is in the current list of the 20 warmest years on
record. Increasing global temperatures generally enhance evaporative demand, leading to higher crop evapotranspiration, and thus larger irrigation water demand. Döll
(2002) used the climate projections of two global climate models (GCMs), and found
an increase of global irrigation water demand by ∼5% by the 2020s and by ∼10% by
the 2070s over the area currently equipped for irrigation. Alcamo et al. (2007) used
the same climate projections, but found a slight decrease of global irrigation water
demand by the 2070s, mainly due to improved irrigation efficiency they accounted
for. Later, Fischer et al. (2007) used climate data from two GCMs, HadCM3 (Gor24

don et al., 2000) and CSIRO (Hirst et al., 2000), and found ∼30% increase of global
irrigation water demand by 2080. However, this increase is mainly attributable to
the expansion of irrigated areas in their scenario development. Pfister et al. (2011)
applied the IPCC SRES A1B scenario multi-model average (Intergovernmental Panel
on Climate Change (IPCC), 2007) and the most recent study of Konzmann et al.
(2013) used data from 19 GCMs under IPCC SRES A2 scenario (Intergovernmental
Panel on Climate Change (IPCC), 2007) to simulate future irrigation water demand.
Both studies found a decrease (∼7-∼ 17%) of global irrigation water demand. Among
these studies, only Konzmann et al. (2013) considered the effect of higher atmospheric
CO2 concentration (CO2 fertilization effect), that can lead to reduced transpiration
at the leaf level by improving the water use efficiency of irrigated crops. These studies report substantial variations in future water demand projections among different
hydrological models and among different climate projections (GCMs) used to force
hydrological models.
Table 1.1

List of water use terms

Gross water demand

Water withdrawal

Potential water requirements to
satisfy the needs for agricultural,
industrial and domestic sector

Actual water amount that is
physically withdrawn from
available water resources to
satisfy gross water demand

Potential return flow

Actual return flow

Potential amount of return flow
that would occur from gross
demand

Actual amount of return flow
after water is withdrawn from
water sources

Net water demand

Consumptive water use

Gross water demand minus
Actually consumed or
potential return flow or potential
evapotranspired from water
consumptive water use (part of
withdrawal (water withdrawal
gross water demand that is
minus actual return flow)
evapotranspired)

1.2

Macro-scale hydrological and water resources model

To quantify the surface water balance (water in rivers, lakes, wetlands and reservoirs),
and analyze the human-induced and climate change on water resources consistently
25

across large scales, a number of models that simulate the terrestrial part of the hydrological cycle on a regional to global scale (MHMs: macro-scale hydrological models)
have been developed in recent decades. Some MHMs have been developed to be incorporated as land surface models (LSMs) in atmospheric models (GCMs: global climate
models) such as VIC (Wood et al., 1992) or as stand-alone hydrological models (see
Table 1.2 for the classification). Among the earliest studies, Yates (1997) and Nijssen
et al. (2001a,b) applied MHMs to calculate runoff and river discharge over river basin
to continental scales at a relatively coarse spatial grid (1-2◦ ). Later, Arnell (1999,
2004) and Vörösmarty et al. (2000b) developed respectively Macro-PDM and WBM
to simulate global surface water balance at a finer scale (0.5◦ ). Oki et al. (2001)
used TRIP (0.5◦ ) to route global local runoff simulated by LSMs. Earlier models,
however, lack the human-induced change on the surface water balance, considering
climate variability only. Alcamo et al. (2003a,b) developed the WaterGAP model
(0.5◦ ), which simulates both the global surface water balance and global water use
(water withdrawal and consumptive water use) from agricultural, industrial, and domestic sectors. Döll et al. (2003); Döll (2009); Döll et al. (2009) used WGHM (0.5◦ )
to simulate globally the reduction of river discharge by human water consumption.
Sheffield and Wood (2007) analyzed global drought occurrence using soil moisture
fields simulated with VIC (0.5◦ ), while Widén-Nilsson et al. (2007) developed the
WASMOD-M global water-balance model, constructed to provide robust runoff estimates both for gauged and ungauged basins with a set of tunable parameters. Distinct
from other MHMs, Gerten et al. (2007) and Konzmann et al. (2013) developed the
LPJmL model (0.5◦ ), which simulates the impact of transient vegetation change on
land surface hydrology. Among the latest studies, Hanasaki et al. (2008a,b, 2010)
and Pokhrel et al. (2012a,b) developed H08 (0.5◦ ) and MATSIRO (0.5◦ ) respectively,
both of which incorporate anthropogenic effects (e.g., irrigation, reservoir regulation)
into global surface water balance calculation.
These models typically simulate the dynamics of soil moisture storage due to precipitation and evapotranspiration, the generation of runoff and the discharge through
the river network at a 0.5◦ by 0.5◦ global grid (∼50km by ∼50km at the equator)
where climate, physiographic, and socio-economic data are most available. The majority of these models are based on the water balance concept and track the transfer
of water through a number of stores with time steps ranging from a month to less
than one day. Conceptual models are chosen as they are deemed to be more robust
than empirical models and more parsimonious in their data requirements than fully
physically-based models, whilst they maintain the ability to translate reliably the
effects of global change on the hydrology in a consistent manner. With their development, the process descriptions in MHMs have become more physically based and
their spatial and temporal resolution have increased. However, few models calculate
sectoral water demand at a monthly temporal scale that is essential to comprehend
seasonal fluctuation of water use behaviour, and even fewer models consider groundwater representation, e.g. groundwater recharge and groundwater abstraction, that
is crucial to assess groundwater resources. Alternative water resources such as desalinated water use is also not incorporated in most models. Moreover, these models
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Table 1.2

Type of models used to simulate global hydrology

Land Surface Models (LSMs)
e.g., VIC (Wood et al., 1992), NOAH (Ek et al., 2003)
- A simplified treatment of the surface hydrology and no human-induced
change
- A focus on the interactions of the land-atmosphere for climatic simulations
in global climate models (GCMs)
Global Hydrological Models (GHMs)
e.g., H08 (Hanasaki et al., 2008a,b), MATSIRO (Pokhrel et al., 2012a,b),
WADMOD-M (Widén-Nilsson et al., 2007), WaterGAP (Alcamo et al.,
2003a,b), WGHM (Döll et al., 2003), WBMplus (Vörösmarty et al., 2000b;
Wisser et al., 2010)
- A detailed reproduction of terrestrial hydrological processes at long temporal
but fine spatial resolutions
- Inclusion of human-induced change (e.g., human water use and reservoir
regulation)
Dynamic Vegetation Models (DVMs)
e.g., LPJmL (Gerten et al., 2007; Konzmann et al., 2013), DBH (Tang et al.,
2007)
- A simplified treatment of the surface hydrology
- A special treatment on biosphere that enables quantitative assessment of
transient changes in vegetation and land surface hydrology in response to variations in climate and anthropogenic CO2 increase
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generally calculate water demand separately and independent of water availability, i.e.
there is no feedback between water availability and water demand, and equate water
demand with either water withdrawals or consumptive water use (Döll and Siebert,
2002; Wisser et al., 2010). This potentially leads to an overestimation because actual
water withdrawal and consumptive water use may be lower as a result of physical,
technological or socio-economic limitations that exist in various regions or countries.
In addition, water allocation or water use per source (surface water and groundwater)
has rarely been explicitly incorporated in those models.

1.3

Water resources assessment indicators

To assess the degree of human water use on available water resources, numerous indicators have been developed. As overuse of water resources emerged in various regions
of the world, in the late 1980s Falkenmark (1989) pioneered the concept of water stress
using a threshold value to describe different degrees of water scarcity. This indicator
defines per country water stress based on the per capita annual renewable freshwater
resources (∼blue water). Annual renewable freshwater resources of 1,700 m3 yr−1 per
capita are taken as the threshold below which water scarcity occurs with different levels of severity, and that of 1,000 m3 yr−1 per capita generally indicates a limitation to
economic development (Falkenmark et al., 1997). This is one of the most commonly
used indicators in existence and is so-called the Falkenmark Water Stress Indicator.
Since then, the water stress indicator has evolved from simply country’s per-capita
water needs into a more comprehensive, spatially-explicit and sector-specific index
including agricultural (irrigation and livestock) and industrial water needs at a finer
spatial resolution (e.g., 0.5◦ ). In the 2000s, several major water stress indicators have
been developed. Alcamo et al. (1997, 2000) used “criticality ratio” comparing annual
water withdrawals to water availability, while Arnell (1999) used the simple water use
to resource ratio, calculated at the national scale. Later, Vörösmarty et al. (2000b),
Oki et al. (2001), and Alcamo et al. (2003b) compared total water demands (agriculture, industry and households) to water availability (∼river discharge) to expresses
how much of the available water is taken up by the demand. This index is also used
as “withdrawal to availability ratio” or “consumption to availability ratio”. Douglas
et al. (2006) used the similar concept called “relative water stress index”. In general,
a region is considered to experience water stress when the following ratio is higher
than 0.4 considering the sustainability of renewable water resources.
DT ot,i
(1.1)
W Ai
where DT ot is the gross total water demands as a sum of agricultural, industrial,
and domestic sector and WA is the water availability generally taken from total river
discharge. These fluxes have typically a unit of volume per time such as m3 yr−1
or million m3 yr−1 . Water scarcity index, WSI, is generally assessed at a grid scale
such as 0.5◦ by 0.5◦ spatial resolution as a country-based estimate hides substantial
within-country variation of water availability and demand.
W SIi =
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Most MHMs performed water stress assessments at an annual temporal resolution. The ratio of 0.4 corresponds to annual renewable freshwater resources of 1,700
m3 yr−1 per capita of the Falkenmark Water Stress Indicator. Extreme water stress is
considered to occur at a ratio above 0.8, corresponding to annual renewable freshwater
resources below 500 m3 yr−1 per capita. To test the robustness of the threshold value,
Alcamo et al. (2000) carried out a sensitivity analysis in which they recomputed the
area of river basins under water stress category assuming different thresholds values
for this category. They set a threshold of water stress as variable between 0.2 and
0.6 instead of a constant value of 0.4, depending on regions. Their results showed the
differences between variables and a constant value of 0.4 are insignificant, which may
suggest the robustness of a threshold value of 0.4 of WSI.
In the late 2000s, Hoekstra (2009) and Hoekstra and Mekonnen (2012) pioneered
the water footprint concept, that tracks the volume of virtual water used by a population, where virtual water is the volume of freshwater used to produce a commodity,
good or service along the various steps of production (Allan, 1998; Hoekstra and
Hung, 2005; Hoekstra et al., 2011). This concept has been applied on various agricultural and industrial products, which greatly helped to raise public awareness on
global water resources.
Despite their global acceptance, these indicators have several major shortcomings.
First, on a global scale, as noted above, previous studies (e.g., Alcamo et al., 2003b;
Alcamo and Henrichs, 2002; Arnell, 1999, 2004; Islam et al., 2007; Oki et al., 2001;
Vörösmarty et al., 2000b) carried out water stress assessments at an annual temporal
resolution, which neglects seasonal variability of water demand and water availability. Annual temporal assessments potentially underestimate the intensity of water
stress since within-year variations of water stress are not taken into account. Such
variations can be brought on by increased demand, for example in ever-expanding urban centers, by a temporary rise in demand, for example increased irrigation demand
during droughts, and by untimely availability, for example, in monsoon-dominated
areas such as India, where the annual discharge is concentrated in the summer period
because of the coincidence of the snowmelt and the peak in rainfall. Second, the
indicators consider only the renewable surface water resources and associated use,
and pay little attention to groundwater resources and their use. In semi-arid or arid
climate zones, the water demand often exceeds the available surface water resources
due to intense irrigation which requires large volumes of water during crop growing
seasons. In such regions, groundwater resources may serve as the main source of water for irrigation. Groundwater is also often used as an additional water source over
regions with large productive aquifer systems. Third, these indicators do not consider
environmental flow requirements. In many regions, streamflow, in particular baseflow,
provides a reliable source of water to the environment, supplying water to aquatic and
terrestrial ecosystems including vegetation (e.g., forest) particularly during low flow
periods (e.g., drought). Fourth, soil moisture (green water) stress is rarely assessed
in the context of human water needs, while soil moisture is the major source of global
food production (∼ 80%) (Falkenmark et al., 2009; Hoff et al., 2010; Siebert and Döll,
2010). The water footprint concept quantifies the components of water source (e.g.,
29

green water, blue water), but does not assess the impact of human water use on natural stocks and flows, because it generally focused on the volumes of water required
without quantifying the volume of water available at a region. The expansion of irrigated areas has been slowing down in many countries, yet the global food demand
has been increasing consistently as a result of a growing world population. This may
even increase the reliance to rainfed agriculture in near future. Moreover, the focus
on blue water resources underexposes the effects of climate variability on global food
production met by rainfed agriculture.

1.4

Research questions and thesis outline

This thesis builds upon previous modeling efforts and global water resources assessments, but contributes to improve previous assessments, answering a number of key
and unsolved questions. To this end, a state-of-the-art global hydrological model and
global water demand model have been developed to quantify the human and climate
impacts on surface freshwater and groundwater resources (Figure 1.1). To further
advance current model assessments, this thesis also explores the possibility of an integrated modeling framework coupling the two models and evaluate the performance
simulating human water use and associated impacts on terrestrial water fluxes.
As identified in the previous sections, the outstanding issues and shortcomings of
previous global water resources assessments can be grouped into three major themes:
(1) issues related to current surface water stress assessments, (2) issues related to
the lack of attention to groundwater resources, and (3) issues related to the need
for integrated modelling of global hydrology and human water use, and improved
indicators. These three themes make up the three parts of this thesis, each of which
gives rise to the following specific research questions:
Part 1. Human and climate impacts on surface freshwater resources
1.
2.
3.

What is the importance of considering water availability and water demand at the
seasonal scale when assessing the severity of water scarcity?
What are the human and climate impacts on global water scarcity and hydrological
drought?
To what extent can spatio-temporal variation in regional water scarcity be reproduced by a global hydrological and water resources model?

Part 2. Global assessment of groundwater resources
4.
5.
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Is global groundwater abstraction sustainable and to what extent are global groundwater resources stressed?
What are the past and future implications of global groundwater depletion?

Part 3. Integrated modeling and indicators of global water resources
6.

7.
8.

What improvement can be obtained by integrating water availability and water
demand modeling and how realistically does it reproduce human water use behavior
and associated impacts on terrestrial water fluxes?
How certain are global hydrological models and how do they compare to the uncertainty arising from climate projections generated by global climate models?
How can the stress and sustainability of global water resources be meaningfully
assessed in the light of human water needs and what are their future implications?

0.5° by 0.5°
(50 km by 50 km)

Climate

Crops
Vegetation

Part 1
Ch. 2-5

Surface water

Humans
Part 2
Ch. 6-10

Figure 1.1
thesis.

Part 3
Ch. 11-13

Groundwater

Schematization of the global water resources ssessments investigated in this

Each part of the thesis is subdivided into different chapters, answering in part one or
more of the research questions formulated above. All simulations are performed at a
0.5◦ by 0.5◦ global grid. Part 1 focuses on the human and climate impacts on surface freshwater resources. In Part 1, Chapter 2 first describes how surface freshwater
resources are simulated with a global hydrological model, while Chapter 3 explains
the calculation of monthly water demand for agricultural, industrial, and domestic
sector for the year 2000 as benchmark and investigates the severity of seasonal water
stress compared to that of annual water stress (Question 1). Chapter 4 extends
the simulation period of water stress by reconstructing past monthly water demands
based on the effects of population growth, economic and technological development,
and expanding irrigated areas over the period 1960-2001. The reconstructed water demand is then contrasted against the simulated surface freshwater resources to
quantify the transient effects in past development of water stress considering not only
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climatic variability but also growing water demand, which pinpoints regions where
water stress is intensified by climate variability (e.g., decreased water availability),
and/or growing water demand (Question 2). Chapter 5 applies the same methodology to quantify the impact of human water consumption on hydrological drought,
but further extends the simulation period to 2010 using the latest available climate
reanalysis data (Question 2). In chapters 3 and 4, we subsequently evaluate the
simulated results by comparing monthly time series of simulated water stress with
reported periods of major droughts at a national and subnational scale as a limited
validation exercise (Question 3).
In Part 2, the focus shifts to groundwater resources for which existing assessments
are few at the global scale. In Part 2, Chapter 6 starts with the simulation of global
groundwater recharge, the estimation of global groundwater abstraction, and the assessment of the associated uncertainty thereof. These results are eventually used to
quantify the amount of global groundwater depletion using the year 2000 as benchmark (Question 4). Chapter 7 expands the assessment of groundwater depletion
and calculates how much irrigation water is supplied from the dwindling groundwater
resources (groundwater abstraction in excess of groundwater recharge). Chapter 8 focuses on the past and future impact of the depleting groundwater resources on global
sea-level rise (Question 5). In Chapters 9 and 10, groundwater stress is assessed
using newly developed groundwater stress indicators at the scale of aquifers; as a
principal unit they are more suited to assess groundwater resources, integrating lateral groundwater flow that may naturally occur due to the difference in groundwater
heads caused by groundwater pumping (Question 4).
In Part 3, we explore an improved modeling framework that integrates a global
water balance model with a global water demand model. Compared to earlier work
presented in previous chapters, we dynamically simulate daily water withdrawal and
consumptive water use considering water allocation from surface water and groundwater resources, while explicitly taking into account feedbacks between supply and
demand. In this framework, irrigation water is supplied based on the daily surface and soil water balance, thus considering the mutual feedback between irrigation
water supply to the soil and groundwater system, and the associated evapotranspiration over irrigated areas. Chapter 11 explains the integrated modeling approach,
evaluates the performance by comparing simulated water use and terrestrial water
storage change to available national and subnational statistics, and GRACE satellite
observation respectively, and quantifies the impact of human perturbation (human
water use and reservoir regulation) on terrestrial water resources (Question 6). In
Chapter 12, our integrated model together with six other state-of-the-art global hydrological models are applied to simulate future irrigation water demand using the
latest CMIP5 (Coupled Model Intercomparison Project Phase 5) climate projections
under the framework of the Inter-Sectoral Impact Model Intercomparison Project
(ISI-MIP). The results are used to quantify the impact of projected global climate
change on irrigation water demand over currently irrigated areas by the end of this
century, and to assess the resulting uncertainties arising from both the global hydrological models and the climate projections (Question 7). Chapter 13 explores an
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improved approach to assess global water resources considering both the sustainability of blue water resources and the multi-year variability and stress of green water
resources and tries to answer the human-induced change in global water resources
and to provide the implications for the future of water supply and sustainable water
resources management (Question 8). Chapter 14 concludes with a summary of the
research questions and corresponding answers, and provides an outlook on prospective
research inspired by our findings.
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Part 1. Human and climate impacts on
surface freshwater resources
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2

Global monthly water stress: 1.
Water balance and water
availability

Based on: Van Beek, L. P. H., Wada, Y., Bierkens, M. F. P. (2011), Global
monthly water stress: 1. Water balance and water availability, Water Resources
Research 47, W07517, doi:10.1029/2010WR009791.
Abstract
Surface fresh water (i.e., blue water) is a vital and indispensable resource for human water
use in the agricultural, industrial, and domestic sectors. In this paper, global water availability is calculated by forcing the global hydrological model PCR-GLOBWB with daily
global meteorological fields for the period 1958-2001. To represent blue water availability, a
prognostic reservoir operation scheme was included in order to produce monthly time series
of global river discharge modulated by reservoir operations. To specify green water availability for irrigated areas, actual transpiration from the model was used. Thus, the computed
water availability reflects the climatic variability over 1958-2001 and is contrasted against
the monthly water demand using the year 2000 as a benchmark in the companion paper
(Chapter 3). As the water that is withdrawn to meet demand directly interferes with blue
water availability along the drainage network, this paper evaluates model performance for
three regimes reflecting different degrees of human interference: natural discharge, discharge
regulated by reservoirs, and modified discharge. In the case of modified discharge, the net
blue water demand for the year 2000 is subtracted directly from the regulated discharge,
taking water demand equal to consumptive water use. Results show that model simulations
of monthly river discharge compare well with observations from most of the large rivers.
Exceptions are basins subject to large extractions for irrigation purposes, where simulated
discharge exceeds the observations even when water demand is taken into account. Including the prognostic reservoir operation scheme results in mixed performance, with a
poorer approximation of peak flows but with a marginally better simulation of low flows
and persistence. A comparison of simulated actual evapotranspiration with that from the
ERA-40 reanalysis as a proxy for observed rates shows similar patterns over nonirrigated
areas but substantial deviations over major irrigated areas. As expected, assimilated actual
evapotranspiration over these areas includes water from alternative sources, whereas the
simulations with PCR-GLOBWB are limited by soil moisture, i.e., green water availability.
On the basis of this evidence we conclude that the simulation provides adequate fields of
water availability to assess water stress at the monthly scale, for which a separate validation
is provided in the companion paper (Chapter 3).
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2.1

Introduction

The existing imbalance of water availability and water demand causes water scarcity
to be one of the most pressing environmental issues in the world today. Water demand is defined here as the volume of water required by users to satisfy their needs.
Surface fresh water is the most readily available resource to meet the water demand
of agriculture (i.e., irrigation and livestock), industry, households and municipalities.
We take surface fresh water as indicative of blue water availability and thus depart
from its common definition (e.g., Falkenmark et al., 1997) that includes groundwater
resources as well. Rather, we choose to include groundwater as a particular resource
in order to identify regions that may experience dwindling availability in the future
(Wada et al., 2011b). Despite the fact that the world population currently uses only
10% of the maximum available blue water in the form of river discharge on the global
scale (Oki and Kanae, 2006), water stress occurs since water availability is highly
variable over space and time (Postel et al., 1996). Meigh et al. (1999) noted that
water scarcity often first becomes apparent as occasional deficits during periods of
high demand or below-average rainfall and may affect a narrow region only. As water availability and demand vary over time, water stress may be underestimated by
annual assessments as availability and demand may be out of phase. Therefore, the
objective of this study is to quantify at a monthly time scale the seasonal and interannual variations in blue water stress on the global scale when water demand is
confronted with climate-induced variability in water availability. This may highlight
problem regions that are not represented by existing assessments based on annual totals as well as define the temporal characteristics of water stress for problem regions
previously identified.
For our assessment of blue water availability, we make use of the macroscale hydrological model PCR-GLOBWB (Van Beek and Bierkens, 2009). The model was
run with a spatial resolution of 0.5◦ and forced with daily meteorological input obtained by downscaling the CRU TS 2.1 monthly data set (Mitchell and Jones, 2005)
with the ERA-40 reanalysis (Kållberg et al., 2005), giving a common period of 44
years between 1958 and 2001 inclusive. From this model we derived river discharge
with inclusion of a prospective reservoir operation scheme similar to that of Haddeland et al. (2006) to quantify blue water availability. The results of PCR-GLOBWB
are also used to include the effect of available soil moisture on irrigation blue water
demand, by taking the simulated actual evapotranspiration under nonirrigation conditions as green water availability (e.g., Rockström et al., 2007, see Section 2.2.2).
Monthly blue water availability is then contrasted against monthly water demand for
agricultural, industrial and domestic sector to compute water stress at a global scale.
Water demand is defined here as the volume of water required by users to satisfy their
needs and that is permanently lost from the available blue water resources (i.e., net
demand).
The methodologies and the results of this study are presented in two companion
papers (this chapter and Chapter 3). This first paper describes the global hydrological model PCR-GLOBWB and the prospective reservoir scheme used to estimate
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Figure 2.1 Model concept of PCR-GLOBWB (Van Beek and Bierkens, 2009). The lefthand side represents the vertical structure for the soil hydrology representing the canopy,
soil column (stores 1 and 2), and the groundwater reservoir (store 3). Precipitation (PREC)
falls as rain if air temperature (T) is above 0◦ C and as snow otherwise. Snow accumulates
on the surface, and melt is temperature controlled. Potential evapotranspiration (Epot ) is
broken down into canopy transpiration and bare soil evaporation, which are reduced to an
actual rate (Eact ) on the basis of the moisture content of the soil. Vertical transport in the
soil column arises from percolation or capillary rise (P). Drainage from the soil column to
the river network occurs via direct runoff, interflow or subsurface stormflow, and base flow
(QDR, QSf, and QBf, respectively). Drainage accumulates as discharge (QChannel) along
the drainage network and is subject to a direct gain or loss depending on the precipitation
and potential evaporation acting on the freshwater surface (Section 2.2.2).
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green and blue water availability at a monthly time scale. Blue water availability is
evaluated for three regimes reflecting different degrees of human interference: natural
discharge, regulated discharge, where discharge is altered by reservoir operations, and
modified discharge, the latter being regulated discharge decreased by the water demand for the benchmark year 2000 as presented in the companion paper (Chapter 3)
by Wada et al. (2011b). To gain confidence in the estimated green and blue water
availability, simulated river discharge of the larger rivers is compared to observations
(Global Runoff Data Centre (GRDC), 2008), and the calculated evapotranspiration
is compared to that of the ERA-40 reanalysis as proxy for observed rates (Kållberg
et al., 2005). The second paper focuses on the calculation of blue water demand and
ensuing water stress and its validation against reported water stress on the regional
scale, and evaluates the difference between the analyses of water stress made on a
monthly and annual time scale.

2.2

Methods

2.2.1 PCR-GLOBWB
Water availability was calculated by means of the macroscale hydrological model
PCR-GLOBWB (see Van Beek and Bierkens, 2009). A schematic representation of
the model is given in Figure 2.1. In essence, it is a “leaky bucket” type of model
that is applied on a cell-by-cell basis (0.5◦ × 0.5◦ grid globally). PCR-GLOBWB
calculates for every grid cell and for every time step the water storage in two vertically
stacked soil layers, with maximum depths of 0.3 and 1.2 m, respectively, and for an
underlying groundwater reservoir. Changes in storage arise because of the exchange
of water between these layers (percolation, capillary rise), depletion (interflow and
base flow), and the atmosphere (rainfall, snowmelt and evapotranspiration).
Climatic forcing is applied with a daily resolution and assumed to be constant over
the grid cell. Precipitation falls either as snow or rain depending on air temperature.
Snow accumulation and melt are temperature driven and modeled according to the
snow module of the HBV model (Bergström, 1995). Precipitation can be intercepted
by the canopy with limited storage capacity and any intercepted water is subject to
open water evaporation. Excess precipitation is added to the snowpack if the air
temperature is less than 0◦ C. Above 0◦ C precipitation and meltwater are stored as
liquid water in the available pore space in the snow cover, or passed on to the first soil
layer. Precipitation and air temperature were prescribed by the CRU TS 2.1 monthly
data set (Mitchell and Jones, 2005), which has the advantage that it is based on
observations, covers the global landmass with the exception of Antarctica, and has
been processed in a consistent manner at a grid resolution of 0.5◦ .
Using the Penman-Monteith equation according to FAO guidelines (Allen et al.,
1998), monthly reference potential evapotranspiration, ET0 , is calculated from the
secondary variables specified in the CRU TS 2.1 data set and imposed on the model.
Monthly values of precipitation, temperature and reference potential evapotranspiration are subsequently broken down to daily values using the ECMWF ERA-40
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reanalysis (Kållberg et al., 2005). This limits the climate series to the calendar years
of 1958 to 2001 for which ERA-40 data are available. Multiplicative anomalies are
applied to the daily ERA-40 precipitation, additive anomalies to the daily ERA-40
2m air temperature while monthly reference potential evapotranspiration is disaggregated on the basis of the normalized daily temperature (Van Beek, 2008). A similar
approach was followed for the spin-up of the model in which the CRU climatology
was used to represent average meteorological conditions and downscaled with daily
ERA-40 fields that equally represent the long-term mean. Simulation with this forcing was repeated until a dynamic steady state was achieved from which the initial
model states were retrieved.
Subgrid variability is taken into account by considering separately tall and short
vegetation, open water and different soil types. Direct runoff is generated by liquid
precipitation falling on fully saturated soil, which fraction is based on the improved
ARNO scheme of Hagemann and Gates (2003). This scheme is parameterized on the
subgrid distribution of rooting depths and the variation in elevation within each cell.
The total specific runoff in a cell consists of the direct runoff and lateral drainage
from the soil profile (interflow) and the groundwater reservoir (base flow). Interflow
is modeled by a simplified approach based on the work of Sloan and Moore (1984)
and Ormsbee and Khan (1989) in which the soil is idealized as a uniform, sloping
slab with an average soil depth and inclination. Base flow is modeled by a linear
reservoir for which the response time is parameterized on the basis of a global map of
lithology (Dürr et al., 2005) and drainage density derived from the Hydro1k data set
(Verdin and Greenlee, 1996) (Land Processes Distributed Active Archive Center, HYDRO1k Elevation Derivative Database1 ). River discharge is accumulated and routed
along the drainage network using kinematic wave routing with a time-explicit scheme
and variable time stepping and includes evaporative losses from lakes, reservoirs and
floodplains.
2.2.2 Green Water: Potential and Actual Transpiration
Soil moisture that is available to plants, including crops, or so-called green water is
replenished by infiltration and capillary rise. When calculating blue water irrigation
demand, green water availability needs to be taken into account. Blue water irrigation demand is based on the difference between potential transpiration and actual
transpiration under nonirrigated conditions. The crop- and plant-specific transpiration in PCR-GLOBWB is calculated according to the FAO guidelines (Allen et al.,
1998). In brief (see Van Beek, 2008; Wada et al., 2011b, for details), the crop- and
plant-specific potential evapotranspiration, ETc (m d−1 ), is calculated from
ET c = kc ET 0
1
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(2.1)

http://eros.usgs.gov/#/Find_Data/Products_and_Data_Available/gtopo30/hydro/

where ET0 is the reference potential evapotranspiration [m d−1 ], and kc is a crop factor [dimensionless]. Following FAO guidelines for monthly crop water requirements,
reference potential evapotranspiration is calculated with the Penman-Monteith equation (Monteith, 1965) for a hypothetical grass surface with a specified height of 0.12
m, an albedo of 0.23 and a surface resistance of 70 s m−1 (Allen et al., 1998). For the
meteorological data, the monthly data of cloud cover, vapor pressure, and average
air temperature from the CRU TS 2.1 data set are used. For wind speed, which is
absent in the time series, the monthly climatology over the years 1961-1990 from the
earlier CRU CLIM 1.0 data set are used (New et al., 1999). Monthly extraterrestrial
radiation is calculated separately on the basis of Julian day number and latitude in
order to estimate the net incoming short-wave radiation and outgoing long-wave radiation using the empirical relationships of (Doorenbos and Pruitt, 1977) and (Allen
et al., 1998).
The crop factor combines the effect of individual plants and stands on the potential crop transpiration and bare soil evaporation. Although originally developed
for real crops, the approach can be expanded to natural vegetation (Allen et al.,
1998). Conform to the land surface parameterization in PCR-GLOBWB, the crop
factors are specified on a monthly basis for the short and tall vegetation fractions, as
well as for the open water fraction within each cell. For the vegetated surfaces, the
GLCC version 2 at 30 arc seconds (Earth Resources Observation and Science Center,
U.S. Geological Survey, Global land cover characteristics data base version 2.02 ) land
cover types (Olson, 1994a,b) were divided into three categories: natural vegetation,
rain-fed crops and irrigated crops, each category being broken down into short and
tall vegetation. For all these crop types, leaf area index (LAI) values at dormancy
and at the peak of their growing season were obtained from Hagemann et al. (1999).
These values were linked to a climatology of relative LAI at 0.5◦ that was based on
the monthly CRU climatology of temperature, precipitation and potential evapotranspiration over 1961-1990, thus returning the length of the growing season on the basis
of temperature and moisture availability criteria (Van Beek, 2008). It was assumed
that vegetation will use the available growing season fully either through natural competition or human intervention (e.g., multiple cropping systems, foraging and green
fertilization, etc.). The returned LAI climatology for every GLCC land cover type
was converted into a monthly crop factor by using the following relationship (Allen
et al., 1998):
kc = kc,min + (kc,full − kc,min ) [1 − exp (−0.7LAI )]

(2.2)

where k c,min is the minimum crop factor for bare soil (0.20), k c,f ull is the estimated
crop factor under full cover conditions and LAI is the monthly LAI for the specific
land cover type [m2 m−2 ]. The crop factor under full cover conditions is a function
2

http://edc2.usgs.gov/glcc/glcc.php/
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of the vegetation height and ranges between 1 and 1.2 [dimensionless] and corrected
for meteorological conditions that differ from the reference conditions in relative humidity and wind speed (Allen et al., 1998). As the scaling of the reference potential
evapotranspiration to the crop-specific value is linear, the resulting monthly crop factors at 30 arc seconds were averaged to 0.5◦ effective values for the short and tall
vegetation fractions for the respective categories of natural vegetation and rain-fed
and irrigated crops.
The monthly potential evapotranspiration for the short and tall vegetation is
broken down into daily values on the basis of daily ERA-40 2m air temperature,
normalized by the monthly averaged value. Since ET c describes the potential evapotranspiration, it is converted into potential bare soil evaporation, ES 0 , and potential
transpiration, T c [both in m d−1 ] by
ES 0 = kc,min E T0

(2.3)

Tc = ET c − ES 0 = kc ET 0 − kc,min ET 0 = (kc − kc,min ) ET 0

(2.4)

Before the potential bare soil evaporation and transpiration are passed to the
soil, they may evaporate any free liquid water that is stored in the snow cover or
on the canopy, respectively. Evaporation and transpiration losses from the soil will
be reduced as the matric potential resists extraction from unsaturated soil. Bare soil
evaporation is drawn from the topsoil only and no reduction is applicable, except that
the potential evaporation rate cannot exceed the saturated hydraulic conductivity of
the topsoil for the saturated fraction, x, within each cell as obtained by the Improved
ARNO Scheme of Hagemann and Gates (2003). Likewise, for the unsaturated fraction, the rate is restricted by the unsaturated hydraulic conductivity, k (θE,s1 ) [m d−1 ],
of the upper soil layer:
ES = x min (ks , ES 0 ) + (1 − x ) min (k (θE,s1 ) , ES 0 )

(2.5)

where θE,s1 is the effective degree of saturation in layer 1 (m m−1 ).
The lack of aeration prevents the uptake of water by roots under fully saturated
conditions and transpiration only takes place over the unsaturated fraction 1-x of the
cell. Over this area, actual transpiration depends on the total available soil moisture
in the soil layers. Potential transpiration is thus reduced to actual transpiration, T a
[m d−1 ]:
Ta = (1 − x ) fT Tc
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(2.6)

with f T , the actual to potential transpiration rate given by
fT =

1
1 + (θE /θE50 )−3β

(2.7)

where θE50 is the average degree of saturation at which the potential transpiration
is halved, taken to be equivalent to a degree of saturation associated with a matric
suction of 33.3 kPa, and β is the coefficient of the Clapp and Hornberger (1978) soil
water retention curve.
The parameters of equation 2.7 are calculated from the properties of the two soil
layers, weighed by their soil water storage capacity and root fractions. Expanding on
the Improved Arno Scheme, the average degree of saturation, θE , over the unsaturated
fraction of the cell is (Van Beek, 2008):


1

 b+1
Wmax −W
b+1
Wmax + b (Wmax − Wmin ) 1 − b Wmax −Wmin


θE =
1
 b+1

Wmax −W
Wmax + b (Wmax − Wmin ) 1 − Wmax −Wmin

(2.8)

where W, W max , and W min are the cell-averaged total soil moisture storage and
maximum and minimum storage capacities, respectively (all in m), and b is the shape
factor [dimensionless] describing the distribution of the local soil moisture storage
capacity, w.
Transpiration can be drawn from both soil layers, with the actual transpiration
rate being partitioned by
ri θE,i
Tai = Ta P
ri θE,i

(2.9)

where r is the root fraction [dimensionless] and θE,i is the effective degree of saturation
for layer i.
The simulated actual transpiration specifies the amount of water that vegetation
can withdraw from the soil for assimilation under natural conditions. Over irrigated
areas, it covers that part of the transpiration that is supplied by green water and is
used as such to obtain the blue water irrigation demand as outlined in the companion
paper (Chapter 3; Wada et al., 2011b).
2.2.3 River Discharge and Blue Water Availability
Blue water availability is taken equal to the renewable surface freshwater volume, i.e.,
river discharge. In PCR-GLOBWB, river discharge is the result of the local specific
runoff over the land surface and the direct gains or losses due to precipitation and
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evaporation over the open water surface. The specific discharge of each cell is routed
over a drainage network that defines flow in eight cardinal directions (NW, N, NE,
E, SE, S, SW, and W). This drainage network either terminates at the ocean or at
an inland sink in the case of land-locked basins. Essential to the routing scheme is
that the drainage network is subdivided into river stretches and lake areas, including
reservoirs that can be treated separately. Open water evaporation occurs at the
potential rate, with different monthly crop factors being applied to deep water (lakes
and reservoirs) and shallow water (river stretches) as suggested by Allen et al. (1998).
For the river stretches, which include both channels and associated floodplains,
discharge is calculated by the kinematic wave approximation of the Saint-Venant
equation (Chow et al., 1988). This entails that at the end of each time step, a new
stage for the simulated discharge is calculated under an assumption of a rectangular
channel and passed on to the next time step to estimate the wetted perimeter of the
flow and the corresponding roughness from the Manning equation (Dingman, 1994).
In this procedure, floodplains and channels proper are blended into a single, larger
channel with a constant width and Mannings roughness coefficient.
Lake areas, including reservoirs, are treated as contiguous water surfaces of fixed
extent with a variable water height that changes instantaneously with the net inflow
over that area. The net inflow is the balance of inflow and outflow if the lake interrupts
the drainage network. The inflow includes the incoming river discharge. For lakes the
outflow is calculated in analogy to the weir formula as the discharge over a rectangular
cross section (Bos, 1989):
p
3
3
QOut = C · 2/3 2/3g b (h − h0 ) /2 ∆t ≈ 1.70 C · b (h − h0 ) /2 ∆t

(2.10)

where b is the breadth of the outlet (m), g is the gravitational acceleration [m s−2 ]
and h and h 0 are the actual lake level and the sill of the outlet (m), respectively. C
is a factor [m4/3 s−1 ] that corrects among others for the effects of back and tail waters, viscosity, turbulence and deviations from the assumed uniform flow distribution,
which was kept at unity in this study.
The discharge at the outlet of lakes and reservoirs (see below) is added within the
time step to the lateral inflow in the kinematic wave approximation of the downstream
river stretches. The resulting daily discharge along the drainage network was then
averaged to mean monthly values to obtain the blue water availability.
The routing scheme in PCR-GLOBWB is parameterized from different sources.
Channel dimensions were obtained from allometric relationships between channel
width and depth and bankfull discharge, which were extrapolated over the globe
using a statistical relationship derived from 296 stations taken from the RivDis data
set (Vörösmarty et al., 1998). Floodplain extent was defined as the minimum of the
area as specified by the GLWD3 data set (Lehner and Döll, 2004) and the area flooded
by water levels 1 m above the stage at bankfull discharge for the DEM of the Hydro1k
data set (Verdin and Greenlee, 1996). A selection of substantial lakes (≥500 km2 ),
and reservoirs (see below), was taken from the GLWD1 data set (Lehner and Döll,
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Table 2.1

Objective Functions Used by the Reservoir Modela

Objective functionb

Purpose
Water supplyc
Flood control

min
min

12
P

(Qd,m − Qr,m ),

m=1
12
P

(Qr,m − Qf lood )2 ,

Qd >Qr
Qr >Qf lood

m=1

Hydropower
Navigation

12
P

min

m=1
12
P

min

1
Pm ·Qr,m ·ρ·g·hm


Qr,m − Q̄

m=1
a

After Haddeland et al. (2006) and Adam et al. (2007).
Qd : forecasted water demand, Qr : reservoir release, Qf lood : bankfull discharge,
Q̄: mean annual discharge, P : variations in the price of hydropower, ρ: density
of water, η: efficiency of power generating system, hm : hydrostatic pressure head
(water height in reservoir with respect to downstream level) and g: acceleration due
to gravity.
c
Water supply covers net irrigation water demand (blue water) and gross industrial
and domestic water demand.

b

2004), corresponding to 85% of the surface areas of the lakes specified. This selection was replenished with smaller lakes, taken from the GLWD3 data set, to provide
evaporative surfaces at the sinks of land-locked basins.
2.2.4 Inclusion of Reservoirs
Most of the worlds major rivers are regulated by artificial reservoirs (Vörösmarty
et al., 2004; Nilsson et al., 2005) with the purpose to retain above-average discharge
such as spring floodwaters stemming from snowmelt for later use (Jackson et al.,
2001) or controlled release. Since the total storage capacity of reservoirs (7000 km3
globally) comprises three times the annual average water storage in river channels
(1200-2120 km3 ) and one sixth of the global annual river discharge (40,000 km3 yr−1
(Baumgartner and Reichel, 1975)), the effect of reservoir operations on river discharge
is not negligible. To account for this effect, different schemes simulating the effect
of reservoir operations exist (e.g., Dynesius and Nilsson, 1994; Vörösmarty et al.,
1997; Meigh et al., 1999; Coe, 2000; Nilsson et al., 2005; Haddeland et al., 2006;
Hanasaki et al., 2006). To evaluate the regulating effects of reservoir operations on
blue water availability we included a reservoir operation scheme that is similar in
nature to that of Haddeland et al. (2006). The main difference is that our scheme
is prospective in contrast to the existing schemes of Haddeland et al. (2006) and
Hanasaki et al. (2006) that involve a retrospective regulation on the basis of the
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simulated discharge and demand. Whereas such retrospective regulation will ensure
optimum reservoir performance given its purpose and the given values of inflow and
demand, a prospective scheme has to work with uncertain forecasts of future inputs
and demands, a reality that confronts reservoir operators on a daily basis. This
prospective reservoir operation scheme is directly implemented in the routing model
and does not require a priori knowledge of future discharge. As such, both gradual
changes in the long-term expectancies of demand and inflow as well as short-term
variations thereof can be evaluated continuously over the full extent of a basin and
used to update reservoir operations efficiently.
The overall modeling strategy of the prospective reservoir operation scheme of
PCR-GLOBWB is to determine the target storage over a defined period ensuring
its proper functioning given the forecasts of inflow and downstream demand. Target
storage rather than outflow is used as operations have to be updated when actual
inflow and demand start to differ from their forecasted values. Updates are carried
through at the daily time step on which the routing scheme is run rather than at
the monthly scale for which the forecasts in the form of past average values are
available. The approach applies to single reservoirs although downstream reservoirs
are influenced by the operations at upstream dams. Similar to the work by Haddeland
et al. (2006), four reservoir types are distinguished, being water supply, including
irrigation, flood control, hydropower generation and navigation (Table 2.1).
Fundamental to the prospective reservoir operation scheme is the concept of the
operational year, which starts with the month that the inflow falls below the mean
annual value (Hanasaki et al., 2006) and comprises a release period, during which
more water is released than what is coming in, and a recharge period, when the
situation is reversed. The inflow comprises all incoming discharge, local gains or
losses over the reservoir surface and any local freshwater abstractions (currently set
to zero). For each month of the coming operational year the expected inflow, Q̂ m,y+1 ,
has to be estimated:
Q̂m,y+1 = wQ̄m,y−1 + (1 − w) Qm,y

(2.11)

where Q m,y is the inflow into the reservoir (m3 s−1 ) of the same month of the previous
year, Qm,y−1 the average inflow of the particular month averaged over N – 1 retrospective years, w = 1 – 1/N, is a weight [0 – 1] determining the size of the averaging
window, and the indices m and y denote the months (1 to 12) and the elapsed model
years, respectively. Currently, the window length of the running average, N, is set to
5 years. In a similar manner, forecasts of downstream water demand are obtained
for each reservoir (see Wada et al., 2011b) and allocated to the reservoir outlet (see
below).
Reservoir operations are optimized on the basis of reservoir release using criteria similar to those of Haddeland et al. (2006) (Table 2.1). Given current reservoir
storage and the forecasted inflow and demand, the objective is to find the monthly
releases and corresponding reservoir storages that would ensure optimum functioning
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of the reservoir for a predefined period. For expediency, optimization is invoked twice
a year, at the start of the release period and at the start of the recharge period while
the long-term expected values of inflow and demand are updated at the end of every
month. This means that the timing and the volume of the monthly releases may vary
according to changes in the inflow and demand. For every reservoir, optimization involves the evaluation of the criteria of Table 2.1 and the update of 12 parameters, i.e.,
the releases for the coming 12 months. In order to reduce the size of the optimization
problem, the monthly release is assumed to follow the following harmonic function:
Qr,m

Qr,max Qr,max
−
cos
=
2
2



2π(m − mb )
(me − mb )


(2.12)

where m b and m e are the beginning and the end of the release and recharge period,
respectively, and Q r,max is the maximum release during each period. Thus, twice
a year only two parameters need to be optimized, being Q r,max for the release and
recharge period, instead of 12. For the optimization a composite objective function is
used. In case a reservoir has multiple purposes, the criteria are weighed proportionally
by their rank order from International Commission on Large Dams (International
Commission on Large Dams (ICOLD), 2003) with overall precedence being given to
water supply. Flood damages are expected if the release exceeds the level of bankfull
discharge, Q f lood , being 2.3 times the mean annual discharge (Haddeland et al., 2006).
For hydropower generation, we include the option to weigh the objective function by
price as proposed by Adam et al. (2007), but kept this constant in absence of reliable
information. The dependence between reservoir storage, V [m3 ], reservoir level, h
[m], and surface area, A [m2 ], is given by the theoretical relationship of Liebe et al.
(2005) in which the reservoir volume is represented by a diagonally cut pyramid with
a square base, of which the square angle is located at the base of the dam:
V = 1/3Ad

(2.13)

where d is the reservoir depth or dam height (m), being half the diagonal of the
square base, and A = l 2 /2, where l (m) is the characteristic length. On the basis of a
linear dependence between reservoir depth and characteristic length, d = l /f, where f
is a dimensionless constant Liebe et al. (2005), the following relation between actual
reservoir storage and reservoir level can be defined:
s
h=

3

6V
f2

(2.14)

Through equation 2.13 reservoir storage influences surface area and the associated
direct gains and losses by precipitation and evaporation, through equation (2.14)
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it determines the reservoir level. The mean monthly reservoir level, used in the
objective function for hydropower generation (see Table 2.1), is given by the harmonic
mean of the values at the start and end of the current month. In addition to the
criteria of Table 2.1, there is the practical constraint that the reservoir capacity may
never be exceeded and sufficient capacity must be reserved to accommodate excessive
discharge. Also, sufficient storage should be kept in reserve to safeguard a certain
minimum release. To define these levels, the 7 day maximum Q max and minimum
Q min discharges were used. The reservoir should hold sufficient water to sustain
the release for a month at the rate Q min and sufficient buffering capacity should be
available to store large discharge events that were taken equal to seven times Q max . A
7 day running window is used during the simulation to retrieve the mean discharge and
the extremes Q min and Q max updated whenever their current value is exceeded. These
updated values are then used when reservoir operations are optimized. Similarly, the
mean annual discharge, Q avg , is updated on the basis of the running monthly means of
equation (2.11). Initial values for Q min , Q max and Q avg were obtained from the daily
discharge climatology of the spin-up run. During optimization, the overall objective
function of the minimization problem is penalized by adding the number of times that
any of the above constraints on minimum discharge or flood levels is violated.
Given the prescribed monthly release Q rm of equation 2.12, the target reservoir
storage, S m+1 (m3 ) becomes
Sm+1

n

o
= Sm + n Q̂m − Qr,m ∆t + q̂w,m Am

(2.15)

where n is the number of days in the given month, Q̂ m is the expected monthly inflow
(2.11), q̂w is the forecasted net gain or loss [m d−1 ] over the reservoir surface area A,
which is the average for the values at timesm and m + 1.
These monthly target storages are subsequently used to calculate the daily reservoir release. As daily values of inflow become available, actual storage may start to
deviate from the originally target storages. However, given the imperfect knowledge
for the remainder of the operational year, reservoir operation can still be expected to
be optimal during the upcoming months if the final target storage is met. Thus, the
daily water releases from a reservoir are modified in an attempt to meet the specified
target storage as follows:
Q0r,m,i



Sm,i−1 − Sm+1
+ Q̂m,i
= max 0,
(n − i) ∆t


(2.16)

where Q0 rm,i is the updated daily release on the basis of the expected average daily
inflow Q̂ m,i over the remainder of the current month, S m,i−1 is the actual storage at
the end of the previous day, n is the total number of days for the current month and
i is the number of days already passed and ∆t is the length of a day in seconds.
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Figure 2.2 Location of selected Global Runoff Data Centre (GRDC) stations and reservoirs included in the model. Reservoirs are
shown by a solid dark blue color, and GRDC stations are shown as circles with the associated GRDC station number and river name
(see also Table 2.2).
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Both the expected average daily inflow Q̂ m,i , as well as the expected average daily
demand, are updated on the basis of the actual mean value over the elapsed days i
and the long-term average for the remainder of the month.
If applicable, the computed daily release Q0 rm,i of equation 2.16 is further modified as follows: (1) a reduction in case reservoir storage is below a minimum (10%
of reservoir capacity) or in case actual demand to date is below the original monthly
forecast; (2) a subsequent increase if actual demand to date is above the original
monthly forecast, in the hope to recuperate the additional release at a later time.
Obviously, the updated daily reservoir release may not exceed Q f lood to ensure downstream safety and the minimum flow Q min should be met as long as possible. Thus,
the daily release from a reservoir responds to short-term variations in the downstream
demand and actual inflow, including the release from upstream reservoirs.
Release from a reservoir can only meet the demand in cells that are situated downstream from the reservoir, have an elevation that is less than that of the dam position
and that could be reached within 7 days with an average discharge velocity of 1 m s−1
(equivalent with 600 km). As an additional constraint, we limited the supply to cells
that were located in the same country as the dam. Cells that receive water from multiple reservoirs have their demand weighed by reservoir capacity irrespective whether
these reservoirs are located on the same river course or on different tributaries.
Particularly the expansion of irrigated areas has instigated the creation of many
new reservoirs (Avakyan and Ovchinnikova, 1971; Haddeland et al., 2006; Biemans
et al., 2011). In this assessment the purpose and presence of each dam were kept
constant, being representative for the year 2000. Thus, some of the dams are hypothetically present if they are built after 1958 in the subsequent validation of simulated
against observed discharge. In total we considered 513 reservoirs (Figure 2.2) of the
654 reservoirs contained by the GLWD1 data set of Lehner and Döll (2004), which
incorporates and adds to the information from the WWDRII and WRD data sets
(Vörösmarty et al., 1997; International Commission on Large Dams (ICOLD), 2003)
for the worlds largest reservoirs (storage capacity ≥0.5 km3 ). Of the 513 included
reservoirs, 105 (20%) have no year of dam completion listed whereas 247 (48%) are
listed as constructed prior to 1970 (GLWD1; Lehner and Döll, 2004). The GLWD1
data set was preferred as it lists the upstream area for most reservoirs, thus allowing
for an accurate positioning of the reservoir on the drainage network. The reservoirs
that could not be placed had an upstream area that was smaller than the size of the
corresponding cell or fell in a cell that already contained a larger reservoir, in which
case they were merged into a single, larger reservoir. The selected reservoirs represent
94% of the area of 255109 km2 and 95% of the capacity of 4615 km3 contained by the
GLWD data set of Lehner and Döll (2004). This corresponds with 65% of the global
total of 7000 km3 mentioned by Baumgartner and Reichel (1975). The missing reservoirs cannot be truthfully represented given their limited size and catchment area
and the required information on their purpose and characteristics is lacking. Thus,
their influence on the routing of runoff has been ignored and the findings of this study
should be interpreted as a representation of the influence of a limited, if substantial,
number of reservoirs on the streamflow.
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Table 2.2

Selected GRDC Stationsa

ID

Name

River

3629000
3206720
3265300
1147010
1362100
1663100
1673600
1234150
1159100
1291100
5304140
2969100
2651100
2646200
2335950
2181900
2180700
4127800
4115200
4208150
2903420
6977100
3980800
6742900
6335020
6340150

Obidos
Puente Angostura
Corrientes
Kinshasa
El Ekhsase
Khartoum
Malakal
Niamey
Vioolsdrif
Katima Mulilo
Wakool Junction
Mukdahan
Bahadurabad
Hardinge Bridge
Kotri
Datong
Sanmenxia
Vicksburg
The Dalles
Norman Wells
Kyusyur
Volgograd Power Plant
Dniepr Power Plant
Ceatal Izmail
Rees
Wittenberge

Amazon
Orinoco
Parana
Congo
Nile
Blue Nile
White Nile
Niger
Orange
Zambezi
Murray
Mekong
Brahmaputra
Ganges
Indus
Yangtze
Huang He
Mississippi
Columbia
Mackenzie
Lena
Volga
Dniepr
Danube
Rhine
Elbe

Latitude Longitude Elevation
-1.9
8.2
-28.0
-4.3
29.7
15.6
9.6
13.6
-28.8
-17.5
-34.8
16.5
25.2
24.1
25.4
30.8
34.8
32.3
45.6
65.3
70.7
48.8
47.9
45.2
51.8
53.0

-55.5
-63.6
-58.9
15.3
31.3
32.6
31.6
2.0
17.6
24.3
143.3
104.7
89.7
89.0
68.3
117.6
111.2
-90.9
-121.2
-126.8
127.7
44.6
35.2
28.7
6.4
11.8

37
42
20
363
389
175
940
124
19
14
13
19
280
14
50
44
1
8
17

Qavg

Area

176418
31206
16595
48903
1251
1513
939
887
286
1169
188
7968
21112
11157
2904
28521
1260
17150
5371
9476
16704
8141
1492
6415
2253
679

4640300
836000
2102402
3475000
2900000
311870
1084140
850479
850530
334000
246015
391000
636130
846300
975000
1705383
688421
2964255
613827
1570000
2430000
1360000
463000
807000
159300
123532
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Latitude and longitude are given in decimal degrees, elevation is in m, average discharge is in m3 s−1 , and area is in km2
(Global Runoff Data Centre (GRDC), 2008).
a

In order to evaluate the effect of the reservoir operation scheme on the simulated
discharge, we evaluated the scheme without any reservoirs present (regulated versus
natural streamflow) and, as a postprocessing step, with and without abstraction of
the net blue water demand (regulated versus modified streamflow). According to
the GLWD1 five lakes are regulated (Lake Victoria, Lake Baikal, Lake Ontario, Lake
Reindeer and Lake Nipigon). However, in both situations these lakes are treated as
lakes rather than as reservoirs and their outflow being based on equation 2.10.

2.3

Results

2.3.1
1

Comparison of River Discharge

Data

To acquire confidence in the estimated blue water availability, we compared the river
discharge simulated with PCR-GLOBWB with observed values at yearly and monthly
time scales using data from the GRDC. Two sets of stations were selected from the
GRDC repository, that containing the long-term monthly discharges and annual characteristics (Global Runoff Data Centre (GRDC), 2008) and a subset of 26 stations
representing the larger basins, which cover a variety of climate zones, latitudes and
continents. The data set of longterm stations contains basic statistics, mean, minimum, and maximum discharge, for 3613 GRDC stations with drainage areas larger
than 2500 km2 . For the stations of these data set, the observation period may differ
from the simulation period and the provided statistics are derived ones only (monthly
climatology, annual time series and summary statistics). Moreover, because of the
coarse spatial resolution of the model (0.5◦ ), the upstream drainage area of stations,
particularly the smaller ones, cannot be represented accurately in all cases. Notwithstanding, this data set provides a good starting point to evaluate the skill of the model
to simulate discharge variations within and between years for varying catchment sizes
and regions. Selected were those stations with sufficient data (more than 10 years of
monthly data), that could be placed on the drainage network of the model with less
than 10% error in their drainage area and that did not coincide with lake or reservoir cells other than the outlet, as the reported values here may differ substantially
from those of the tributary streams. Of the selected stations, three stations were
excluded as the observed values were suspect (being the stations 2998501, 6971450,
and 3620100; e.g., the latter, the Rio Ica has a reported mean annual discharge of
46053.2 m3 s−1 and a drainage area of 108362 km2 , whereas the Congo at Brazzaville
has a mean annual discharge of 41116.6 m3 s−1 and a drainage area of 3614925 km2 ).
This leaves a total of 2219 stations of which 146 represent the outlet of a lake or
reservoir. These stations represent 62% of the 3613 available stations, 84% of the
total reported drainage area, and 77% of the reported total discharge. The long-term
inventory includes 23 out of the 26 selected stations (Figure 2.2 and Table 2.2); those
on the Amazon and the Columbia were excluded from the long-term analysis as they
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were located on lake cells other than the actual outlet.
2

Data Analysis

Three different regimes were simulated, being natural discharge, regulated discharge
and modified discharge, and differences in simulated mean annual discharge explored
in Figure 2.3. As a first comparison, the observed discharges were regressed on the
simulated values. To standardize for the effect of drainage area and cancel out any
deviations therein, also the catchment-averaged runoff was calculated and regressed
(Figure 2.4). To investigate possible causes for the differences in performance over the
large sample of long-term statistics for the GRDC data set, we categorized all catchments by size and observed runoff and evaluated performance in terms of the relative
deviation in catchment-averaged runoff, expressed in terms of order of magnitude, the
correlation coefficient for the climatology of monthly discharges, and that for the time
series of annual discharges (Figures 2.5, 2.6, and 2.7, respectively). The deviations
show how well the total runoff is approximated, whereas the latter two indicate how
well the temporal variation in streamflow is approximated over the season and over
a period of multiple years. Correlation was preferred over the Nash-Sutcliffe model
efficiency in case of the long-term statistics as the latter is severely influenced by any
deviation in mean discharge and by the limited number of observations that might be
available. In total, a subset of 1938 stations had all information available to calculate
these statistics. Similarly, temporal performance was investigated for the 26 selected
stations through the slope, α, and the coefficient of determination, R 2 (Tables 2.3
and 2.4). The observed and simulated regime curves for these basins and selected
hydrographs are shown in Figures 2.8 and 2.9. For these selected 26 stations, the
simulated natural discharge and the modified discharge are shown as the difference
between these regimes is the largest (e.g., Figure 2.4).
3

Long-Term Statistics of Discharge and Runoff

Regulation by reservoirs has little effect on the long-term mean annual discharge (Figure 2.3). Downstream decreases arise from the increased evaporation over the variable
reservoir areas (e.g., Volga, Nile) while some water may be gained from an increase
in net precipitation (e.g., Churchill, Fraser). Locally, the introduction of reservoirs
leads to a reclassification of cells from rivers to reservoirs and changes in the drainage
network as streams are diverted to a single outlet (e.g., for the upper Missouri River).
Since the reservoir release is assigned to the entire reservoir whereas downstream cells
are starved from inflow, this introduces some relatively large deviations from the conditions of natural discharge. However, total streamflow volumes are hardly affected.
In contrast, considering water demand by means of the modified discharge leads to a
decrease which is prominent for the rivers crossing major irrigated areas of the world,
including the upper course of the Mississippi, Amur Darya, Indus, Huang He, and
Murray-Darling.
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Table 2.3

a

Model Performance on a Monthly Basis for the Selection of Large River Basinsa

River

N

Amazon
Orinoco
Parana
Congo
Nile
Blue Nile
White Nile
Niger
Orange
Zambezi
Murray
Mekong
Brahmaputra
Ganges
Indus
Yangtze
Huang He
Mississippi
Columbia
Mackenzie
Lena
Volga
Dniepr
Danube
Rhine
Elbe

334
384
406
312
144
300
456
405
242
447
525
432
154
190
126
372
372
501
501
415
528
492
324
516
528
525

R2

α

0.71
0.15
0.56
0.20
0.23
0.26
1.35
1.46
1.07
0.78
1.32
0.74
1.24
1.38
1.63
1.22
1.19
0.77
0.90
1.03
0.70

1.22
0.98
(0.65)
0.80
(0.12)
(0.53)
(0.21)
0.20
(0.20)
0.47
(0.20)
(1.32)
(1.45)
(0.97)
(0.66)
(1.31)
(0.61)
(1.10)
(1.27)
(1.65)
(1.21)
(0.96)
(0.70)
(0.85)
(0.98)
(0.66)

0.93
0.85
0.75
0.90
0.53
0.57
0.92
0.96
0.94
0.54
0.97
0.64
0.94
0.85
0.88
0.75
0.70
0.76
0.97
0.96
0.84

0.95
0.92
(0.89)
0.95
(0.82)
0.80)
(0.92)
0.54
(0.54)
0.75
(0.60)
(0.92)
(0.96)
(0.94)
(0.62)
(0.98)
(0.91)
(0.93)
(0.94)
(0.88)
(0.77)
(0.82)
(0.90)
(0.97)
(0.96)
(0.84)

Slope, α [dimensionless], and coefficient of determination, R 2 [dimensionless],
are calculated from the regression of the observed on the simulated monthly discharge with the intercept forced through the origin. N represents the number
of months with observed discharge during the simulation period (1958-2001).
Where modified discharge, because of the presence of reservoirs or water demand, does not have perceptible influence on the outcome, the given value
is based on the natural discharge; where two values are given, the first value
pertains to the modified discharge, while the one given in parentheses pertains
to the natural discharge.
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Because of the large number of catchments without reservoirs and variations in
water demand, the regression analysis shows little variation in performance when either natural discharge, regulated discharge or modified discharge are considered and
thus only the results for the natural discharge are presented in the subsequent analyses. The statistics calculated from observations over the actual simulation period
are slightly better than those calculated over all available observations (Table 2.5).
In all instances, the coefficient of determination (R 2 ) is high but the coefficient of
determination decreases when the mean minimum and maximum monthly discharge
or the mean runoff are considered instead of the mean discharge. In terms of slope,
there is little variation between the mean discharge and the runoff and values are
just below unity (Figure 2.4). This suggests that on average the runoff depth and
the accumulated discharge can be reasonably approximated by the model although
they are on average overestimated. For the extreme discharges, the effect of overestimation is clearer in case of the minimum monthly discharge while less variability
can be explained in case of the maximum monthly value. Looking at the average
discharge, the spread around the 1:1 line decreases when the basin area increases
and more runoff is accumulated (Figure 2.4a). Still, the tendency of the model to
overestimate the discharge can also be recognized in Figure 2.4b, but the data points
center more on the 1:1 line, especially for the larger basins and when the modified
discharge is considered. When expressed as runoff, the slope lies closer to unity but
the spread remains large (Table 2.5 and Figure 2.4). When evaluating the deviations
in catchment-averaged runoff globally, zones of limited performance can be found
(Figure 2.5). The apparent zones of limited performance for the larger catchments
(>100,000 km2 ) are also present when the smaller catchments are considered, albeit
with some added noise and intensity. The first two categories with absolute deviations
of 0.05 and 0.1 orders of magnitude represent in total 15.8 and 24.4% of the gauged
catchment area of the long-term GRDC data set globally. These values correspond
closely with the frequencies for the largest catchments (≥250 000 km2 ) which means
that performance is largely defined by a number of large catchments of good to adequate performance (based on totaled area over all subcategories). The category 0.1
≤ |R|<0.5 represents 47.6% of the gauged area, bringing the total of catchments for
which the simulated and observed runoff deviate by less than half an order of magnitude to 88%. For the larger basins, the performance of the model in terms of runoff
depth is good in case of the Congo, Orinoco, Volga and Rhine (less than 0.1 order
of magnitude deviation; Figure 2.5). Also, deviations at the mouth of large basins
are generally small even where those at upstream stations are relatively large (e.g.,
Danube, Mississippi, Mekong and the Yenisei River). However, model performance
decreases with decreasing catchment size and is the lowest for the drier catchments
with less than 50 mm throughout (Figure 2.5). Equally, runoff is generally underestimated in the arctic and subarctic regions, in particular for those of North America,
large rivers like the Yukon and Mackenzie inclusive.
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Table 2.4

a

Model Performance on an Annual Basis for the Selection of Large River Basinsa

River

N

Amazon
Orinoco
Parana
Congo
Nile
Blue Nile
White Nile
Niger
Orange
Zambezi
Murray
Mekong
Brahmaputra
Ganges
Indus
Yangtze
Huang He
Mississippi
Columbia
Mackenzie
Lena
Volga
Dniepr
Danube
Rhine
Elbe

26
32
33
26
12
25
38
33
9
37
43
36
11
13
8
31
31
41
41
28
44
41
27
43
44
43

R2

α

0.74
0.16
0.43
0.21
0.27
0.28
1.33
1.54
1.07
0.70
1.28
0.86
1.23
1.42
1.45
1.00
1.30
0.87
0.91
1.04
0.75

1.26
0.99
(0.73)
0.82
(0.14)
(0.42)
(0.22)
0.30
(0.22)
0.60
(0.20)
(1.31)
(1.52)
(0.92)
(0.56)
(1.28)
(0.62
(1.11)
(1.32)
(1.47)
(0.99)
(1.06)
(0.72)
(0.85)
(0.98)
(0.69)

0.90
0.98
0.97
0.98
0.82
0.83
0.99
0.99
0.99
0.96
1.00
0.98
1.00
0.99
0.99
1.00
0.97
0.97
1.00
1.00
0.98

0.99
0.99
(0.98)
1.00
(0.98)
(0.97)
(0.98)
0.97
(0.78)
0.95
(0.80)
(0.99)
(0.99)
(0.99)
(0.97)
(1.00)
(0.98)
(1.00)
(0.99)
(1.00)
(1.00)
(0.99)
(0.98)
(1.00)
(1.00)
(0.98)

Slope, α [dimensionless], and coefficient of determination, R 2 [dimensionless],
are calculated from the regression of the observed on the simulated monthly discharge with the intercept forced through the origin. N represents the number
of months with observed discharge during the simulation period (1958-2001).
Where modified discharge, because of the presence of reservoirs or water demand, does not have perceptible influence on the outcome, the given value
is based on the natural discharge; where two values are given, the first value
pertains to the modified discharge, while the one given in parentheses pertains
to the natural discharge.
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Figure 2.3 (a) Simulated mean annual natural discharge [m3 s−1 ] over the period 19582001 and relative change (Q - Qnatural )/Qnatural [dimensionless] in the case of discharge (b)
regulated by reservoirs and (c) further modified by water demand. Negative changes denote
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a decrease in discharge; positive ones indicate an increase.
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Figure 2.4 Observations versus simulations of discharge and runoff for the selected GRDC
stations: natural discharge (a) for the 2219 stations of the long-term GRDC data set (Global
Runoff Data Centre (GRDC), 2008) and (b) for the 26 selected large river basins and (c)
the same as Figure 2.4a, but depicting mean annual runoff. The solid line represents the
1:1 slope, and the dashed lines indicate bound values differing by less than one order of
magnitude.
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Figure 2.5 Deviations, D [dimensionless], in catchment-averaged runoff depth. Deviations
are expressed in terms of order of magnitude [dimensionless] for 1938 long-term GRDC
stations: (a) small catchments (<100,000 km2 ), (b) large catchments (≥100,000 km2 ), and
(c) global summary where values stack to 100% per class of catchment area. The background
color in Figures 2.5a and 2.5b is the simulated runoff.
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Figure 2.6 Correlation coefficient, ρ [dimensionless], for the climatology of monthly discharge for 1938 long-term GRDC stations: (a) small catchments (<100,000 km2 ), (b) large
catchments (≥100,000 km2 ), and (c) global summary where values stack to 100% per class of
catchment area. The background color in Figures 2.6a and 2.6b is the simulated discharge.
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Figure 2.7 Correlation coefficient, ρ [dimensionless], for the time series of annual discharge
for 1938 long-term GRDC stations: (a) small catchments (<100,000 km2 ), (b) large catchments (≥100,000 km2 ), and (c) global summary where values stack to 100% per class of
catchment area. The background color in Figures 2.7a and 2.7b is the simulated discharge.
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Figure 2.8 Regime curves of mean monthly discharge for the selected GRDC stations on
large rivers.
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Figure 2.9 Regime curves of mean monthly discharge for a number of reservoirs. For the reservoir of the High Aswan Dam, the gray
dashed line represents the actual reservoir release when scaled to the mean of the simulated release.

4

Seasonality

In terms of temporal variability, the model performs well (Figures 2.6 and 2.7), although the model captures intraannual variability or seasonality, as represented by
the monthly climatology, better than the interannual variability (Figures 2.6 and 2.7).
In terms of seasonality, 75% of the gauged area has a correlation coefficient that is
larger than 0.75 (area-weighted fraction over the last category of Figure 2.6c). Similar
to the comparison of runoff depth, smaller catchments and those with less effective
precipitation perform worse. If any trends are discernible, it seems that the observed
seasonality is only moderately resolved by the model for the larger catchments along
the Pacific cordilleras of North America, the Sahel and the adjacent parts of the Congo
and Nile basins, for the endorheic basins of central Asia (e.g., the Amur Darya) and
for the northern European rivers draining toward the Baltic Sea and German Bight
(e.g., the Elbe; Figure 2.5b; see also Figure 2.8a). Some stations perform poorly
because of the presence of upstream reservoirs (e.g., Kafue and Nile in Africa, the
station at the Rybinsk dam on the Volga, the stations on the Angara in Siberia and
the stations in the Murray-Darling Basin).
Table 2.5
Seta

Regression Analysis on Descriptive Statistics From the Long-Term GRDC Data

Long-term statistic
Simulation period
(N = 2219)
1958-2001 (N =1978)
2
α
R
α
R2
Monthly discharge, Q [m3 s−1 ]
Minimum
Mean
Maximum
Runoff, R [mm yr−1 ]
Mean

0.797
0.892
0.865

0.883
0.894
0.743

0.799
0.904
0.916

0.855
0.909
0.775

0.981

0.761

0.985

0.766

a

Slope, α [dimensionless], and coefficient of determination, R 2 [dimensionless],
are calculated from the regression of the long-term statistics of observed discharge on those for the simulated natural streamflow with the intercept forced
through the origin. Evaluated are all long-term statistics from the GRDC
inventory (Global Runoff Data Centre (GRDC), 2008) and those for stations
with matching data (10 years or more) over the simulation period 1958-2001.

The effect of the reservoir scheme is visible in some of the regime curves of Figure 2.9 and in the performance statistics of Table 2.3. Reservoir operations influence
the shape of the hydrograph (e.g., the Parana) as well as the volume under the curve
(e.g., the Volga, see also Figure 2.3); the former is a direct effect of the simulated
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release whereas the latter reflects changes in the gains and losses over the dynamic
reservoir surface. In terms of performance, it should be noted that the inclusion of the
reservoir scheme has often only a small effect on the seasonal performance. Some improvement is found for the Parana, Nile and Orange. In rivers with substantial water
use and limited inflow (Indus, Murray), the natural discharge performs better than
the regulated one although the inclusion of water demand in the latter in the form of
modified discharge introduces an improvement in the slope and a marginal increase
in the coefficient of determination (Table 2.3). Similarly, natural discharge performs
better for regulated catchments were the main purpose is hydropower generation and
flood control, for which the simulated regulated discharge becomes too constant over
time (Huang He, Dnepr, Volga, and Columbia). Yet outside the peak flow season, the
regulated discharge compares more favorably with the observed discharge, when the
simulated natural discharge falls below the observed levels. Figure 2.9 also provides
examples of simulated and observed releases for three reservoirs in the southwestern United States and the Aswan Dam (Egypt) for which the main purpose is water
supply. Despite the limited performance of the hydrological model in the more arid regions of the world, the simulated regulated release follows the actual release closely for
reservoirs in the southwestern United States. The simulated release is less satisfactory
in case of the Aswan dam on the Nile. Besides the already signaled overestimation,
actual release appears to be driven by a more seasonal demand than that considered
by our model. In addition to the effects of simulated regulation, inspection of the
regime curves and the performance statistics also shows there is often a shift in the
timing of the average peak flow, despite the high coefficient of determination (Figure 2.6 and Table 2.3). This applies to tropical rivers, such as the Amazon, Orinoco,
Zambezi and Congo, and to snowmelt dominated and influenced rivers such as the
Lena, Mackenzie, Mississippi and Rhine. The seasonality of the monsoon-dominated
rivers in Asia is generally well approximated despite differences in runoff depth (e.g.,
Mekong and Brahmaputra) with the exception of the Indus, where the runoff depths
is overestimated and two discharge peaks are simulated rather than one as observed.
Similarly, the performance is low for other catchments with limited rainfall and elevated water use such as the Orange, Murray, and Niger. The same is observed for the
Nile although the performance of the monsoon-dominated Blue Nile in terms of volume and timing is slightly better. For all African rivers overestimation of the runoff
depth already occurs in their headwaters and persists along their entire course.
5

Interannual Variability

In terms of interannual variability, the picture is more varied. The model captures
the interannual variability well although the performance is slightly below that of
the seasonality; 60% of the gauged area still has a correlation coefficient larger than
0.75 (area-weighted total over the last category of Figure 2.6). The tendency that
performance increases with catchment size and effective precipitation, as observed
for the runoff depth and seasonality, is not as strong in this case. In some cases
(e.g., Nile, Brahmaputra, and Mekong), the performance decreases near the outlet
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of a basin, even though the interannual variability is simulated adequately upstream
(Figure 2.7). Since this comparison is based on the simulated natural discharge, some
of the performance can be attributed to reservoir operations (e.g., the stations on the
Angara in Siberia and the Fitzroy and Burdekin in northeast Australia; Figure 2.7b).
This cannot explain all the deficiency in performance, however, as is the case for the
station on the Yukon that performs poorly in terms of the monthly and interannual
temporal variability (Figures 2.6 and 2.7). For the larger basins, performance as
expressed by the coefficient of determination remains consistently large (R 2 > 0.80;
Table 2.4). Monthly hydrographs for the Rhine, Danube and Mississippi are shown
in Figure 2.10 as examples of rivers with an excellent representation of interannual
variability.
6

Continental Runoff

The above analysis provides a detailed overview of the performance of the model for
particular catchments. It is assumed that the observation error is small compared to
that introduced by the model structure and its parameterization. Yet, in light of a
global study on water availability, it is equally informative to evaluate performance in
relation to observation and model-based estimates of runoff at the continental scale.
Table 6 summarizes the estimated continental runoff volumes from different sources.
On inspection, the model-based estimate is on average lower than the observationbased one for all continents and the world in total while the range of the model-based
estimates is larger. The continental runoff volumes of PCR-GLOBWB differ slightly
when reservoirs are included because of changes in the direct gains and losses over the
variable reservoir areas and decreases for all continents when water demand is subtracted, particularly in the case of North America. Overall, our results correspond to
the model-based runoff volumes per continent. Generally the values are slightly lower,
with the exception of Africa and Oceania, for which our estimates are above average.
For Oceania, this value is close to the observation-based estimate, for Africa it is at
the upper end of the observed and simulated ranges. The results of PCR-GLOBWB
are most similar to the model results of Döll et al. (2003), with the exception of Africa
and South America, where they are more similar to the results of Fekete et al. (2000)
and Nijssen et al. (2001a), respectively.
2.3.2 Comparison of Actual Evapotranspiration
Green water availability helps to determine the amount of blue water needed for
irrigation to meet the atmospheric demand over irrigated areas. Green water equals
the actual evapotranspiration and its correct assessment is determined by the ability of
the model to reduce the potential evapotranspiration under water limited conditions
correctly. To some extent this ability is reflected by the performance to simulate
runoff depths (see above). In order to evaluate this aspect of our simulations directly,
the simulated actual evapotranspiration is compared with that from the ERA-40
reanalysis.
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Figure 2.10 Hydrographs of monthly discharge over the period 1961-1990: (a) Rhine, (b)
Danube, and (c) Mississippi.
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Table 2.6

Estimates of Continental Runoff [in km3 yr−1 ] Based on Observations and Simulations

Data based estimates
Baumgartner and Reichel (1975)
Korzun et al. (1978)
L’vovich (1979)
Shiklomanov (1997)
Global Runoff Data Centre (GRDC)
(2004)
Average
Model based estimates
Fekete et al. (2000)
Vörösmarty et al. (2000b)
Nijssen et al. (2001a)
Oki et al. (2001)
Döll et al. (2003)
Widén-Nilsson et al. (2007)
Average
PCR-GLOBWB (natural)
PCR-GLOBWB (regulated)
PCR-GLOBWB (modified)
a

Excluding Antarctica.

Continent
North
Africa
America

South
America

Oceania

Globala

Time Period

5840
8180
5960
7770

11,039
12,200
10,380
12,030

2394
2510
1965
2400

37,713
44,560
38,830
42,648

1921-1990

3690

6294

11,897

1722

40,533

1961-1990

13,423

3993

6809

11,509

2198

40,857

-

13,091
13,700
9385
11,234
13,611
12,204
11,659
11,520
11,017

4517
4520
3615
3616
3592
3738
3933
4257
4175
4095

5892
5890
6223
3824
5540
7009
5730
5617
5507
5209

11,715
11,700
10,180
8789
11,382
9448
10,536
10,583
10,625
10,571

1320
714
1712
1680
2239
1129
1466
2111
2098
2062

39,319
39,294
36,006
29,485
36,687
38,605
36,566
36,812
36,501
35,387

1961-1990
1980-1993
1987-1988
1961-1990
1961-1990
1958-2001
1958-2001
1958-2001

Europe

Asia

2564
2970
3110
2900

12,467
14,100
13,190
13,508

3409
4600
4225
4040

3083

13,848

2925
2772
2770
2191
2763
3669
2833
2585
2576
2433

Although the latter does not strictly speaking constitute an observational data set
and has a coarser resolution than PCR-GLOBWB, the ERA-40 reanalysis provides an
independent estimate of the actual evapotranspiration and accounts indirectly for the
observed latent heat fluxes by means of data assimilation of atmospheric observations
(Kållberg et al., 2005). As such, it provides a proxy to evaluate the simulated actual evapotranspiration over the period 1958-2001, at a regional-to-continental scale
at which no observations are available (Ruiz-Barradas and Nigam, 2006). A global
comparison is made in Figure 2.11, while a similar comparison is made on a monthly
basis for a number of major irrigated areas in Figure 2.12. These areas comprise some
of the most intensely irrigated areas as identified from the data set of Portmann et al.
(2008), containing zones with irrigation fractions in excess of 10% and are compared
with the zonal averages for the nonirrigated areas between 15◦ N and 30◦ N and 30◦ N45◦ N, which encompass the aforementioned irrigated areas (Figure 2.11). Although
the irrigated areas are not included in the parameterization of the underlying land
surface scheme, the ERA-40 reanalysis (Wipfler et al., 2011) will account implicitly
for irrigation. The reason is that evapotranspiration will tend to decrease the temperature as energy is lost as latent heat (Kalnay and Cai, 2003). Since in the reanalysis
the atmospheric moisture budget is not closed (Trenberth et al., 2007), updates of
the assimilation scheme using screen temperature data may result in an actual evapotranspiration that is larger than the available moisture over irrigated areas. This
additional latent heat loss is required to meet the observed temperatures which are
lower than those originally simulated by the numerical weather prediction model. In
contrast, the simulated actual evapotranspiration of PCR-GLOBWB includes these
irrigated areas by means of the crop factor (Section 2.2.2) but cannot surpass the available soil moisture as the actual irrigation gift is not modeled. Thus, it is expected
that for irrigated areas the simulated actual evapotranspiration of PCR-GLOBWB
will be consistently lower than that of the ERA-40 over the growing season. The difference between the actual evapotranspiration of the ERA-40 reanalysis and that of
PCR-GLOBWB then is a proxy for the transpiration of applied water. In Figure 2.11
the net irrigation water demand of Wada et al. (2011b, equation 3.5) is taken to be
equivalent to the applied water and included for comparison.
The broad patterns in the mean annual actual evapotranspiration of Figure 2.11a
are equally represented in the ERA-40 reanalysis and most differences are less than
0.25 m yr−1 (Figure 2.11), although the simulated values show more spatial detail and
a stronger zonation. Besides over large evaporative water surfaces (e.g., the Caspian
Sea, Lake Chad and Lake Eyre in Australia), differences in actual evapotranspiration
can partly be explained by differences in precipitation (Figure 10c). This is the case for
western Amazonia, the Sahel, and northern Australia where the CRU TS 2.1 reports
higher precipitation totals, for Alaska where because of undercatch the precipitation
is underestimated (see also Section 2.3.1) and for the Andes and Himalayas where
the orographic influence on precipitation seems to be underestimated by the CRU.
Compared to the differences in precipitation, those in actual evapotranspiration are
more subdued, as soil moisture availability reduces the rate at which water can be
evaporated or transpired in the simulations. Evidently, this may remove some of
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the bias in the actual evapotranspiration but subsequently lead to larger biases in
effective precipitation and discharge. Areas where evapotranspiration differs without
any corresponding difference in precipitation are less frequent. Besides coastal regions
with intricate shores (e.g., Norway) where the higher evaporation over the sea surface
of the ERA-40 reanalysis bleeds onto the land surface, this concerns several tropical
areas and the irrigated areas delineated in Figure 2.11a. Over the tropical areas, where
water is not limiting, the simulated actual evapotranspiration is close to the potential
rate and exceeds that of the ERA-40 (e.g., the Congo) while the precipitation rate
is lower because of the positive bias in the precipitation over part of the simulation
period in the ERA-40 reanalysis (Troccoli and Kållberg, 2004). Similarly, ERA-40
precipitation is also higher over the nonirrigated areas for the zones between 15◦ N and
30◦ N and 30◦ N-45◦ N. This leads in turn to absolutely larger evapotranspiration values
than simulated by PCR-GLOBWB although the difference becomes less marked as
substantial parts of these areas are water limited.
For most of the major irrigated areas, the simulated actual evapotranspiration
is indeed smaller than that of the ERA-40 reanalysis while the overall rainfall is not
very different (Figures 2.11). This is shown in detail in the totals of Figure 2.11 which
shows lower evaporation over the irrigated areas under the nonirrigated conditions of
the simulation that define green water availability. Over the irrigated areas simulated
actual evapotranspiration generally follows that of the ERA-40 reanalysis closely during the wet season but falls back during the dry season when the soil moisture deficit
deepens (Figure 2.12). This phenomenon is the strongest in areas where the growing
season is shorter and one relies more on green water (e.g., California); where multiple
crops are grown, this is less apparent (e.g., Pakistan). In these areas water is drawn
more frequently from alternative sources or the demand may actually not be met as
the totals and climatologies for the Nile Delta and Pakistan suggest (Figure 2.12).
Including the net irrigation water demand brings the actual evapotranspiration rates
of the simulation closer to those of the ERA-40 reanalysis, indicating that irrigation
is likely to explain part of the difference.

2.4

Discussion and Conclusion

In this first paper of a set of two on the temporal aspects of water stress on a
global scale, we explored aspects of blue and green water availability in terms of
river discharge and actual evapotranspiration by means of the macroscale hydrological model PCR-GLOBWB. This model was forced with the CRU TS 2.1 (New et al.,
1999, 2000), providing precipitation and air temperature directly and reference potential evapotranspiration indirectly through the FAO guidelines of Allen et al. (1998).
These monthly fields were broken down into daily data using the ERA-40 reanalysis
(Kållberg et al., 2005). As such any errors in the ERA-40 reanalysis are overprinted
by the CRU TS 2.1 data set that is based on observations.
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Figure 2.11 Comparison between actual evapotranspiration from PCR-GLOBWB and the
ERA-40 reanalysis: Global fields: (a) mean annual actual evapotranspiration of PCRGLOBWB [m yr−1 ] with outline of major irrigated areas based on the work of Portmann
et al. (2008) and the difference between the CRU-based forcing and the ERA-40 reanalysis
for (b) mean annual actual evapotranspiration and (c) precipitation, both in m y−1 . In
Figures 2.11b and 2.11c, negative values (red) indicate that ERA-40 is larger; positive
values (blue) indicate that CRU-based values are larger.
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Figure 2.12 Comparison between actual evapotranspiration from PCR-GLOBWB and the
ERA-40 reanalysis: (a) mean annual totals and (b) monthly values for major irrigated areas
(see Figure 2.11 for locations).
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The CRU TS 2.1 compares well with other historical meteorological data sets
(Beck et al., 2004) but it is prone to uncertainties that are introduced by spatiotemporal variations in station density (Hulme and New, 1997). The CRU TS 2.1 data set
attempts to incorporate orographic effects by giving additional weight to elevation
during interpolation and includes a large number of stations over the relevant period.
Notwithstanding, there are regions where stations are sparse (e.g., Alaska), altogether
absent (e.g., Congo Basin) or having highly variable densities (e.g., Amazonia) (New
et al., 2000) and these variations have repercussions on the ability of the CRU TS
2.1 to represent the climate over the period 1958-2001. As such it suffers from uncertainty in precipitation amounts and seasonality in the more arid regions (Fekete
et al., 2004) and, in combination with the problem of undercatch of snow (Fiedler and
Döll, 2007) and elevation (Briggs and Cogley, 1996; Adam et al., 2006), from uncertainty in precipitation amounts over the arctic and mountainous areas of the world.
This uncertainty largely explains the bias in the catchmentaveraged runoff depth of
Figure 2.5 and the observed spread in Figure 2.4. Its effect is pregnant for the Nile
where the overestimation of runoff persists from its headwaters in the ITCZ to the
station farthest downstream (Figure 2.5). It equally explains the better performance
over those areas with dense observational networks such as Europe and large parts of
North America.
Hydrological model error is largely obscured by the precipitation bias, yet it is
manifest for the drier regions of the world where runoff is consistently overestimated.
Model errors in these areas concern the runoff generating mechanisms that are extremely difficult to capture (e.g., Döll et al., 2003) and the underestimation of losses
due to evapotranspiration and reinfiltration or withdrawals or diversions along the
river channel. This applies to the Nile, where the bias increases toward the mouth,
partly as a result of water use, partly as a result of insufficient evaporation over the
wetlands of the Sudd (Mohamed et al., 2005) (Figure 2.5). Withdrawals and diversions may also affect performance for rivers in temperate regions such as the Danube,
Mississippi and the Yellow River, although the overestimation for this latter basin
is matched by an underestimation for the Yangtze (Figure 2.5). Subtracting water
demand as considered here in the form of simulated modified discharge does improve
performance for those rivers where the meteorological forcing is good (Rhine, Dnepr,
Danube; Figure 2.4) but obviously cannot remediate the errors where the forcing is
poor (e.g., Nile).
Generally, performance in terms of runoff depth increases with catchment size.
This is logical for a macroscale hydrological model that cannot reproduce the fine
detail that governs runoff generation in the smaller catchments. Model errors are
more salient when looking at the temporal performance of the model. Still, forcing
errors explain the poor performance in terms of interannual variability compared
to that on a seasonal scale for the tropical and monsoon-dominated rivers such as
the Congo and Mekong to some extent; especially over Africa temporal variability
is poorly constrained because of the absence of observations. Apparent errors in the
timing of the discharge can be deduced from the regime curves of Figure 2.8. For the
Amazon and the Orinoco, the peak flood occurs too early, for the Congo too late and
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does not reproduce the secondary peak in May. This can be attributed to the constant
floodplain extent and the consequent errors in the resistance that is experienced by
the flood wave. A similar shift in the timing of the peak discharge for the Congo
was also found by Zaitchik et al. (2010) which they attribute to the complexity of
the bimodal runoff regime and the poor quality of the GRDC gauge data. For the
arctic and snowinfluenced temperate rivers the timing of the snowmelt is the main
reason for temporal shifts in the regime curves. Possible errors include the use of a
constant melt rate and threshold temperature in the snow module. Also, the neglect
of temperature variations at the subgrid scale can cause a too rapid snowmelt in
mountainous terrain and may explain the early peak for the Volga, Dnepr, Columbia
and Indus. For temperate rivers as the Mississippi and the Rhine, snowmelt occurs
slightly too late and in addition to the above reasons rain-on-snow events may be
an additional explanation of this phenomenon. This error, although striking in the
regime curves, has, however, little influence on the temporal performance given the
close similarity between observed and simulated discharge (Tables 2.3 and 2.4 and
Figure 2.10). For the arctic rivers as the Lena and Mackenzie the underestimation of
the peak flow is related to the partitioning of the snowmelt into direct runoff and base
flow. Although permafrost is included statically in the parameterization of the model,
the dynamic effect of ground frost on the infiltration capacity is ignored. Errors in
floodplain resistance have an additional but minor effect as the floodplain extent is
taken to be constant and ice formation and breakup are ignored. The differences
in regime amplitude that were observed for the Mississippi and the Elbe equally
arise from errors in the partitioning of effective precipitation into direct runoff and
base flow. Water transferred to the groundwater reservoir is beyond the reach of
evaporation and may lead to an overestimation in discharge, as is the case for the
Elbe.
Inclusion of the reservoir operation scheme (Section 2.2.4) mostly affects the temporal performance of the model. The main difference of this reservoir scheme is that
it is prospective rather than retrospective as the existing schemes of Haddeland et al.
(2006) and Hanasaki et al. (2006). It is directly implemented in the routing scheme
and is updated by optimizing the monthly target storage per reservoir. To keep it
tractable at the global scale reservoir release has been parameterized through the
operational year of Hanasaki et al. (2006) and the amplitude of the release function
of equation 2.12. On a daily basis it responds dynamically to changes in downstream
demand and inflow, including that of upstream reservoirs. In combination with a
constant price function, this choice leads to decreased performance for hydroelectric
plants. For reservoirs with the main purpose of water supply, performance is generally much better (see also Figure 2.9) although it is ultimately controlled by the
ability of the model to simulate the discharge well as the example for the High Aswan
Dam illustrates. Such accumulated model error and the relatively simple rules of the
reservoir operation scheme limit the performance of the model on a monthly scale
(Table 2.3). In combination with short observation records (e.g., Nile; Table 2.3),
dam completion may have an additional negative influence on the validation results
of the regulated discharge as at least 52% of the dams was completed after 1970.
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Still, the reservoir operation scheme leads to a marginal better performance on an
interannual scale as reservoirs ensure more persistent and secure flows (Table 2.4).
Patterns of green water availability, expressed through the simulated actual evapotranspiration, are generally corroborated when that of the ERA-40 reanalysis is used
as proxy (Figure 2.11), especially when the coarser resolution of the ERA-40 data
set and differences in land surface parameterization are taken into account. For the
major irrigated areas (Figure 2.12), the higher values of the updated actual evapotranspiration from the ERA-40 reanalysis in comparison to the simulated values over
the growing season suggests that irrigation over these areas is significant and met
from other sources than soil moisture. For temperate regions, the close similarity
at the start of the growing season reveals the importance of green water as cultivation follows the wetter winter season (e.g., Spain). In areas where multiple crops
can be harvested, the ERA-40 actual evapotranspiration is consistently larger and
corresponds to the river-fed systems of the Indus and Nile. In these areas, simulated
evapotranspiration losses exceed the actual evapotranspiration of the ERA-40 reanalysis. This highlights the uncertainty that is associated with the irrigated areas and
the use of a prescribed cropping calendar. But it also stresses that the net irrigation
demand is a theoretical maximum which may not be satisfied. Taking this in consideration, green water availability increased with net irrigation water demand appears
to correspond generally well with the actual evapotranspiration rates approximated
by the ERA-40 reanalysis.
Given the comparison between simulated discharge and observations and that between the simulated actual evapotranspiration and that of the ERA-40 reanalysis we
conclude that the model results are of sufficient quality to quantify water availability
at the monthly time scale over the period 1958-2001 on a continental to global scale.
Structural weaknesses result from the meteorological forcing and some model errors
concerning runoff generation and discharge routing. The use of another meteorological
data set than the CRU TS 2.1 may give lower errors but also would result in a loss of
temporal variability as no other climatology covers such a large period and allows for
a possible extension toward the start of the 20th century. Calibration could enhance
model performance but may overcompensate for the uncertainty in the underlying
precipitation product (Biemans et al., 2009) and subsequent regionalization will confound the signal over ungauged basins and impair the physical basis of the model.
The included prognostic reservoir scheme provides a computationally effective means
to assess the influence of regulated discharge on water availability and potentially its
development over time. Although its inclusion does not always increase model performance and is sensitive to errors in the simulated runoff, it is deemed to be an asset
in this analysis as it allows quantifying the more persistent and securing flows as a
result of the many reservoirs constructed during the period of interest. Therefore, we
accept the underlying weaknesses, especially as they concern areas least susceptible
to water scarcity such as sparsely populated and irrigated tropical and arctic regions
or are directly related to water use, which is evaluated through water demand in the
companion paper (Chapter 3; Wada et al., 2011b).
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Global monthly water stress: 2.
Water demand and severity of
water stress

Based on: Wada, Y., Van Beek, L. P. H., Viviroli, D., Dürr, H. H., Weingartner, R., Bierkens, M. F. P. (2011), Global monthly water stress: 2. Water demand and severity of water stress, Water Resources Research 47, W07518,
doi:10.1029/2010WR009792.
Abstract
This paper assesses global water stress at a finer temporal scale compared to conventional
assessments. To calculate time series of global water stress at a monthly time scale, global
water availability, as obtained from simulations of monthly river discharge from the companion paper (Chapter 2), is confronted with global monthly water demand. Water demand is
defined here as the volume of water required by users to satisfy their needs. Water demand
is calculated for the benchmark year of 2000 and contrasted against blue water availability,
reflecting climatic variability over the period 1958-2001. Despite the use of the single benchmark year with monthly variations in water demand, simulated water stress agrees well with
long-term records of observed water shortage in temperate, (sub)tropical, and (semi)arid
countries, indicating that on shorter (i.e., decadal) time scales, climatic variability is often
the main determinant of water stress. With the monthly resolution the number of people
experiencing water scarcity increases by more than 40% compared to conventional annual
assessments that do not account for seasonality and interannual variability. The results
show that blue water stress is often intense and frequent in densely populated regions (e.g.,
India, USA, Spain, and northeastern China). By this method, regions vulnerable to infrequent but detrimental water stress could be equally identified (e.g., southeastern United
Kingdom and northwestern Russia).

3.1

Introduction

In this series of two papers (Chapter 2; Van Beek et al., 2011), global water stress
at a monthly time scale is assessed, in order to capture the seasonal phase shifts in
peak water demand and water availability and to assess both frequency and persistence of water stress as captured by a dynamic water stress index (DWSI). In this
study water demand concerns the net water demand (i.e., water withdrawal minus
return flow) from surface fresh water (i.e., water in rivers, lakes and reservoirs) or
blue water. Water stress is a measure of the amount of pressure put on blue water resources by their use (Flörke and Alcamo, 2004): the higher the water stress, the more
vulnerable the population in a region will be to water scarcity. In 1997, the United
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Nations estimated that approximately one third of the worlds population currently
lives in countries experiencing moderate to severe water stress (World Meteorological
Organization (WMO), 1997). Previous studies (e.g., Arnell, 1999, 2004; Vörösmarty
et al., 2000b; Oki et al., 2001; Alcamo and Henrichs, 2002; Alcamo et al., 2003b;
Islam et al., 2007; Viviroli et al., 2007) assessed water stress by comparing water
availability and water demand on a yearly time scale, mainly by using macroscale hydrological models.On the basis of these assessments, regionswith present and future
water stress were identified. Annual assessments, however, potentially underestimate
the intensity of water stress since within-year variations of water stress are not taken
into account. Such variations can be brought on by increased demand, for example in
ever-expanding urban centers, by a temporary rise in demand, for example increased
irrigation demand during droughts, and by untimely availability, for example, in the
monsoon-dominated areas of (sub)tropical Asia, where 80% of the average annual
discharge is concentrated in the summer period because of the coincidence of the
snowmelt and the peak in rainfall (Shiklomanov, 1993).
Expanding on existing annual assessments this study reveals a new dimension of
water stress by using a finer, monthly, temporal scale and by explicitly incorporating
nonrenewable groundwater abstraction as a particular water resource. The first paper
of this series (Van Beek et al., 2011) described the global hydrological model PCRGLOBWB (Van Beek and Bierkens, 2009) and the prospective reservoir scheme that
were used to simulate monthly time series of blue water (i.e., surface fresh water) and
green water (i.e., soil water) availability for the years 1958-2001. In this second paper,
global blue water demand is calculated comprising that of the agricultural (i.e., irrigation and livestock), industrial and domestic sectors, using the latest available global
data sets (e.g., population, livestock densities and irrigated areas; see Figure 3.1), all
aggregated to the same spatial resolution of 0.5◦ . Here, blue water demand is defined
as net blue water demand, the potential consumptive use from available resources (see
Table 3.1 for an overview of terms and their respective components). Consequently,
it is lower than the gross blue water demand as water withdrawn for industrial and
domestic use is recycled and returned to the surface water while part of the gross
irrigation water demand is met by green water availability (cf. Rost et al., 2008). Use
of the net blue water demand consequently leads to an optimistic assessment of water
stress yet can be defended on the grounds that the return flow of water in is fairly
constant and that the losses by evapotranspiration in irrigation constitute a large
amount of the overall water demand, be it gross or net. Thus, net blue water demand
may be used to estimate the consumptive water use, as proposed by Döll and Lehner
(2002), although actual consumption may be lower as a result of physical, technological or socioeconomic limitations. Also, we explicitly quantified the amount of water
made available through desalination and nonrenewable groundwater abstraction that
decreases the demand for blue water. In order to make use of the best available
data and to make our assessment as relevant for the present-day situation as possible, we opted for the year 2000 as benchmark while the long-term climate variability
is characterized by the 44 year period from 1958 until 2001. Thus, irrigation water
demand is computed for the irrigated areas of the year 2000 but with inclusion of the
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long-term climatic variability in green water availability over the period 1958-2001
(see Van Beek et al., 2011, Section 2.2.1). Monthly livestock, industrial and domestic
water demand are estimated for the year 2000 and constant between years. Total
blue water demand is thus the sum of the climate-driven irrigation water demand for
each year of 1958-2001 and the other sectoral demands of the year 2000. Per month,
total blue water demand is confronted with the blue water availability over the period
1958-2001 to obtain a 44 year monthly time series, i.e., 528 maps, of global blue water
stress, thus reflecting long-term climate variability only. The inclusion of long-term
blue water availability sets this study apart from that of Hanasaki et al. (2008a,b)
who assessed temporal variations in global water stress in a comparable manner albeit at a lower spatial resolution (1.0◦ × 1.0◦ ) and for a shorter period of 10 years
(1986-1995). Moreover, this study has a finer spatial and temporal resolution as it
takes spatial variations in the recycling ratio of the domestic and industrial sectors
into account and it considers a monthly climatology of domestic water demand and
monthly variations in the use of particular resources, including the alleviating role of
nonrenewable groundwater abstraction which is evaluated globally for the first time.
Blue water stress is defined in terms of the commonly used water scarcity index
(WSI) of Falkenmark (1989). This static water stress is calculated on a monthly
and an annual basis over the total period of 1958-2001. The detrimental effect of
recurring and persistent water stress is captured by the DWSI, conform to Porporato
et al. (2001) for situations corresponding to severe water stress. In a limited validation exercise for this assessment, the water stress over the past 44 years reflecting
the climate variability only, thus neglecting the changes in past water demand, is
compared with observed water shortage (i.e., drought) in several developed, emerging
and developing countries such as the Netherlands, Japan, Malaysia, the Philippines,
Afghanistan, Pakistan, Zimbabwe and the state of Virginia (USA).

3.2

Methods

3.2.1 Definition of Water Stress
Water stress occurs when different types of water demand compete for the same scarce
water resources. Falkenmark (1989) defined the WSI that compares water demand
with water availability:
WSI =

DTot
WA

(3.1)

where WSI is the water scarcity index, DT ot is the total water demand and WA is
the total water availability [106 or million m3 month−1 ]. This study uses monthly
averages of demand and availability.
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Figure 3.1 Flowchart of dependencies between data sources and computation of the water scarcity index. Sources indicated in the
flowchart are as follows: 1, Lehner and Döll (2004); 2, International Commission on Large Dams (ICOLD) (2003); 3, World Water
Assessment Programme (WWDR-II, http://wwdrii.sr.unh.edu/); 4, Mitchell and Jones (2005); 5, Kållberg et al. (2005); 6, New
et al. (1999); 7, Siebert and Döll (2008); 8, Portmann et al. (2008); 9, EROS, USGS (Global land cover characteristics data base,
version 2.0, http://edcdaac.usgs.gov/glcc/globedoc2_0.html/); 10, Food and Agriculture Organization of the United Nations
(FAO) (http://www.fao.org/ag/AGAinfo/resources/en/glw/GLW_dens.html/) and Environmental Research Group Oxford (http:
//ergodd.zoo.ox.ac.uk/); 11, Ministry of Land, Infrastructure, and Transport in Japan (2007); 12, World Bank (WB) (2006, 2007)
(country classification, http://web.worldbank.org/); 13, FAO AQUASTAT database (http://www.fao.org/nr/water/aquastat/
data/); 14, International Groundwater Resources Assessment Centre (http://www.igrac.nl/).

Table 3.1

List of terms and components considered

Required to satisfy needs
Gross Demand
(1) Irrigation:
Evapotranspiration (blue and
green water)
Transport losses
Gross
Livestock
(considering all water
(2) Domestic:
requirements)
Blue water consumption
Return flow
(3) Industrial:
Blue water consumption
Return flow

Net
(consumptive blue
water requirements
only)

Actually available to satisfy
needs
Withdrawal
(1) Irrigation:
Evapotranspiration (blue only)
Transport losses
Livestock
(2) Domestic:
Blue water consumption
Return flow
(3) Industrial:
Blue water consumption
Return flow

Consumptive water use
Net Demand
(cf. Döll and Siebert, 2002)
(1) Irrigation:
(1) Irrigation:
Evapotranspiration (blue only)
Evapotranspiration (blue only)
Transport losses
Transport losses
Livestock
Livestock
(2) Domestic:
(2) Domestic:
Blue water consumption
Blue water consumption
(3) Industrial:
(3) Industrial:
Blue water consumption
Blue water consumption

The WSI essentially expresses how much of the available water is taken up by
the demand. Falkenmark et al. (2007) delineated looming water scarcity and actual
scarcity between 0.2 ≤ WSI < 0.4 and WSI ≥ 0.4, respectively. These domains
correspond to the conditions of moderate to severe water stress of Kundzewicz et al.
(2007), with water availability per capita ranging between 1700 and 1000 m3 yr−1 .
According to these authors, very high stress or economically debilitating water stress
occurs at water availabilities below 500 m3 yr−1 per capita or water scarcity indices
above 0.8.
In this study, water availability corresponds to blue water availability, Q [106 or
million m3 month−1 ], consisting of the locally generated runoff and any remaining
upstream discharge after evaluation of the prognostic reservoir operation scheme (see
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Van Beek et al., 2011, see Section 2.2.4) and the deduction of the upstream local
water consumption (see also Figure 3.1):

Qi = Qloc,i +

n
X

(Qj − DT ot,j )

(3.2)

j=i+1

where Q is the total discharge, Q loc is the specific discharge or local runoff, DT ot
is the local net blue water demand, taken to be the local water consumption (Döll
and Siebert, 2002) [all in million m3 month−1 ]. Subscript i denotes the cell under
consideration and j = i +1,..., n all cells upstream from this point.
The summation in Equation 3.2 returns no upstream water for the cell under consideration whenever the available discharge is less than the local water consumption
(i.e., net blue water demand). Otherwise, the discharge in excess of the local water
consumption is accumulated along the drainage network. Water demand includes the
demand of the industrial and the domestic sector, corrected with the recycling ratio
if appropriate (Section 3.2.2), and the agricultural sector (Sections 3.2.2; see also
Figure 3.1). The agricultural water demand is broken down into the livestock and
the irrigation water demand, the latter being the amount of water required to satisfy
the cropspecific potential transpiration with inclusion of any additional losses during
transport or application but after deduction of the available green water, i.e., the soil
moisture available to transpiration under nonirrigated conditions. In several regions
of the world part of water demand is met from desalination and/or the abstraction of
nonrenewable groundwater resources (Section 3.2.4). Therefore, the volume of desalinated water and abstracted nonrenewable groundwater is subtracted from the water
demand prior to the calculation of the WSI (equation 3.1).
Over the period 1958-2001 the WSI is calculated on an annual basis as done
in previous studies (e.g., Vörösmarty et al., 2000b) and on a monthly basis. The
monthly values are subsequently degraded to annual values to evaluate the effect of
temporal resolution on the identification of problem regions. To identify regions that
are significantly different over the simulation period, we use a difference of means test
on a cell-by-cell basis to calculate the Student’s t statistic:
WSIa − WSIm
t= q
s2
s2WSIa
WSIm
+
n−1
n−1

(3.3)

where WSI is the mean WSI based on the annual and the monthly assessments (subscripts a and m, respectively). Likewise, s W SI denotes the standard deviation, which
is calculated from the n = 44 averaged annual values in the case of the monthly
assessment. The degrees of freedom were estimated for each cell assuming different
standard deviations and the two-tailed probability of equality of means returned.
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Table 3.2

Population and water withdrawal by sector [%] per continent and classified by GDP per capita for the year 2000a

Population in 2000
[millions]

Total freshwater
withdrawal
[km3 yr−1 ]

Per capita withdrawal
[m3 capita−1 yr−1 ]

Withdrawal per sector [%]
Agriculture Industry Domesticb

Continents
Africa
Asia
Europe
North-America
South-America
Oceania

818.7
3679.8
729.2
476.1
341.2
28.7

213.2
2294.8
392.2
622.5
164.6
26.3

260.4
623.6
537.8
1307.5
482.4
916.4

83.1
84.9
29.3
44.1
84.8
64.9

4.3
7.2
48.5
33.9
6.4
10.4

12.6
7.9
22.2
22.0
8.8
24.7

Low Income Countriesd
Middle Income Countriese
High Income Countriesf

2203.2
2961.7
908.8

1288.2
1549.4
875.7

584.7
523.2
963.6

86.0
69.0
39.6

7.7
16.1
39.4

6.3
14.9
21.0

Global

6073.7

3713.7

611.4

68.6

18.1

13.3

GDP per capita classesc

a
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These data are based on FAO AQUASTAT, the work of Gleick et al. (2006), and the Pacific Institutes The Worlds Water Web
site (http://www.worldwater.org/data.html/).
b
Domestic sector, comprising households and municipalities.
c
GDP per capita is based on the year 2000/2001 (year 2000 U.S. dollars, World Bank).
d
GDP per capita of low income countries is less than US$755, and the average GDP per capita of these countries is US$359.
e
GDP per capita of middle income countries is between US$756 and US$9265, and the average GDP per capita of these countries
is US$2843.
f
GDP per capita of high income countries is more than US$9266, and the average GDP per capita of these countries is US$21,880.

In addition to the WSI, a compound statistic is calculated from the monthly time
series combining the mean duration and the frequency of water scarcity with the
severity of the water stress. This statistic is based on that of Porporato et al. (2001)
developed to quantify the effect of prolonged or recurring droughts for vegetation
(e.g., Brolsma and Bierkens, 2007):

DWSI =

ξs Ts
kTg

1/√f
s
(3.4)

where DWSI is the dynamic water stress index, ξs is the average water stress over a
period of continuous stress that is counteracted by the resilience parameter k [both
dimensionless]. Ts is the mean duration of a stress period (months), T g is the length
of the growing season under consideration [months] and f s is the frequency of recurring stress periods. Damage increases when the stress exceeds the resilience, when
the stress persists over a longer period or when the stress occurs more frequently.
This relationship is nonlinear with frequency being more damaging under low-stress
conditions but duration being dominant under high-stress conditions. In this study
we evaluate the DWSI, for an average year (T g = 12 months) and assume water stress
to occur whenever the monthly water scarcity index ≥ 0.4. For k, we adopt the lower
limit at which water stress limits economic development (WSI = 0.8), reduced by the
threshold of 0.4 denoting the onset of water stress. Hence, ξs /k = (WSI ≥ 0.4)/(0.8 –
0.4). The frequency and the mean duration are calculated from the total number
of stress periods over the 44 year period and the total number of months that the
threshold is exceeded, respectively.
3.2.2 Water Demand
In most countries of the world, water withdrawal and consumption have increased over
the last decades because of demographic and economic growth, changes in lifestyle,
and expanded water supply systems (Kundzewicz et al., 2007). Table 3.2 shows
the statistics of population and water withdrawal by sectors (%) by continent and
GDP per capita classes in the year 2000. Industrial and domestic water withdrawals
are about 18% and 13% of total water withdrawal, respectively. Agricultural water
withdrawal amounts to nearly 70% of total water withdrawal and is by far the largest
among the three sectors. Water withdrawal and socioeconomic data were collected
from various sources as shown in Figure 3.1. All data are specified per month for
the year 2000 and gridded at 0.5◦ . In this study, gross water demand is subsequently
reduced to net blue water demand by considering green water availability for irrigation
and recycling ratios for the industrial and the domestic sector. Following sections
describe the methodologies used in this study to compute net blue water demand for
the agricultural (i.e., livestock and irrigation), the industrial, and the domestic (i.e.,
households and municipalities) sectors.
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1

Livestock Water Demand

The amount of water used by livestock is very small (i.e., less than 1-2% of total water
demand) in most countries compared to the other sectors. However, livestock water
demand may be considerable if irrigation water demand is low (Flörke and Alcamo,
2004). Livestock water demand was computed from the grid-based distribution at
0.05◦ of six major types of livestock and their water consumption rate, following the
method of Alcamo et al. (2003a) (Figure 3.1). It is assumed that all water withdrawals
for livestock are fully consumed (Alcamo et al., 2003a; Flörke and Alcamo, 2004) and
we therefore equate net with gross blue water demand. We obtained the gridded data
of global livestock density of cattle, buffalo, sheep, goats, pigs and poultry in the year
2000 from Food and Agriculture Organization of the United Nations (FAO) (2007).
We then multiplied the number of livestock in each grid cell by their specific daily
water consumption (Alcamo et al., 1997) to estimate daily livestock water demand.
This value was summed to monthly values under the assumption that livestock water
consumption is constant over the year.
2

Irrigation Water Demand

Irrigation is particularly important among all the sectors as its water withdrawal comprises nearly 70% of the total (Shiklomanov, 2000a,b) (see Table 3.2). Importantly,
irrigation water demand has a large seasonal variability because of the various growing seasons of different crops and varies spatially depending on cropping practices
and climatic conditions. Döll and Siebert (2002) estimated irrigation water requirements by using the CROPWAT method (Smith, 1992) based on the CRU data set of
meteorological conditions provided by New et al. (2000). Flörke and Alcamo (2004)
and Hanasaki et al. (2006) used similar methods to estimate irrigation water demand.
They simulated the crop calendar to estimate the amount of irrigation water required
for paddy (rice) and nonpaddy crop types. This estimation method heavily relies on
precipitation and temperature as irrigation is assumed to be applied under optimal
climate conditions only. This may be inaccurate for water scarcity may lead farmers
to irrigate under less than optimal climate conditions (Döll and Siebert, 2002).
This study used the latest available data set of monthly irrigated areas and crop
calendars for 26 crops around the year 2000 (MIRCA2000; Portmann et al., 2008,
2010). This data set includes monthly cropping patterns and monthly cropping calendars for 26 major irrigated crops on the global scale with a spatial resolution of 5
min. For both variables, the main crop and up to nine subcrops are specified that
may represent multicropping systems, varieties of the same crop growing in different
seasons in different areas of the grid cell, or different specific crops included in crop
groups (Portmann et al., 2008), so rice is grown more than once a year in the same
field in many regions of the world as part of multicropping systems. The corresponding crop development stages, crop factors and effective rooting depth for each crop
are given by the GCWM data set of Siebert and Döll (2008, Table 2). We blended
the values with the crop factors used in PCR-GLOBWB. First, we aggregated the
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monthly crop factors and the irrigated areas of the 26 crops to one monthly value for
each 0.5◦ cell (see also Figure 3.1). These were then substituted for those calculated
from the GLCC data set (Earth Resources Observation and Science Center (EROS),
U.S. Geological Survey (USGS), Global land cover characteristics data base, version
2.01 ) and the fraction irrigated areas updated in the calculation of the effective values
for short and tall vegetation (see Van Beek et al., 2011, Section 2.2.1). When the
fraction of the irrigated areas specified was larger than that of the GLCC data set, it
was expanded first at the expense of rain-fed agriculture, then at that of natural vegetation. If the fraction irrigated areas was smaller than that specified in the GLCC,
rain-fed agriculture and natural vegetation were increased proportionally.
Irrigation blue water demand was calculated for each 0.5◦ cell by using the simulated potential and actual evapotranspiration from PCR-GLOBWB (see equations 2.1,
2.3, 2.4, and 2.6 of Van Beek et al. (2011, Section 2.2.2)). Cropspecific potential evapotranspiration for the irrigated areas is calculated from the effective crop factor at
0.5◦ for the 26 irrigated crop types represented by MIRCA2000 (Portmann et al.,
2008, 2010) and the reference potential evapotranspiration. Taking the simulated actual transpiration under nonirrigated conditions from PCR-GLOBWB as green water
availability, the crop-specific transpiration that has to be met by irrigation to ensure
optimumgrowth, D IrrN et [m d−1 ], is given by
DIrrN et = Tc0 − Ta0

(3.5)

where the primed variables T’ c and T’ a denote the crop-specific potential and actual
transpiration for the irrigated areas, respectively [all in m d−1 ], which may differ from
the overall cell values used in PCR-GLOBWB.
The actual transpiration for the irrigated areas, T’ a , may differ from that obtained
from PCR-GLOBWB, T a , as crops tend to have shallower rooting systems, especially
under irrigated conditions (Siebert and Döll, 2010). Thus, the actual transpiration
for the irrigated areas is estimated by
Ta0

=

Tc0

X  Ta,i 
ri0
Tc,i

(3.6)

where T c and T a correspond to the overall cell values of potential and actual transpiration for the two land cover types (short, tall) of PCR-GLOBWB [all in m d−1 ]
and the subscript i, denotes the two soil layers present. Primed variables denote the
values over the irrigated area where r’ i is the root fraction obtained from the effective rooting depth of each irrigated crop in a 0.5◦ cell, assuming an exponential root
distribution with depth (Jackson et al., 1996).
To account for losses during application we included the additional loss of bare soil
evaporation (ES 0 – ES a ) over the irrigated areas and multiplied the required irrigation
1
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http://edcdaac.usgs.gov/glcc/globedoc2_0.html/, accessed 2002

water with a dimensionless efficiency factor, e Irr (Flörke and Alcamo, 2004) to obtain
the total net irrigation blue water demand, D IrrGross [m d−1 ]:
DIrrGross = eIrr (DIrrN et + (ES0 − ESa ))

(3.7)

The potential bare soil evaporation, ES 0 , and the actual bare soil evaporation,
ES a , were simulated by PCR-GLOBWB [all in m d−1 ] (see Van Beek et al., 2011,
Section 2.2.2). The efficiency factor takes into account that additional water is lost
to evaporation during transport and water in excess of the demand has to be applied
to prevent salinization. In general, about half of the water diverted for irrigation
is consumed through evapotranspiration (Jackson et al., 2001). However, some of
irrigation water is returned to the available blue water resources and we applied here
a single efficiency factor of 1.2, i.e., 20% more irrigation water is needed to account
for additional evaporative losses during transport and application, without explicitly
taking the return flow into account. Moreover, we did not consider any evaporative
losses by canopy interception as most irrigation is applied by flooding.
3

Industrial Water Demand and Recycling Ratio

Industrial water withdrawal often amounts to more than a half of total water withdrawal in developed (i.e., industrialized) countries. According to Gleick et al. (2006),
the ratio of industrial to total water withdrawal in Finland, United Kingdom, France,
Canada and Russian is 84%, 75%, 74%, 69%, and 64%, respectively. Industrial water withdrawals were taken from the WWDR-II data set (Shiklomanov, 1997; World
Resources Institute (WRI), 1998; Vörösmarty et al., 2005) and assumed to be constant over the year, similar to the study of Hanasaki et al. (2006). A large amount
of industrial water is used for cooling of thermal and nuclear power generation and
returned to the river after use (Shiklomanov, 2000b) and most of the industrial water
is recycled or reused, especially in developed countries (e.g., Japan). Oki et al. (2001)
suggested that the recycling ratio for industry is 86%. Later, Oki and Kanae (2006)
indicated that nearly 80% of water withdrawn for the industrial sector in Japan is
currently recycled (Ministry of Land, Infrastructure, and Transport in Japan, 2007).
The recycling ratio is considered as high as the one for Japan in other developed
countries.
Because of a lack of data, we generalized the recycling ratio for other countries
on the basis of the historical development of the recycling ratio of Japan (19652007; see also Figure 3.1). The ratio was obtained from Japanese Ministry of Land,
Infrastructure and Transport (Ministry of Land, Infrastructure, and Transport in
Japan, 2007). On the basis of their Gross Domestic Product (GDP) per capita, we
classified countries into three groups of economic development (World Bank (WB),
2006, 2007) (country classification2 ): (1) developing (i.e., low income) economies, (2)
emerging (i.e., middle income) economies and developed (i.e., high income) economies
(see Table 3.2).
2

http://data.worldbank.org/about/country-classifications/, accessed 2006
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Equally, we classified the historical development of Japan on the same grounds,
using indexed data for 2000 considering deflation (GDP deflator (World Bank (WB),
2006, 2007)) and averaged the recycling ratio for each development stage, respectively
40%, 65% and 80%. China is classified as an emerging country and its recycling ratio
of about 60 to 65% for 2004 (Ministry of Water Resources of China3 ) agrees well with
the estimate obtained from Japan. To estimate the net industrial water demand,
gross industrial water demand data of the WWDR-II were multiplied with the complement of the generalized recycling ratio of each country (60%, 35%, or 20%). If
there were no GDP data available, the original gross demand was used without reduction to emphasize the detrimental effect of untreated spillage on water availability.
4

Domestic Water Demand

Domestic water demand is a complex function of socioeconomic and climatic factors
as well as public water policies and strategies (Babel et al., 2007). We evaluated
annual courses or monthly fluctuations in domestic water demand for selected countries representing a wide range of environmental and socioeconomic conditions: Japan
(Ministry of Land, Infrastructure, and Transport in Japan, 2007), Spain (MartinezEspiñeira, 2002), Australia (Loh and Coghlan, 2003), Iran (Mahvi and Norouzi, 2005),
and Nigeria (Nyong and Kanaroglou, 1999). In general, there is a higher demand in
summer, when water availability may be at its ebb. Therefore, monthly domestic
water demand was estimated as a function of temperature:
WDom,m

WDom,a
·
=
12





T − Tavg
· RDom + 1.0
Tmax − Tmin

(3.8)

where WDom is the domestic water withdrawal [million m3 ] based on the WWDR-II
(Vörösmarty et al., 2005). Subscripts m and a denote month and year, respectively.
T, T Avg , T min , and T max are the monthly temperature and the average, minimum,
and maximum temperature over the year, respectively [all in ◦ C], as obtained from
the CRU climatology (1961-1990) (New et al., 1999). R Dom is the amplitude [dimensionless], the relative difference in domestic water demand between the months
with the warmest and the coldest temperatures. Here we used a value of 10% or 0.1
that fitted the small variations in Japan and Spain and the near-constant values for
tropical Nigeria best.
Identical to the industrial sector, a substantial part of water withdrawn for domestic sector is returned, purified or not, to the river network (Shiklomanov, 2000b) (see
also Figure 3.1). This fraction largely depends on a presence and an advancement
of the sewer system. To quantify the net water demand for the domestic sector, we
applied the same recycling ratio as estimated for the industrial sector but multiplied
3

http://www.mwr.gov.cn/english/
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it with the fraction of the urban population that was assumed to be connected to the
sewer system:
DDom,m = WDom,m · (1 − (Furban · RIndustry ))

(3.9)

where D Dom is the net domestic water demand [million m3 ], Furban is the fraction of
urban to total population [dimensionless] and R Industry is the recycling ratio derived
for the industrial sector [dimensionless].

3.2.3 Desalinated Water Use
The amount of water from particular resources (i.e., desalinated water use and groundwater abstraction; Figure 3.1) can be extremely important in regions where surface
water is scarce in quantity or quality. Desalinated water, for example, is drawn from
oceans and used in many desert regions of the world (e.g., the Middle East), its volume increasing each year. We obtained the latest data of desalinated water use from
the FAO AQUASTAT database. According to FAO AQUASTAT, the total amount
of desalinated water use was around 4.6 km3 yr−1 in the year 2000. Kazakhstan used
the largest amount, around 1.3 km3 yr−1 . Population data of the WWDR-II (Elvidge
et al., 1997a,b; Environmental Systems Research Institute (ESRI), 1993; Tobler et al.,
1995) were used to downscale the country statistics. We weighed desalination by the
population density in a ribbon up to 40 km from the coast as this population has
ready access to desalinated water. Desalinated water use was assumed to be constant
over the year (Figure 3.2). Desalinated water use was eventually subtracted from
the blue water demand as this alleviates the demand that has to be met from the
available surface fresh water.
3.2.4 Nonrenewable Groundwater Abstraction
Groundwater is in demand all over the world because of its high quality or to supply
water when surface water is scarce or absent altogether. On the global scale groundwater satisfies 40% of the need of self-supplied industry, 20% of the irrigation water
demand and 50% of the demand of drinking water supply (Zektser and Everett, 2004).
Global groundwater abstraction was obtained from the GGIS (Global Groundwater
Information System) of IGRAC (International Groundwater Resources Assessment
Centre4 ) as annual groundwater abstraction in m3 per capita per country and for
major groundwater regions of the world. The data is not available in Afghanistan,
Myanmar, Nepal, Sri Lanka, North Korea, the former Yugoslavia and several countries in Africa and South America where no groundwater abstraction rates have been
reported in GGIS. Groundwater abstraction was indexed for the year 2000 on the basis of population. Annual groundwater abstraction was then spatially downscaled into
0.5◦ by using an intensity of the annual total water demand per cell over a country.
4
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Groundwater abstraction was subsequently disaggregated into monthly values on
the basis of the monthly total water demand. For both desalinated water use and
groundwater abstraction, country statistics were weighed by extent whenever multiple
countries were present in a 0.5◦ cell (i.e., up to four countries in one grid cell in this
study). Importantly, if the groundwater that is abstracted is renewable, i.e., smaller
than the groundwater recharge, it has no bearing on the water stress analysis. This,
because water thus abstracted will only decrease the base flow to the river (simulated
by PCR-GLOBWB), and it makes no difference if this water is available from surface
water or by abstraction. However, the amount of groundwater that is abstracted in
excess of groundwater recharge will, albeit temporally and nonrenewably, decrease
the demand for blue water or river discharge (Wada et al., 2010). As we aim to assess
the blue water stress, the nonrenewable groundwater abstraction is subtracted from
the total water demand. Figure 3.3, as taken from (Wada et al., 2010), shows the
nonrenewable groundwater abstraction [million m3 yr−1 ] calculated by subtracting the
natural groundwater recharge [million m3 yr−1 ] as simulated by PCR-GLOBWB from
the groundwater abstraction [million m3 yr−1 ]. The global nonrenewable groundwater
abstraction is 309 km3 yr−1 , which is 42% of the total groundwater abstraction of
734 km3 yr−1 . Nonrenewable groundwater abstraction is particularly large in North
West (NW) and southern India, North East (NE) Pakistan, NE China, central and
western USA, Mexico, southern Spain and northern Iran. This study thus identifies
the regions that are currently under diminished water stress, but where water stress
can be expected to increase in the near future when groundwater aquifers become
unattainable (i.e., groundwater levels fall too deep).

3.3

Results

3.3.1 Irrigation Water Demand
To place our results in the context of existing water scarcity studies we start by comparing our estimated irrigation water demand with previous studies. We estimate
the global annual amount of irrigation water required to satisfy the additional cropspecific transpiration (D IrrN et , equation 3.5) to be 1176 km3 yr−1 on average over
the period 1958-2001, while that required to meet the total net irrigation blue water
demand (D IrrGross , equation 3.7) amounts to 2057 km3 yr−1 ; spatial distribution and
seasonal variations are shown in Figure 3.4. These results compare well with those
of Döll and Siebert (2002), Hanasaki et al. (2006), Rost et al. (2008), and Wisser
et al. (2008), who estimated these values ranging from 1092 to 1364 km3 yr−1 and
from 2254 to 3100 km3 yr−1 . Because of the inclusion of additional losses, total net
irrigation water demand is larger than the estimated vapor flux over irrigated areas
of 1800 km3 yr−1 by Shiklomanov (2000b) but lower than the estimate of km3 yr−1
by Wisser et al. (2008) that is based on the same climatology and irrigated areas
but considered higher losses because of irrigation efficiency (between 1.4 and 2.8 (cf.
Döll and Lehner, 2002)). According to the FAO AQUASTAT database, the annual
agricultural water withdrawal was 2483 km3 yr−1 for 2002. Figure 3.5 compares per
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country the annual agricultural water withdrawal as reported by the FAO AQUASTAT database with the sum of the computed livestock and irrigation water demand.
Overall, the correlation between the reported and simulated values is high (R 2 =
0.98) and good results were obtained for the largest users of irrigation water (i.e.,
India, China, and USA). However, overall the simulated values are 15% lower than
the reported ones. Underestimation is particularly large for countries with paddy cultivation (e.g., Indonesia, Thailand, and Japan) for which the efficiency factor of 1.2
may be too optimistic and multiple cropping calendars very uncertain and for countries for which total irrigated area estimates are poor (e.g., Iraq, Iran, and Egypt). In
addition, the reported withdrawals generally exceed the simulated blue water demand
as the latter does not explicitly consider return flow. Overestimation occurs for more
developed countries that may not exploit the irrigated areas fully (e.g., Russia) or
where irrigation is more efficient (e.g., New Zealand, France, and Australia). Also,
the reported totals are those of agricultural water withdrawals and the inclusion of
livestock water withdrawal may constitute another source of error (e.g., Germany and
Romania). As indicated by the Y error bars and as observed by Wisser et al. (2008)
the interannual variability in irrigation water demand is relatively small (coefficient
of variation less than 10%). In contrast, estimates of irrigation water withdrawal are
very uncertain for want of reliable national statistics and more points fall within the
uncertainty band around the 1:1 line (e.g., Jamaica and Ethiopia).
3.3.2 Static Water Stress
Table 3.3 compares our estimate of water stress with those of other authors (e.g., Arnell, 1999, 2004; Alcamo et al., 2000, 2003b; Vörösmarty et al., 2000b; International
Water Management Institute (IWMI), 2000; Oki et al., 2001; Oki and Kanae, 2006;
Islam et al., 2007) in terms of global population exposed to different degrees of blue
water stress. Estimates vary considerably depending on the spatial resolution (i.e.,
country, watershed, or grid based). Country-based estimates generally return lower
values for the population under water stress compared to watershed and grid-based
estimates as they hide substantial within-country variation of water availability and
demand (Arnell, 2004). Previous watershed and grid-based estimates of the population under severe water stress range from 1.2 to 2.7 billion when based on annual
totals of water availability and demand. In comparison, we estimate the total global
population in the year 2000 experiencing severe water stress to be 1.1 billion while
0.6 billion experience moderate water stress. This estimate on annual totals is close
to the one by Islam et al. (2007) for the same benchmark year. However, the total
population under severe water stress is lower for our study than for any other study
except the country-based estimates. Besides differences in blue water availability
arising from variations in simulated runoff (Van Beek et al., 2011, Table 2.6) and
the inclusion of upstream local water consumption not taken into account in other
studies (e.g., Oki et al., 2001), the main reason for the observed difference is a lower
water demand. This study applied a recycling ratio to the industrial and the domestic
sector to account return flow and considered green water availability in the definition
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Figure 3.5 Comparison between simulated net blue water demand for livestock and irrigation (y axis) and reported agricultural water withdrawals (x axis) per country. Reported
values are taken from the FAO AQUASTAT database over the period 1998-2002. X error
bars are based on the estimated agricultural water withdrawal for 90 developing countries
by FAO compared to the observed value reported to the AQUASTAT database (Food and
Agriculture Organization of the United Nations (FAO), 2008). Simulated values are representative for the year 2000. Y error bars are based on the range in net irrigation blue water
demand due to variations in green water availability over the simulation period 1958-2001.
Selected countries are identified by their ISO country codes.

of irrigation water demand, thus defining this assessment in terms of net rather than
gross blue water demand. In addition, this study considered the additional availability of the desalinated water use and the nonrenewable groundwater abstraction which
was subtracted from the total water demand as our objective is to assess current blue
water stress as described in the Sections 3.2.3 and 3.2.4.
When based on the monthly averaged, climate-induced water stress over the period 1958-2001, the total global population in the year 2000 experiencing severe water
stress is estimated to be 1.7 billion while 0.8 billion experience moderate water stress.
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These figures are more than 40% higher than those based on the annual totals as
seasonal and interannual variability in availability are taken into account in case of
the irrigation water demand and the domestic water demand. Figure 3.6 shows the
global distribution of areas experiencing different degrees of water stress based on the
annual and the monthly totals of water availability and water demand (Figures 3.6a
and 3.6b). In addition, a comparison is made between the assessments at different
temporal resolutions by means of the t test of equation 3.3 (Figure 3.6c). Compared
to conventional assessments on an annual basis, this test shows a clear increase in
water stress (see Table 3.3), as also observed by Hanasaki et al. (2008b) in a recent
assessment of water stress at a fine temporal scale over the period 1986-1995. Identical to the study by Hanasaki et al. (2008b), the following regions emerge as suffering
from moderate to severe water stress (Figure 3.6c): central North America, eastern
South America, the Mediterranean, the Ukraine, central Russia, the Sahel, central
Africa, India and South East (SE) Asia, NE China, Indonesia, and parts of Australia.
Figure 3.7 shows the seasonality of water stress, highlighting these problem regions
with considerable water stress as temporal variability is a decisive factor for water
stress assessment especially for the regions experiencing wet and dry seasons such
as the (sub)tropics. However, compared to the study of Hanasaki et al. (2008b) the
inclusion of particular water resources in this study remediates water stress in areas
where desalination and (nonrenewable) groundwater abstraction are important, e.g.,
the Arabian Peninsula for desalinated water use and NW India, NE Pakistan, NE
China, central and western USA, Iran, and Saudi Arabia for nonrenewable groundwater abstraction. Thus, although the number of persons suffering from moderate
water stress is roughly equal in both studies, our estimate of people suffering from
severe water stress is lower (Table 3.3).
3.3.3 Comparison of Static Water Stress With Country Records
The assessment on the basis of the monthly totals allows for a comparison of the dynamics of water stress against long-term observations. To obtain the historical trend
of the WSI on a national scale, the monthly WSI was averaged over all pertinent cells.
As a consequence, the country-averaged WSI is not capable of capturing water shortage that occurs in a particular part of a country (see Section 3.3.3). Moreover, WSI
levels associated with water scarcity may differ from those identified in Section 3.2.1.
This does not invalidate the comparison as indicators of water scarcity at the national
level may differ from the general levels delineated by Falkenmark et al. (2007). The
water stress over the past 44 years was then compared with observed water shortage (i.e., drought) in the countries which are located in temperate, (sub)tropical and
(semi)arid climates. We selected the following countries where people suffer periodic
water shortage and past observed drought events were sufficiently recorded in the
literature: the Netherlands, Japan, the Philippines, Afghanistan, Pakistan, Malaysia,
Zimbabwe, and the state of Virginia. Figure 3.8 shows the simulated WSI of this study
on both amonthly and an annual temporal scale for those countries over 1958-2001.
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The comparison shows that the simulated monthly WSI captures observed extreme
or major drought events reasonably well in most of these countries (see Section 3.3.3
for detailed descriptions) while the simulated annual WSI is often too coarse in its
temporal resolution to capture high intensities of WSI caused by seasonal drought
events throughout the simulated period.

100

[-]

MAM

JJA

1

The Netherlands

According to the Netherlands Drought Study5 , the Netherlands experienced a very
dry year (i.e., once every 50 years) in 1959 and an extremely dry year (i.e., once every
200 years) in 1976 (Institute for Inland Water Management and Waste Water Treatment, 2003). The droughts of 1959 and 1976 were more intense than any other years
because of a pronounced rainfall deficit, the latter year also being associated with
extreme low flows of the River Rhine (recurrence period of 19 years for 2003 compared to 67 and 178 years for 1959 and 1976, respectively (Beersma and Buishand,
2004; Beersma et al., 2004). Other peaks are observed for the years 1974, 1981-1983,
1991 and 1995-1996 (Figure 3.8a) characterized by rainfall deficits and low flows for
the Rhine. Large rainfall deficits caused the second driest summer on record for the
5

http://www.droogtestudie.nl/
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year 1983 and caused the longest drought on record for the years 1995-1996. The
simulated monthly WSI captures these drought events well. However, the simulated
annual WSI is not capable of reproducing the high intensity of each major drought
event (see Figure 3.8a).
2

Japan

Figure 3.8b shows the estimated water stress and drought events for Japan. Drought
events are represented by the number of days of drought, i.e., the total number of days
on which the water supply was suspended for the three sectors (i.e., agriculture, industry and households and municipalities) per region (about 150 regions in Japan; in
this case, state/province > region > city/town), by Ministry of Land, Infrastructure,
and Transport in Japan (2007). Japan experienced intense water stress in the years
1973, 1978 and 1994. Water stress was particularly intense in the years 1978 and 1994
when for several weeks the water supply was suspended in the city of Fukuoka and
Matsuyama for nearly 20 h a day (Japanese Meteorological Agency (JMA), 2002).
Overall, the severity of droughts is well approximated by the simulated monthly WSI
with a notable exception for 1967. According to the Japanese Meteorological Agency
(JMA) (2002), severe water shortage occurred particularly in southern Japan (i.e.,
Kyushu) in the year 1967, which is not captured by the country-averaged WSI. The
simulated annual WSI significantly underestimates the intensity of water shortage
throughout the simulation periods.
3

The Philippines

Drought recurrently occurs in the Philippines associated with an effect of El NiñoSouthern Oscillation (ENSO) (Wilhite, 1992). Figure 3.8c shows the simulated WSI
and the number of persons affected by drought events in the Philippines by National
Disaster Coordinating Council (NDCC) (1999). The severe drought hit the Bicol
region in the years 1968-1969 and the Central Luzon in the years 1972-1973 and affected nearly one million hectares of agricultural land in Central Luzon in the years
1982-1983 (National Disaster Coordinating Council (NDCC), 1999; Bankoff, 2002).
Large rainfall deficits caused a severe drought in the years 1987-1988 resulting 46 of
the 78 provinces being declared calamity compared with only 16 and 6 in the droughts
of the years 1990 and 1991, respectively (Wilhite, 1992). Drought in the years 19921993 affected around half a million hectares of agricultural land (National Disaster
Coordinating Council (NDCC), 1999). In the years 1997-1998, 50% deficit of the average rainfall between October and March over 90% of the country (Higashiura and
Rees-Gildea, 1998) caused reduced water supply throughout the country where 10%
of water supply and 4 h of daily water service were reduced in Manila and irrigation
water supply for 27,000 ha was cut off (Jegillos, 2007). Overall, the observed major
drought events are relatively well approximated by the simulated monthly WSI with
exceptions of 1992-1993 and 1995 when drought events mainly affected agricultural
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lands and particular regions, respectively.
4

Afghanistan

Afghanistan, characterized by (semi)arid climate, suffers from periodic droughts (Qureshi,
2002). Two intense droughts hit Afghanistan in the years 1970-1971 and 2000-2001,
which were more severe than any other years (Alim and Shobair, 2002). Precipitation was only around 60% of the average in 1970-1971 (Alim and Shobair, 2002). All
ephemeral rivers dried out in early spring and perennial rivers (e.g., Helmand, Farah
Rud, and Murghab) dried out in early to mid summer in 2000-2001. Two intense
droughts in 1970-1971 and 2000-2001 agree well with the simulated monthly WSI
(see Figure 3.8d). The simulated annual WSI also captures these droughts although
it largely underestimates the intensity of each event.
5

Pakistan

Pakistan being mostly (semi-)arid is prone to frequent droughts mainly caused by
rainfall deficits during the monsoon season. After the mid-1950s, the most intense
drought occurred in the year 1999 and continued up to the year 2002 (Ahmad et al.,
2004). This intense drought aggravated the water supply of the countrys already
high water-stressed situation (Asian Development Bank (ADB), 2005) resulting in
a water shortage of up to 51% of normal supply as the total flow in major rivers
declined more than 30% (Ahmad et al., 2004). The simulated monthly WSI captured the worst drought event of 1999-2001 (see Figure 3.8e). However, the simulated
monthly WSI also shows two other similar peaks during the mid-1960s and the year
1974 even though droughts in these periods were not as intense as the worst drought
of 1999-2001. As this study used the year 2000 as benchmark, past water demand
is overestimated. This is likely a main cause of the too high peaks of 1960s and
1974. The simulated annual WSI also shows the similar trend of water stress with
the monthly WSI and captures the worst drought event of 1999-2001. In Pakistan,
water stress or water shortage, is persistent or relatively nonseasonal over the years,
which enables the annual totals of water availability and water demand to reflect the
intensities of water stress close to that of the monthly WSI.
6

Malaysia

Two severe droughts hit Malaysia in its recent history. One occurred in the year 1983
and continued 6 months (Daily Express: Independent National Newspaper of East
Malaysia, 2008) and the other occurred in the year 1998 associated with the ENSO
(Shaaban and Sing, 2003). The drought of 1998 particularly affected 1.8 million
residents in South Kuala Lumpur City and disrupted domestic water supply for a
certain period from April to September (Shaaban and Sing, 2003). Most parts of
Sabah received less than 25% of the average rainfall from January to April in 1998
(Shaaban and Sing, 2003).
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Figure 3.8 Comparison of simulated, country-averaged monthly (red) and annual (black)
water scarcity index (WSI; left axis) over 1958-2001 for (a) the Netherlands, (b) Japan, (c)
the Philippines, (d) Afghanistan, (e) Pakistan, (f) Malaysia, (g) Zimbabwe, and (h) Virginia.
Labels indicate years with severe water scarcity; symbols represent drought events expressed
as days of drought for Japan (Figure 3.8b) and persons affected by drought events in million
for the Philippines (Figure 3.8c).
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The recurrence interval of 1998 drought was estimated to be more than 40 years
in some parts of Malaysia (Shaaban and Sing, 2003). The simulated monthly WSI
of this study agrees well with the two worst drought events of 1983 and 1998 (Figure 3.8f) while the simulated annual WSI is not capable of reproducing the drought
events which are characterized by the high peaks because of their large seasonality.
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Zimbabwe

The years 1980-1981 showed very wet conditions reminiscent of the mid-1970s and
annual rainfall was over 150% of the average in some areas (Bratton, 1988). However, Zimbabwe experienced the worst drought in the following years of 1982-1984
(Bratton, 1988; Wilhite, 1992; Maphosa, 1994). The drought of 1982-1984 was the
most intense on record because of the rainfall deficits in three consecutive years (Wilhite, 1992). This drought caused depletion of water reservoirs and water shortage
was prevalent throughout the country while domestic water supply was rationed in
urban areas (Bratton, 1988; Wilhite, 1992; Maphosa, 1994). Other major droughts
hit Zimbabwe in the years 1986-1987, 1991-1992 and 1994-1995 which particularly
affected agricultural production (Kinsey et al., 1998). The severity of the droughts
are overall well approximated by the simulated monthly WSI and the periods of wet
years by low WSI during the mid-1970s and 1980-1981 are captured as well (Figure 3.8g). The simulated annual WSI, on the other hand, shows the similar trend of
WSI with the monthly WSI but it underestimates the intensity of each drought event.
8

Virginia

Virginia, located halfway the eastern coast of the USA, is classified as a humid subtropical climate. Since the mid-1900s, Virginia has experienced several major or
statewide droughts (USGS6 ). The statewide drought of 1962-1971 was the most intense in its duration because of extensive low-flow conditions over several years and
the recurrence interval of the drought was estimated as 50 to 80 years (Nuckels et al.,
1990). The prolonged drought of 1962-1971 with its severity was well reproduced by
the simulated monthly WSI as shown in Figure 3.8h. The drought of 1988, being
not only statewide but also nationwide, was the most severe in its intensity because
of large rainfall deficit. Another major drought hit Virginia from 1998 to 2002 following the record wet months in which Virginia received well above-average rainfall
(Drought Monitoring Task Force, 2002). The drought of 1998-2002 was less prolonged but as severe as in its intensity compared to that of 1962-1971. While the
droughts of 1962-1971, 1988 and 1998-2002 are well reproduced by the simulated
monthly WSI (Figure 3.8h), the drought of 1980-1982, being less intense compared
to other droughts, is less well approximated as it mainly affected the James River
Basin (recurrence interval of 80 years compared to 15 years for the other regions of
Virginia). Similar to the monthly WSI, the annual WSI captures the drought events
reasonably well as drought events are fairly persistent in Virginia.

6

106

http://va.water.usgs.gov/drought/histcond.htm/

Table 3.3

Global assessments of world population experiencing blue water stressa .

Degrees of water stress
Per capita water availability
[m3 capita−1 yr−1 ]
WSI
World Meteorological Organization
(WMO) (1997)
Arnell (1999)
Vörösmarty et al. (2000b)
Oki et al. (2001)
Alcamo et al. (2000)
Revenga et al. (2000)
Oki et al. (2001)
Arnell (2004)
Vörösmarty et al. (2000b)
Oki et al. (2001)
Arnell (2004)
Islam et al. (2007)
Hanasaki et al. (2008b)f
This study
This study
a Per

No stress

Low stress

Moderate stress

Severe
stress

> 1,700

-

1,700 - 1,000

<1,000

WSI < 0.1

0.1 ≤ WSI < 0.2

1.7 (30%)

2.1 (37%)

1.4 (25%)

0.5 (9%)

2.0 (35%)
1.8 (32%)
3.1 (54%)
1.2 (21%)
3.2 (55%)
2.8 (49%)
3.8 (62%)
2.4 (46%)
3.8 (62%)
3.0 (49%)

1.7 (30%)
1.5 (27%)
0.5 (9%)
0.4 (7%)
0.6 (11%)
0.5 (8%)
0.6 (10%)
0.6 (10%)

1.4 (27%)
1.5 (26%)
1.5 (27%)
0.7 (12%)
1.2 (21%)
0.8 (14%)
0.4 (7%)
0.6 (11%)
0.8 (14%)
0.6 (10%)
0.9 (17%)
0.6 (10%)
0.8 (13%)

0.4 (8%) 5.2
0.5 (9%) 5.7
0.8 (14%) 5.6
2.1 (37%) 5.7
1.7 (30%) 5.7d
2.7 (48%) 5.6
1.4 (25%) 5.7
1.8 (31%) 5.8
1.7 (30%) 5.7
2.6 (46%) 5.7
1.2 (20%) 6.1
1.9 (37%) 5.2
1.1 (18%) 6.1
1.7 (28%) 6.1

Total Yearb

Spatial
resolution

Temporal
resolutionc

5.7 1995

Country

Annual

Country
Country
Country
Watershed
Watershed
Watershede
Watershed
0.5◦
0.5◦
0.5◦
0.5◦
1◦
0.5◦
0.5◦

Annual
Annual
Annual
Annual
Annual
Annual
Annual
Annual
Annual
Annual
Annual
Subannual
Annual
Subannual

0.2 ≤ WSI < 0.4 0.4 ≤ WSI

1990
1995
1995
1995
1995
1995
1995
1995
1995
1995
2000
1995
2000
2000

class, population is given in billions, and the corresponding fraction of the total population is in percent.
indicates the year of the population figure used for the estimates.
c Temporal resolution refers to the aggregation level of demand and availability. In the case of Hanasaki et al. (2008b) the aggregation
was on a daily value over the period 1986-1995; this study used monthly mean values over the period 1958-2001.
d Approximately 200 million people were unallocated on the global scale.
e Transport factor a was set to 0.0 in the watershed-based estimate so that no upstream water was available to downstream reach along
the river networks.
f Assessed by means of the cumulative withdrawal to demand ratio (CWD), which assesses the fulfillment of the demand on a subannual
basis, divided into equivalent categories of no stress, medium stress, and high stress on the basis of WSI < 0.2, WSI < 0.4, and WSI ≥
0.4, respectively. Shown are the values including both the effects of environmental flow and the reservoir operation scheme that are the
most compatible with this study.
b Year
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3.3.4 Seasonality, Severity, and Dynamic Water Stress
Figure 3.9 shows the dynamic water stress (equation 3.4) calculated over the 44
year period 1958-2001. By definition, it identifies all areas subject to actual water
scarcity (WSI ≥ 0.4) and the potential damage given the persistence and recurrence
of water scarcity. Highlighted are those areas experiencing frequent and persistent
water scarcity (DWSI ≥ 0.6), such as India, central North America, Sahel, parts of
the Pacific coast of South America and NE China, mostly associated with a irrigation
water demand. On the other hand, in SE United Kingdom, Russia and part of Brazil,
DWSI is lower, indicating the existence of infrequent or intermittent periods of actual
water scarcity. The DWSI equally identifies the Philippines, Pakistan, Afghanistan
and Virginia as regions experiencing frequent periods of actual water stress and the
Netherlands, Japan, Malaysia and Zimbabwe as regions experiencing infrequent water
stress as shown in Figure 3.8.

3.4

Discussion and Conclusions

With the study of Hanasaki et al. (2008a,b), this study assessed global blue water
stress with a finer temporal resolution than annual totals. Net blue water demand
was estimated for 2000 as benchmark year following the methods used in previous
studies (Vörösmarty et al., 2000b; Oki et al., 2001; Alcamo et al., 2003b; Flörke and
Alcamo, 2004; Siebert and Döll, 2008) but with the latest available data sets, with the
additional inclusion of seasonal variations in the domestic water demand, accounting
for desalinated water use and the nonrenewable groundwater abstraction and with
consideration of the spatially variable recycling ratios for the industrial and the domestic sector, and green water availability for the irrigated areas, thus assessing water
scarcity in terms of net rather than gross blue water demand. Blue water availability was computed by means of the macroscale hydrological model PCR-GLOBWB
over the period 1958-2001 with inclusion of the prognostic reservoir operation scheme
similar to Haddeland et al. (2006).
Using the annual totals of water demand, the estimated number of persons suffering from moderate to severe water stress in the year 2000 is 1.7 billion and is lower
than that of previous studies (Table 3.3). This number increases more than 40% to
2.5 billion when the monthly temporal variability over this period is considered. This
increase is largely attributable to the inclusion of climate variability although seasonal variation in demand also plays a role, particularly where blue water availability
is large but seasonal as is the case for the Asian monsoon belt. Meigh et al. (1999)
pointed out that water shortages often become apparent only as occasional deficits
at certain times of the year. Both the comparison of the assessments at the annual
and the monthly scale (Figure 3.6) and the DWSI (Figure 3.9) identify many regions
where the annual resolution is too coarse to identify the occurrence of water stress.
Moreover, the long-term assessment of water stress compared with the country-based
drought events reveals that the annual resolution significantly underestimates the
intensity of water stress in countries where drought events are seasonal (Figure 3.8).
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Our long-term assessment of monthly water stress and the DWSI illustrate Meigh
et al. (1999) argument for the first time on a global scale. The study also identified regions where actual water scarcity is a frequent and prolonged issue such as
India, central North America, Spain, and NE China, next to those where actual water scarcity is infrequent and intermittent such as SE United Kingdom, Brazil, and
Russia.
Various sources of uncertainty are associated with the estimates of water demand
and water availability used in this study. Data availability and consistency are major
constraints to the definition of water demand at the scale of an individual year,
in this case 2000, let alone a substantial period, for example the years 1958-2001.
This explains the choice for a single benchmark year. The comparisons with actual
water scarcity for seven countries and one state indicate (Figure 3.8) that the results
are relatively insensitive to this choice, with past events being successfully identified
regardless of the demand estimated only for the year 2000. It thus appears that
climatic variability, reflected in local rainfall deficits and regional low-flow conditions,
is often the main determinant of water stress in developed countries. Figure 3.8 also
shows that water demand likely plays a significant role in emerging countries such
as Pakistan when including the effects of an increasing population and heightened
water demand. Therefore, reliable estimates of water demand are indispensable to
improve the assessment of water stress especially when considering the increased
standard of living in populous emerging and developing countries (e.g., China, India,
and Pakistan) (Meinzen-Dick and Rosegrant, 2001). Notwithstanding the scarcity of
data, substantial improvements have been obtained in the assessment of the irrigation
water demand which is the largest amount among all the sectors, comprising 70% of
the total water withdrawal (Table 3.2). Estimates of the irrigation water demand
are robust and compare well with the reported values of the AQUASTAT database
(Figure 3.5). Important sources of uncertainty for irrigation water demand are biases
in climatic forcing, discrepancies in irrigated area, poor estimates of the irrigation
efficiency and imprecise and prescribed calendars of multiple cropping systems.
Although this study allows for the assessment of the vulnerability of the presentday population to water stress, the assessment of future water including the effect of
climate change and socioeconomic developments (e.g., IPCC scenarios) is of greater
scientific and societal importance. As this study confirms and identifies areas that
are liable to water scarcity by increasing the temporal resolution, as it explores new
data resources and approaches to assess water scarcity and as it highlights sources
of uncertainty, it may help to increase the reliability of coming assessments of future
water scarcity.
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Modelling global water stress of
the recent past: on the relative
importance of trends in water
demand and climate variability

Based on: Wada, Y., Van Beek, L. P. H., Bierkens, M. F. P. (2011), Modelling
global water stress of the recent past: on the relative importance of trends in water
demand and climate variability, Hydrology and Earth System Sciences 15, 3785-3808,
doi:10.5194/hess-15-3785-2011.
Abstract
During the past decades, human water use has more than doubled, yet available freshwater
resources are finite. As a result, water scarcity has been prevalent in various regions of the
world. Here, we present the first global assessment of past development of water stress considering not only climate variability but also growing water demand, desalinated water use
and nonrenewable groundwater abstraction over the period 1960-2001 at a spatial resolution
of 0.5◦ . Agricultural water demand is estimated based on past extents of irrigated areas and
livestock densities. We approximate past economic development based on GDP, energy and
household consumption and electricity production, which are subsequently used together
with population numbers to estimate industrial and domestic water demand. Climate variability is expressed by simulated blue water availability defined by freshwater in rivers,
lakes, wetlands and reservoirs by means of the global hydrological model PCR-GLOBWB.
We thus define blue water stress by comparing blue water availability with corresponding
net total blue water demand by means of the commonly used, Water Scarcity Index. The
results show a drastic increase in the global population living under water-stressed conditions (i.e., moderate to high water stress) due to growing water demand, primarily for
irrigation, which has more than doubled from 1708/818 to 3708/1832 km3 yr−1 (gross/net)
over the period 1960-2000. We estimate that 800 million people or 27 % of the global population were living under water-stressed conditions for 1960. This number is eventually
increased to 2.6 billion or 43 % for 2000. Our results indicate that increased water demand
is a decisive factor for heightened water stress in various regions such as India and North
China, enhancing the intensity of water stress up to 200 %, while climate variability is often
a main determinant of extreme events. However, our results also suggest that in several
emerging and developing economies (e.g., India, Turkey, Romania and Cuba) some of past
extreme events were anthropogenically driven due to increased water demand rather than
being climate-induced.
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4.1

Introduction

Freshwater (i.e., blue water) is a vital resource for various human activities and food
production. Yet, the available amount is finite. Large numbers of reservoirs have
been constructed to store water, but the increase of impoundment by dams has been
tapering off since the 1990s (Chao et al., 2008). At the same time, water needs, primarily for irrigation, have been increasing rapidly since the 1960s. Figure 4.1 shows
past trends of water withdrawal, along with the increase in population, GDP and irrigated areas for the globe and each continent. The global water withdrawal increased
at a rate of 17 % per decade between 1960 and 2000 (Vörösmarty et al., 2005), and
eventually doubled to 4000 km3 yr−1 in 2000. For North America and Europe, the increase became smaller after the 1980s, whilst water withdrawal consistently increased
for Asia, South America, Africa and Oceania for the period 1960-2000. As a result,
water scarcity has become prevalent in many regions of the world (e.g., India, China
and the Middle East). The United Nations report that water scarcity is beginning to
constrain economic growth in those regions (World Water Assessment Programme,
2009).
To assess global freshwater scarcity (i.e., blue water stress) various studies applied global hydrological models (GHMs) commonly at a spatial resolution of 0.5◦
(i.e., 50 km by 50 km at the equator). An overview of those studies is shown in Table 4.1. In several GHMs (e.g., H08 and PCR-GLOBWB) reservoir operation schemes
have been implemented to better represent altered seasonal river flow when reservoirs
are present to store water for drier periods with enhanced demand. Also, the reduction
of river discharge by upstream human water consumption through river networks has
been simulated by using exogenous runoff scheme (cf. Oki et al., 2001; Wada et al.,
2011b). In many studies, water scarcity is expressed by the Water Scarcity Index
(WSI; see Section 4.2.1) in which simulated freshwater availability is confronted with
estimated water demand. As shown in Table 4.1, the resulting estimates of population under high water stress (i.e., WSI ≥ 0.4) vary considerably. Grid-based estimate
results in higher values, as a country-based estimate hides substantial within-country
variation of water availability and demand (Arnell, 2004) while subannual assessments
capture seasonal variations of water stress and thus return higher values than annual
assessments (Hanasaki et al., 2008b; Wada et al., 2011b). Despite these differences,
most studies indicate high water stress in many (semi-)arid regions such as India,
Pakistan, North East China, Central and West USA, North Africa, Iran, Saudi Arabia, South Spain and parts of Australia. In such regions, the demand often exceeds
the available surface freshwater resources due to heavy irrigation (UNEP, 1996) which
requires large volumes of water in a certain time of the year, when groundwater is additionally used to supplement the deficiency. Only Wada et al. (2011b) have explicitly
incorporated groundwater abstraction in their water stress assessment.
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Figure 4.1 Past trends of water withdrawal, population, GDP and irrigated areas from
1960 to 2000 for the globe and each continent. They are all indexed to 2000 to characterize their development against water withdrawal. Water withdrawal, population, GDP
and irrigated areas were taken from Shiklomanov (2000a,b), World Bank and FAOSTAT,
respectively.

The previous assessments, which are listed in Table 4.1, have identified regions
suffering from current water stress and vulnerable to future water stress due to the
effects of climate change, yet almost no global studies have assessed the past development of water stress. One exception is a recent study of Kummu et al. (2010).
Their results indicated that 1960 is a clear turning point and showed that the global
population experiencing high water stress soared from 0.3 to 2.3 billion, i.e. 9 % to
35 % of the global population, over the period 1960–2005, while the figure was less
than 0.1 billion before the 1940s. However, they estimated water demand based on
population growth only, such that neither past expansion of irrigated areas nor economic growth was considered. Moreover, their coarse spatial and temporal resolution
neglected significant spatial and inter- and subannual variability of water demand
and availability.
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Table 4.1

Previous model based assessments of global blue water stress.

Gross/Net water demand
(Livestock, Irrigation,
Industry, Domestic)

Population under
high water stress
(billion; % of total)

Year

Spatial
resolution

Temporal
resolution

0.4 (8%)

1990

Country

Annual

Future scenarios
(Sc1, Sc2, Sc3)

1.8 (31%)

1995

0.5◦

Annual

Irr., Ind., Dom. (Gross)

Future scenarios
(Business-as-usual)

2.1 (37%)

1995

Watershed

Annual

Exogenous runoff scheme

Irr., Ind., Dom. (Gross)

–

1.7 (30%)

1995

0.5◦

Annual

–

Irr., Ind., Dom. (Gross)

Future scenarios
(A1, A2, B1, B2)

1.4 (25%)

1995

Watershed

Annual

Virtual water flow

1.2 (20%)

2000

0.5◦

Annual

Liv., Irr., Ind., Dom.
(Gross)

Future scenarios (A2, B2)

2.3 (40%)

1995

0.5◦

Annual

Reservoir routing scheme
(Hanasaki et al., 2006)

Irr., Ind., Dom. (Gross)

Environmental flow
requirements

2.4 (46%)

1995

1.0◦

Subannual

–

Per capita water
withdrawal (Gross)

Millennial assesment
(Years: 0-2005)

2.3 (35%)

2005

FPUs (Food
Producing
Units)

Several decades

1.1 (18%)annual
1.7 (28%)subannual

2000

0.5◦

Annual
Subannual

Previous studies

Global hydrological model
(spatial resolution)

Reservoir/River routing
scheme

Arnell (1999)

Macro-PDM (0.5◦ )

–

Vörösmarty et al.
(2000b)

WBM (0.5◦ )

Reservoir routing scheme
(Vörösmarty et al., 1997)

Irr., Ind., Dom. (Gross)

Alcamo et al. (2000)

WaterGAP (0.5◦ )

–

Oki et al. (2001)

TRIP (0.5◦ )

Arnell (2004)

Macro-PDM (0.5◦ )

Islam et al. (2007)

TRIP (0.5◦ )

Alcamo et al. (2007)

WaterGAP (0.5◦ )

Lake and wetland scheme
(Döll et al., 2003)

Hanasaki et al.
(2008a,b)

H07 (1.0◦ )

Kummu et al. (2010)

STREAM (0.5◦ )

Wada et al. (2011b)

PCR-GLOBWB (0.5◦ )

Additional components

Future scenario
Irr., Ind. Dom. (Gross) (Conventional development
scenario)

Unit water requirements to
Exogenous runoff scheme
produce crop and livestock
(Oki et al., 2001)
commodities (Gross)

Reservoir routing scheme
Groundwater abstraction
(Van Beek et al., 2011) Liv., Irr., Ind., Dom. (Net)
Desalinated water use
Exogeneous runoff scheme

To quantify the development of past water stress considering the effects of not
only population growth but also economic growth and expanding irrigated areas at
a finer temporal and spatial scale, we develop a method to reconstruct past monthly
water demand for agricultural, industrial and domestic sectors from 1960 to 2001 at
0.5◦ , while blue water availability is simulated using the global hydrological model
PCR-GLOBWB at the same spatial and temporal resolution. Past water demand is
estimated by using the latest available global data sets of socio-economic (e.g., population and GDP), technological (e.g., energy and household consumption and electricity production) and agricultural (e.g., the number of livestock and irrigated areas)
drivers. In addition, apart from most of the previous studies, the development of
desalinated water use and groundwater abstraction are explicitly considered for the
same period since these particular water resources provide additional water availability and subsequently reduce blue water demand.
Throughout the paper we will consistently use the term water demand rather
than withdrawal to indicate that we can only estimate potential use, i.e. the water
that would be used by a given activity or sector if sufficient water were available
(see Figure 4.2). Withdrawal is the amount of water that is actually extracted from
available water resources including surface freshwater, groundwater and desalination,
part of which is consumed or returned. Demand, on the other hand, indicates only
potential amount. In many (semi-)arid regions, potential demand can not be satisfied
due to limited available water resources and only part of demand that can be met
by available water resources is actually withdrawn. In many analyses (e.g., Döll and
Siebert, 2002; Wisser et al., 2008; Wada et al., 2011b) one distinguishes gross demand
from net demand. The latter is sometimes equated with consumptive water use (e.g.,
Döll and Siebert, 2002). Net demand is consequently lower than gross demand as
water withdrawn for industrial and domestic sectors is recycled and returned to river
networks while part of water used for irrigated crops is met by green water (i.e., soil
water).
Thus, the main objective of this study is to test the method to reconstruct past
water demand and most importantly to quantify the transient effects in past development of blue water stress considering not only climatic variability but also growing
water demand over the period 1960–2001. The results pinpoint regions where water
stress is intensified by climate variability, e.g. decreased water availability, and/or
growing water demand. Such insight is necessary when coping with future potential
water scarcity.

4.2

Methodology

4.2.1 Definition of blue water stress
We define water stress by comparing blue water availability with corresponding net
total water demand for each grid cell, i, at 0.5◦ . WSI is defined as a means to
express how much of the available water is taken up by the demand (Falkenmark,
1989; Falkenmark et al., 1997):
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(DT otNet i − (DSWi + NRGWi ))
(4.1)
W Ai
where DT otNet i is the net total water demand as a sum of livestock, irrigation, industrial
and domestic water demand, DSW and NRGW are the desalinated water use and the
nonrenewable groundwater abstraction, i.e. abstraction in excess of recharge, and
WA is the surface freshwater availability [all in 106 or million m3 yr−1 ]. We use the
monthly average of net demand and availability for water stress assessment at monthly
time-steps.
It should be noted that this study focuses on blue water stress only. Although
we are able to compute nonrenewable groundwater abstraction rate per grid cell (see
Section 4.2.6), absolute amount of available nonrenewable groundwater resources is
unknown, i.e. data does not exist. We thus subtract the amount of nonrenewable
groundwater abstraction from net total water demand to compute net total blue
water demand. In addition, we also subtract the amount of desalinated water use
from net total water demand.
In Equation 4.1, water stress occurs whenever the amount of water demand reaches
a certain threshold in that of water availability in a same sptio-temporal domain,
i.e. grid cell. Moderate water stress occurs between 0.2 ≤ WSI < 0.4 while high water
stress occurs WSI ≥ 0.4 (Falkenmark et al., 2007). Although the definitions do not
exactly match, these thresholds are often assumed equivalent to per capita water
availability of 1700 and 1000 m3 yr−1 and 1000 m3 yr−1 respectively (Kundzewicz et al.,
2007).
WSIi =

4.2.2 Simulation of blue water stress
To distinguish the effect of growing water demand from that of climate variability
on the development of past water stress, we performed two simulation runs over the
period 1960–2001. First we simulated transient blue water stress in which we used
transient net total blue water demand (1960–2001) and blue water availability (1960–
2001) (see Equation 4.1). Second we simulated blue water stress again but with fixed
net total blue water demand for 1960 and transient blue water availability (1960–
2001). It should be noted that, for the second simulation, we computed irrigation
water demand for the irrigated areas of the year 1960 but with inclusion of longterm climate variability (1960–2001). As a result, irrigation water demand varies
over the period 1960–2001 due to changing climate conditions (i.e., precipitation and
green water) while industrial and domestic water demand remain constant over the
period. This consequently enabled us to quantify the effect of anthropogenic causes
(i.e., increase in irrigated areas, population growth and economic development) on
blue water stress by comparing the results of the first and second simulation runs.
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Figure 4.2 Flow chart of computation of sectoral water demand and blue water stress with input data sources.
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Moreover, we applied a linear regression for both results with a level of significance
of 95 % to analyze trends of the first and second simulation runs over the period
1960–2001. The trend of the second simulation enables us to quantify the impact
of climate variability on a development of past water stress while the differences in
trends between that of the first and second simulation enable us to quantify the effects
of growing water demand. We used yearly average and maximum blue water stress
for both simulations respectively. Maximum blue water stress was defined by the
month with the highest water stress each year.
4.2.3 Reconstruct past water demand over the period 1960–2001
Data on country-specific water withdrawal is obtainable from the FAO AQUASTAT
data base and the WRI1 , but it generally has a limited temporal and spatial coverage.
Moreover, country statistics on consumptive water use rarely exist. For these reasons,
most of previous studies estimate sectoral water demand from various data. Irrigation
water, being by far the largest demand among sectors, is estimated by using spatially
distributed irrigated areas which are available from several sources commonly at 0.5◦
such as Global Map of Irrigated Areas (Döll and Siebert, 2002; Siebert et al., 2005),
GIAM (Thenkabail et al., 2006, 2008), Ramankutty et al. (2008) and MIRCA2000
(Portmann et al., 2010). Temporal coverage of these data is, however, limited to
the present condition, i.e. around the year 2000. To overcome the lack of available
spatially-explicit data, we downscaled the country statistics of the number of livestock, the extent of irrigated areas and population numbers to 0.5◦ and used these
to reconstruct past water demand over the period 1960–2001. Past economic development was approximated by using GDP, energy and household consumption and
electricity production. To compute net demand, we estimated return flow for industrial and domestic sectors by using spatially explicit recycling ratios and accounted
green water availability which was simulated by PCR-GLOBWB to partition water
used for irrigated crops into blue and green water sources. To capture seasonal variations characterised by high demand and low availability at certain times of the year,
water demand and water availability were computed per month.
Figure 4.2 shows a flow chart that describes how we computed sectoral water
demand from various data sources. In the following sections the computation of
sectoral water demand is subsequently described in more detail.
1

Livestock water demand

Livestock water demand shares less than 1 % of the global gross water demand and
the amount is small in most countries compared to the other sectors. However,
livestock water demand is not negligible in some of African countries. For example,
in Botswana where people suffer from periodic water scarcity, livestock water demand
is larger than irrigation water demand and accounts 23 % of the total water demand
(Els and Rowntree, 2003).
1
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http://www.wri.org/

We computed livestock water demand by combining livestock densities (i.e., the
number of livestock per grid cell) with their drinking water requirements (see Figure 4.2). Water demand for irrigated pasture or fodder grasses for feeding livestock is
included in irrigation water demand (see Section 4.2.3). The gridded global livestock
densities include separate maps for cattle, buffalo, sheep, goats, pigs and poultry in
2000 (Food and Agriculture Organization of the United Nations (FAO), 2007). We
multiplied the number of each livestock in a grid cell by its corresponding drinking water requirements to estimate livestock water demand. We assumed that gross
demand for livestock equals net demand; no return flow to the soil or river system
occurs. Due to the lack of past gridded livestock densities, we downscaled the country
statistics of the numbers of each livestock type for 200 countries (FAOSTAT) to 0.5◦
from 1960 to 2001 by using the distribution of the gridded livestock densities of 2000
(see Figure 4.2).
The drinking water requirements for livestock are generally higher in summer and
lower in winter and are a function of air temperature, for example a sheep requires
daily 8.7, 12.9 and 20.1 l under 15◦ C, 25◦ C and 35◦ C air temperature respectively
(Steinfeld et al., 2006). We thus determined the drinking water requirements for each
livestock type by using spatially and temporally explicit monthly air temperature
(0.5◦ ) from 1960 to 2001 (Mitchell and Jones, 2005). The monthly livestock water
demand consequently fluctuates over the year while the livestock density of a given
year remains constant.
2

Irrigation water demand

Irrigation, being by far the largest demand, comprises 70 % of the global gross water
demand (Döll et al., 2009). Various studies computed global irrigation water demand
as shown in Table B.1 (see Appendix B) but their estimates vary depending on the
methods and the data used in their calculation. Döll and Siebert (2002), Flörke and
Alcamo (2004), Hanasaki et al. (2006) and Sulser et al. (2010) used the CROPWAT
method (Smith, 1992) to estimate the global irrigation water demand. They estimated
the optimal crop calendar from precipitation and temperature (cf. Döll and Siebert,
2002). Rost et al. (2008) and Hanasaki et al. (2010) also simulated a crop calendar by
using LPJmL (Bondeau et al., 2007) and H07 (Hanasaki et al., 2008b) respectively
while Siebert and Döll (2010) used a prescribed crop calendar compiled by Portmann
et al. (2010).
We opted to use a prescribed crop calendar of Portmann et al. (2010) as done in
Siebert and Döll (2010) since uncertainties in simulating a crop calendar are large
(Döll and Siebert, 2002). We obtained monthly irrigated areas and crop calendars
for 26 crops including irrigated pasture around 2000 from Portmann et al. (2010) and
Siebert and Döll (2010). They account for seasonal variability due to various growing
seasons of different crops and regional cropping practices under different climatic conditions and distinguish up to nine sub-crops that represent multi-cropping systems
in different seasons in different areas per grid cell (see Figure 4.2). The corresponding crop development stages, crop factors and crop rooting depth were also obtained
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from Siebert and Döll (2010). Reference (potential) evapotranspiration was computed
by the Penman-Monteith equation according to FAO guidelines (Allen et al., 1998).
We then combined gridded irrigated areas with crop factors, growing season lengths
and reference evapotranspiration to yield monthly crop-specific potential evapotransiration (daily values were aggregated to monthly values) under optimal conditions,
i.e. no water stress during irrigation practices, as done in previous studies. Using the
same crop calendars, crop factors and irrigated areas as inputs to PCR-GLOBWB
and forcing the model with precipitation and reference evapotranspiration data as
described in Section 4.2.4, this yielded monthly time series of actual evapotranspiration when no irrigation is applied. The reduction of potential to actual transpiration
is calculated based on the total available soil moisture or green water in the soil
layers. Over the surface, bare soil evaporation is drawn from the topsoil and no reduction is applicable, except that the potential evaporation rate cannot exceed the
saturated hydraulic conductivity of the topsoil for the saturated fraction and for the
unsaturated fraction, the rate is restricted by the unsaturated hydraulic conductivity
of the topsoil layer (see Section 2.2.2 of Van Beek et al., 2011, Chapter 2). These
were subsequently used as an estimate of green water use over the irrigated areas. We
subtracted this amount from the calculated crop-specific potential evapotranspiration
for the irrigated areas to estimate monthly net irrigation water demand. Multiplication with country-specific efficiency factors (Rohwer et al., 2007) to account for losses
(i.e., conveyance and application losses) finally yielded monthly gross irrigation water
demand. For an extensive description of the methods we refer to Van Beek et al.
(2011) and Wada et al. (2011b).
To obtain monthly time series for the past period we repeated this procedure for
each year (see Figure 4.2), while estimating the growth of irrigated areas by downscaling country-specific statistics for 230 countries (FAOSTAT) to 0.5◦ from 1960 to
2001 by using the distribution of the gridded irrigated areas for 2000 following the
method of Wisser et al. (2010).
3

Industrial water demand and recycling ratio

Industrial water demand amounts to 20 % of the global gross water demand and is
generally higher in developed countries where the ratio of industrial to total water
demand often exceeds 50 %.
In general, industrial water demand increases with GDP (Oki and Kanae, 2006).
Alcamo et al. (2007) used GDP per capita and electricity production to model future
increase of industrial water demand. Later, Shen et al. (2008) revealed a strong
linear relationship between relative growths in electricity consumption and industrial
GDP and used electricity consumption to model future increase of industrial water
demand. We generally followed their approaches but included four variables to better
approximate past course of increase in industrial water demand. We thus developed
a simple algorithm to compute water use intensities, WUI, for the period 1960–2001.
WUIcnt = EDevcnt × TDevcnt
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(4.2)
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(4.3)

(4.4)

where GDP is the gross domestic product, EL is the electricity production and EN
and HC are energy and household consumption respectively; pc and cnt denote per
capita and per country; present and past indicate year 2000 and years 1960–2001.
EDev approximates an economic development based on four variables, each of
which has a strong correlation to the growth of industrial water demand (see Figure 4.2). However, EDev does not account for technological development, i.e. industrial restructuring or improved water use efficiency. In general, an increase in
industrial water withdrawal considerably slows down after reaching a certain technological advancement. We then used energy consumption per unit electricity production to approximate technological development, TDev. TDev converges as energy
consumption intensity reaches a saturation amount. Finally, the computed WUI was
multiplied with the industrial water demand for 2000 (Shiklomanov, 1997; World Resources Institute (WRI), 1998; Vörösmarty et al., 2005) to estimate the gross demand
from 1960 to 2001 (see Figure 4.2).
Significant amounts of water withdrawn for industrial purposes return to the river
system after use due to water recycling technology particularly in developed countries
where 80 % of water used in the industrial sectors is currently recycled in Japan (Oki
and Kanae, 2006; Ministry of Land, Infrastructure, and Transport in Japan, 2007).
As a result, only part of water withdrawn for industry is actually consumed or lost
i.e. yielding a net demand. Since the data on country recycling ratios rarely exist, we
applied the method of Wada et al. (2011b) who interpolated country recycling ratios
on the basis of the historical development of the recycling ratios and GDP per capita
of Japan which resulted in three averaged values of 80 %, 65 % and 40 % for developed
(i.e., high income), emerging (i.e., middle income) and developing (i.e., low income)
economies respectively. If a country reached the developed economy as a result of
GDP growth, the ratio was kept as 80 % throughout the period.
Gross industrial water demand was then combined with the interpolated recycling
ratios to arrive as net demand. If there was no GDP data (e.g., Western Sahara),
we applied the minimum 40 % as it is reasonable to assume that water recycling is
present along with industrial facilities. The monthly net industrial water demand was
kept constant over the year similar to the study of Hanasaki et al. (2006) and Wada
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et al. (2011b).
4

Domestic water demand

The domestic sector accounts for 10 % of the global gross water demand. Domestic water demand has increased rapidly due to population growth, particularly in
emerging and developing countries such as China, India, Pakistan, Bangladesh and
Mexico.
We estimated gross domestic water demand by multiplying the number of persons
in a grid cell with the country-specific per capita domestic water withdrawal from
1960 to 2001 (see Figure 4.2). The past country-specific per capita domestic water
withdrawals were estimated by multiplying the country-specific per capita domestic
water withdrawal in 2000, which were taken from the FAO AQUASTAT data base
and Gleick et al. (2009), with WUIcnt (see Section 4.2.3) to account for past economic
and technological development. As gridded maps of the global population are only
available for each decade (Klein Goldewijk and van Drecht, 2006), we combined these
with yearly country population data (FAOSTAT) to estimate gridded population
maps for each year. For instance, we downscaled the country population statistics
from 1966 to 197 to 0.5◦ according to the distribution of the gridded global population
map of 1970.
Similar to the industrial sector, large parts of water withdrawn for the domestic
sector return to the river network. The amount depends on technological development and the number of households which are connected to water supply and sewer
facilities. To estimate this return flow (which subsequently enables us to quantify
net demand), we used the interpolated recycling ratios (see Section 4.2.3) and data
on access to water for urban and rural population obtained from the UNEP. Here,
gridded time series of the global urban and rural population were computed with
the same method as done for global population (see Figure 4.2). Net domestic water
demand was then calculated as follows:
DDomN et i = DDomGross i × (1.0 − (AWi × RRcnt ))

AWi = (FPU rban,i × AWU rban,cnt ) + (FPRural,i × AWRural,cnt )

(4.5)

(4.6)

where DDom is the domestic water demand [million m3 ]. AW is the fractional distribution of population which have access to water, RR is the recycling ratio and FP
is the gridded fraction over total population [dimensionless]. Net, Gross, Urban, and
Rural denote net and gross demand, and urban and rural population, respectively.
To consider seasonal variability of domestic water demand which is generally
higher in summer and lower in winter, we used air temperature (Mitchell and Jones,
2005) as a proxy to compute monthly fluctuations of net domestic water demand. We
refer to Wada et al. (2011b) for a detailed description of this method.
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4.2.4 Simulate blue water availability
We simulated available freshwater in rivers, lakes, wetlands and reservoirs by using
the global hydrological model PCR-GLOBWB (PCRaster GLOBal Water Balance;
Van Beek and Bierkens, 2009; Van Beek et al., 2011). PCR-GLOBWB is a conceptual,
process-based water balance model of the terrestrial part of the hydrological cycle
except Antarctica, and is in line with existing GHMs such as WBM (Vörösmarty et al.,
2000b), WaterGAP (Alcamo et al., 2000), WGHM (Döll et al., 2003) and WASMODM (Widén-Nilsson et al., 2007). It simulates for each grid cell (0.5◦ × 0.5◦ globally)
and for each time step (daily) the water storage in two vertically stacked soil layers
and an underlying groundwater layer, as well as the water exchange between the layers
and between the top layer and the atmosphere (rainfall, evaporation and snow melt).
The model also calculates canopy interception and snow storage. Sub-grid variability
is taken into account by considering separately tall and short vegetation, open water
(i.e., lakes, reservoirs, floodplains and wetlands), different soil types (FAO Digital Soil
Map of the World), and the area fraction of saturated soil calculated by Improved
ARNO scheme (Hagemann and Gates, 2003) as well as the frequency distribution of
groundwater depth based on the surface elevations of the 1 km × 1 km Hydro1k data
set. Fluxes between the lower soil reservoir and the groundwater reservoir are mostly
downward, except for areas with shallow groundwater tables, where fluxes from the
groundwater reservoir to the soil reservoirs are possible (i.e., capillary rise) during
periods of low soil moisture content (Yeh and Famiglietti, 2009). The total specific
runoff of a cell consists of saturation excess surface or direct runoff, melt water that
does not infiltrate, runoff from the second soil reservoir (interflow) and groundwater
runoff (baseflow) from the lowest reservoir.
PCR-GLOBWB was forced with daily fields of precipitation, reference evapotranspiration and temperature over the period 1958 to 2001. Precipitation and air
temperature were prescribed by the CRU TS 2.1 monthly dataset (Mitchell and Jones,
2005; New et al., 2000) which was subsequently downscaled to daily fields by using
the ERA40 re-analysis data (Uppala et al., 2005). Although the CRU TS 2.1 underestimates precipitation due to snow undercatch (Fiedler and Döll, 2007) over the
Arctic regions, this weakness is of little consequence for this study as water stress
rarely exists in such areas. Prescribed reference evapotranspiration was calculated
based on the Penman-Monteith equation (Allen et al., 1998) by using time series
data of CRU TS 2.1 with additional inputs of radiation and wind speed from the
CRU CLIM 1.0 climatology data (New et al., 2002).
Simulated specific runoff from the two soil layers (i.e., direct runoff and interflow)
and the underlying groundwater layer (i.e., base flow) was routed along the drainage
network based on DDM30 (Döll and Lehner, 2002) by using the kinematic wave approximation of the Saint-Venant equation (Chow et al., 1988). The effect of open
water evaporation, storage changes by lakes and attenuation by floodplains and wetlands were taken into account. A newly developed reservoir operation scheme was
also implemented, which is dynamically linked with the routing module (Van Beek
et al., 2011). This reservoir scheme works with the target storage over a defined
period (e.g., a month) ensuring its proper functioning given the forecasts of inflow
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and downstream demand along the drainage network. The target storage determines
outflow from reservoirs and is updated when actual inflow and demand differ from
the previously forecasted values based on past average values. Four reservoir operations being water supply, flood control, hydropower generation and navigation are
distinguished (cf. Haddeland et al., 2006) while reservoir data is obtained from the
GLWD dataset (Lehner and Döll, 2004). The effect of upstream water consumption
was incorporated by an exogenous runoff scheme which simulates the reduction of
river discharge by subtracting net total water demand through the drainage network
(Wada et al., 2011b).
4.2.5 Desalinated water use
Desalinated water use is generally limited to coastal areas but provides additional water availability. Around the globe, more than 10 000 desalination plants in 120 countries are in operation (World Water Assessment Programme (WWAP), 2003). We
temporally downscaled country statistics of desalinated water use from the FAO
AQUASTAT data base, which are reported at 5-year intervals, to yearly statistics
based on country population growth for the period 1960–2001 (see Figure 4.2). We
then spatially downscaled the country values onto a global coastal ribbon of around
40 km based on gridded population intensities (see Section 4.2.3). This is based on
the fact that desalinated water is mostly used in coastal areas. Monthly desalinated
water use is kept at constant over the year.
4.2.6 Estimate nonrenewable groundwater abstraction
The amount of groundwater that is abstracted in excess of groundwater recharge will,
albeit temporally and non-renewably, decrease the demand for blue water, which subsequently mitigates blue water stress. For the period 1960 to 2001, we estimated the
amount of nonrenewable groundwater abstraction by subtracting simulated groundwater recharge from gridded groundwater abstraction. Compared to Wada et al.
(2010, 2011b) we followed an improved approach when downscaling country-based
data on groundwater abstraction to grid-based estimates, while additionally accounting for recharge that occurs from irrigation. These methods are described in the
following sections in more detail.
1

Natural and artificial groundwater recharge

The natural groundwater recharge equals to net flux from the lowest soil layer to
the groundwater layer, i.e. deep percolation minus capillary rise in PCR-GLOBWB
(Wada et al., 2010). To account return flow from irrigation, RIrr , to the groundwater
layer, we simulated additional recharge by the following approximation (Wada et al.,
2012a):
RIrr,i = Min. (LIrr,i , k (θE FC,i ) × AIrr,i )
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(4.7)

Table 4.2 Estimated livestock water demand from 1960 to 2000. For comparison, the
estimates of Steinfeld et al. (2006) are given for 2000.

Year

km3 yr−1

Cattle

Buffaloes

Sheep

Goats

Pigs

Poultry

Total

1960

This study

8.05
(75.9 %)

0.85
(8.0 %)

1.13
(10.6 %)

0.24
(2.3 %)

0.15
(1.4 %)

0.19
(1.8 %)

10.61
(100.0 %)

1970

This study

9.06
(74.8 %)

0.96
(7.9 %)

1.28
(10.6 %)

0.31
(2.6 %)

0.26
(2.1 %)

0.24
(2.0 %)

12.11
(100.0 %)

1980

This study

10.25
(73.7 %)

1.14
(8.2 %)

1.29
(9.3 %)

0.42
(3.0 %)

0.47
(3.4 %)

0.33
(2.4 %)

13.90
(100.0 %)

1990

This study

11.23
(71.5 %)

1.39
(8.8 %)

1.46
(9.3 %)

0.53
(3.4 %)

0.51
(3.2 %)

0.59
(3.8 %)

15.71
(100.0 %)

10.86
(68.1 %)
2000
Steinfeld et al. 11.40
(2006)
(70.1 %)

1.63
(10.2 %)
1.36
(8.4 %)

1.21
(7.6 %)
1.11
(6.8 %)

0.71
(4.5 %)
0.77
(4.8 %)

0.61
(3.8 %)
0.69
(4.2 %)

0.92
(5.8 %)
0.93
(5.7 %)

15.94
(100.0 %)

This study

16.26
(100.0 %)

where LIrr is the amount of irrigation losses as estimated from the country-specific
efficiency factors [m3 day−1 ], k(θE FC ) is the unsaturated hydraulic conductivity at
field capacity [m day−1 ] and AIrr is the corresponding irrigated area [m2 ].
This formulation is based on the fact that in irrigation practice water is supplied
to wet the soil to field capacity during the application and the amount of irrigation
water in excess of field capacity can percolate to the groundwater system. The additional recharge rate thus equals the unsaturated hydraulic conductivity of the bottom
soil layer at field capacity, assuming gravity drainage. However, the total percolation
losses were further constrained by the reported country-specific loss factors (Rohwer
et al., 2007). From this, we estimated globally the return flow during irrigation application from 1960 to 2001.
2

Groundwater abstraction

Groundwater abstraction is highly uncertain due to scarce observational data and
has been rarely incorporated in global hydrological modelling. Since the exact locations where groundwater is abstracted are not known, Wada et al. (2010) used
the IGRAC GGIS data base and downscaled country groundwater abstraction data
to 0.5◦ by using net total water demand as a proxy. However, this method overestimates abstraction rates in areas where demand is largely met by surface freshwater.
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Here, we downscaled the country value to 0.5◦ by taking deficits of surface freshwater
availability over corresponding net total water demand (see Figure 4.2).
First, for each month, m, from the year 2000 and for each grid cell, i, we calculated
deficits, Defs m,i , between the surface water availability, W Am,i , as simulated by PCRGLOBWB and the computed net total water demand, DT otN et m,i . Because we are
interested in groundwater as an alternative source, we limited our analysis to regions
where aquifers are present (major groundwater regions of the world according to the
IGRAC GGIS). We subsequently estimated annual deficits, Defs a,i , for 2000 as:
Def sa,i =

12
X

Def sm,i =

m=1

12
X

(DT otN et m,i − W Am,i ) .

(4.8)

m=1

We thus assumed that grid cells with deficits are the main locations where groundwater is abstracted as an alternative resource to satisfy the demand.
Second, the annual deficits, Defs a,i , were filled by the amount of available countrybased groundwater abstraction until total water demand was satisfied by groundwater
abstraction per grid cell. Total annual deficits per country, Defs a , are given by:
Def sa =

n
X

Def sa,i

(4.9)

i=1

where n is the number of grid cells with deficits per country.
If the total annual deficits were larger than the available annual groundwater
abstraction in a country, Defs a > Ground W a , (e.g., Egypt, Sudan, Mali, Niger, Sudan,
Turkmenistan and Uzbekistan), we distributed the country abstraction according to
the intensities rather than the volume of the deficits. In many cases the available
abstraction is larger than the total deficits in a country and the remaining countrybased abstraction (Ground W a − Defs a ) was further allocated relative to the intensity
of the net total water demand over its country total (again limited to cells in major
groundwater regions):
DT otN et a,i
.
GroundW a,i = Def sa + (GroundW a − Def sa ) × P
n
DT otN et a,i

(4.10)

i=1

We assessed the past trend of groundwater abstraction at first-order by assuming
that country-based groundwater abstraction increases linearly with water demand.
So for a given year, k, an estimate of country-based groundwater abstraction was
obtained by multiplying the groundwater abstraction of 2000 by the ratio of countrybased water demand of year, k, over that of 2000 water demand:
DT otN et a,cnt,k
.
(4.11)
DT otN et a,cnt,2000
Next, by repeating for each year the methodology previously described, we thus computed gridded groundwater abstraction over the period 1960–2001.
GroundW a,cnt,k = GroundW a,cnt,2000 ×
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4.3

Results

4.3.1 Accuracy of reconstructed water demand
We subsequently tested the reliability of our estimated water demand. The gross
sectoral and total water demand per country were compared to reported values which
were taken from the FAO AQUASTAT data base. Table B.4 (see Appendix B) lists R2
(the coefficient of determination) and α (slope of regression line), which were derived
from the comparisons between original values, while Figures 4.3 and 4.6 show the
comparisons in log-log plots. Furthermore, the gross and net total water demand were
compared with estimated values for 80 countries which were taken from Shiklomanov
(2000a,b).
1

Sectoral water demand

Table 4.2 shows the estimated livestock water demand from 1960 to 2000. Total
livestock water demand increased more than 50 % from 10.61 to 16.26 km3 yr−1 over
the period. Cattle accounts for 70 % of all the livestock water demand. Buffaloes and
sheep account for only 10 %, while goats, pigs and poultry share less than 5 % of the
livestock water demand. Our estimates are slightly lower but agree well with those of
Steinfeld et al. (2006) for 2000. For irrigation, our estimated gross/net irrigation water
demand globally increased more than two-fold from 1268/645 to 2628/1376 km3 yr−1
over the period 1960–2000. Our estimates are comparable to the other estimates and
the reported values from the FAO AQUASTAT data base (see Table 4.3 and Table B.1
in Appendix B). It should, however, be noted that the FAO AQUASTAT data base
contains many missing values before 1990 inclusive. We compared per country the
estimated gross agricultural water demand with the reported value taken from the
FAO AQUASTAT data base (see Figure 4.3a). Good agreements were obtained from
1970 to 2000 for most countries including major agricultural water users such as
India, China, USA, Pakistan and Mexico. But deviations are relatively large for Iraq,
Finland, Austria, Central African Republic and Trinidad and Tobago. The reported
values of the FAO AQUASTAT data base are not available before 1970. Overall, R2
and α range from 0.96 to 0.99 and from 0.88 to 1.10 respectively (see Table B.4 in
Appendix B).
Our estimated global gross/net industrial water demand doubled from 356/116 to
752/257 km3 yr−1 over the period 1960–2000 (Table 4.3). Comparisons of estimated
gross industrial water demand per country with the reported values show good correlations (Figure 4.3b). R2 is over 0.97 except for 1995 (Table B.4 in Appendix B)
and α ranges from 0.80 to 0.99. Deviations are large for Argentina, Ethiopia, Greece,
Indonesia, Lebanon, Nicaragua, Panama, Puerto Rico and Turkmenistan where we
generally overestimate the demand. Nevertheless, overall we have good agreements
for most of countries including major industrial water users such as USA, China,
Germany, Canada and India.
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Figure 4.3 Comparison between estimated gross water demand (x-coordinate) and reported water withdrawal (y-coordinate) for (a) agricultural, (b) industrial, (c) domestic
sector and (d) total per country from 1970 to 2000 in log-log plots. The reported water
withdrawals were taken from the FAO AQUASTAT data base. The dashed lines represent
the 1:1 line.
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Table 4.3 Estimated sectoral and total water demand compared with reported values from the FAO AQUASTAT data base and other
estimates from 1960 to 2000.

km3 yr−1

Gross/Net demand

1960

1970

1980

1990

2000

–
–
1743/1186
1519/756

1463
1857
2112/1445
1900/958

1996
2271
2425/1691
2258/1089

2659
2658
2605/1834
2628/1376

–
–
547/51
452/143

499
543
713/71
607/191

629
642
735/79
692/210

777
777
776/88
752/257

–
–
160/29
119/77

189
217
219/38
201/126

260
275
305/45
262/157

377
390
384/50
328/198

–
–
2526/1341
2090/976

2151
2615
3175/1686
2708/1275

2885
3187
3633/1982
3212/1456

3812
3824
3973/2182
3708/1831

Agriculture (Irrigation)
FAO AQUASTAT
Shen et al. (2008)
Shiklomanov (2000a,b)
This study

Withdrawal
Gross
Withdrawal/Consumption
Gross/Net

–
–
1481/1005
1268/645
Industry

FAO AQUASTAT
Shen et al. (2008)
Shiklomanov (2000a,b)
This study

Withdrawal
Gross
Withdrawal/Consumption
Gross/Net

–
–
339/31
356/116
Domestic

FAO AQUASTAT
Shen et al. (2008)
Shiklomanov (2000a,b)
This study

Withdrawal
Gross
Withdrawal/Consumption
Gross/Net

–
–
118/21
85/57
Total
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FAO AQUASTAT
Shen et al. (2008)
Shiklomanov (2000a,b)
This study

Withdrawal
Gross
Withdrawal/Consumption
Gross/Net

–
–
1968/1086
1709/818
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Figure 4.4 Estimated net sectoral and total water demand from 1960 to 2001 in km3 yr−1 .

Estimated gross/net domestic water demand nearly quadrupled from 85/57 to
328/198 km3 yr−1 over the period 1960–2000. Our estimates are comparable to those
of other studies which are listed in Table 4.3. Comparison with the reported value
per country also shows a good agreement from 1970 to 2000 with R2 being over 0.95
(Figure 4.3c; Table B.4 in Appendix B). α ranges from 0.90 to 1.15. Although the
correlations are high for most countries, deviations are relatively large for several
countries, e.g. Iraq, Lithuania, Puerto Rico, Mali, Djibouti and Bhutan.
2

Total water demand

The estimated gross/net total water demand doubled and reached 3708/1831 km3 yr−1
for 2000 primarily due to the large increase in irrigation water demand (Table 4.3).
Irrigation is responsible for 80% of the net total water demand (see Figure 4.4) and
is the cause of most of the heightened intensities of the demand in regions such as
India, Pakistan, China, West and Central USA, Mexico, South Europe, the Middle
East and Central Asia (see Figure 4.5).
Comparison of estimated gross total water demand with reported total water withdrawal per country shows a good agreement, with R2 ranging from 0.96 to 0.99 (see
Figure 4.3d; Table B.4 in Appendix B). The deviations observed in the sectoral com132
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Figure 4.5 Estimated net total water demand for (a) 1960 and (b) 2000 in million m3 yr−1 .

parisons became less apparent when summed all the sectoral demands. For Greece
and Iraq (+50 %), and Mali and Turkmenistan (−40 %), the deviations remain large.
Additional comparisons of the gross and net total water demand with estimated water
withdrawal and water consumption by Shiklomanov (2000a,b) also show good agreements for most of the countries, with R2 ranging from 0.91 to 0.97 (see Figure 4.6;
Table B.4 in Appendix B) and α ranging from 0.94 to 1.16. Our values are generally
lower because of our lower irrigation water demand.
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4.3.2 Accuracy of blue water availability
Climate variability as reflected by the inter- and subannual variability in blue water
availability has a strong influence on our water stress assessment. Extensive validations of the estimates of PCR-GLOBWB were performed by Van Beek et al. (2011) by
comparing the simulated river discharge to observations (Global Runoff Data Centre (GRDC), 2008). We refer to Van Beek et al. (2011) for a detailed description
of these validations. In brief, comparisons with over 3600 GRDC stations showed
that R2 was high (≈0.9) for most of the stations but R2 decreased when the mean
minimum and maximum monthly discharge were considered instead of the mean discharge. Inter-annual variability was mostly well reproduced in major rivers except the
Niger (R2 = 0.54), Orange (R2 = 0.54), Murray (R2 = 0.60), Indus (R2 = 0.62), Zambezi (R2 = 0.75) and Nile (R2 = 0.87) where the simulated river discharge was often
overestimated.

Table 4.4 Estimated total and nonrenewable groundwater abstraction for major groundwater users from 1960 and 2000. A comparison between this study and the model based
estimates of P2012 (Pokhrel et al., 2012a) is given for 2000.

Total [1]
km3 yr−1

This study

Country
1960
India
87
USA
63
China
46
Pakistan
36
Iran
31
Mexico
18
Saudi Arabia 5
Globe

312

Nonrenewable [2]

[2]/[1] (%)

Increase in
ratio (%)

This study P2012

This study

This study

2000
190
115
97
55
53
38
21

1960
21
20
10
18
12
5
2

2000
75
32
25
38
28
12
15

2000
92
57
20
39
33
22
14

1960
24
32
22
50
39
28
40

2000
40
28
26
69
53
32
71

1960–2000
67
−13
18
38
36
14
78

734

98

275

455

31

38

23
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Estiamted (a, c) total and (b, d) nonrenewable groundwater abstraction for (a, b) 1960 and (c, d) 2000 in million m3 yr−1 .

Table 4.5 Simulated results of global population under different degrees of water stress from 1960 to 2000 with those of other studies.
Per class, population is given in billions and the corresponding fraction of the global population (%). Annual and subannual denote
annual temporal assessment and subannual or monthly temporal assessment, respectively.

Magnitude
Per capita water availability
[m3 capita−1 yr−1 ]
WSI

No stress

Low stress

Moderate stress

>1700

1700-1000

<1000

WSI < 0.1

Vörösmarty et al. (2000b)annual
Oki et al. (2001)annual
Arnell (2004)annual
Hanasaki et al. (2008b)subannual
Alcamo et al. (2007)annual
Islam et al. (2007)annual

3.2 (55 %)
2.8 (49 %)
–
1.9 (37 %)
–
3.8 (62 %)

0.1 ≤ WSI < 0.2 0.2 ≤ WSI < 0.4
0.4 (7 %)
0.6 (11 %)
–
–
–
0.5 (8 %)

0.4 (7 %)
0.6 (11 %)
0.8 (14 %)
0.9 (17 %)
–
0.6 (10 %)

High stress
Total

Year

(31 %)
(30 %)
(46 %)
(46 %)
(40 %)
(20 %)

5.8
5.7
5.7
5.2
5.7
6.1

1995
1995
1995
1995
1995
2000

0.03 (2 %)
0.09 (4 %)
0.28 (9 %)
0.71 (16 %)
2.30 (35 %)

1.7
2.3
3.0
4.4
6.5

1900
1940
1960
1980
2005

0.4 ≤ WSI
1.8
1.7
2.6
2.4
2.3
1.2

137

Kummu et al.
(2010)annual

1.52
1.98
2.41
2.76
3.21

(92 %)
(86 %)
(81 %)
(62 %)
(50 %)

This studyannual

2.4
2.8
3.2
3.7
3.8

(80 %)
(76 %)
(73 %)
(70 %)
(62 %)

0.3 (10 %)
0.3 (8 %)
0.4 (9 %)
0.5 (9 %)
0.6 (10 %)

0.1
0.2
0.3
0.4
0.5

(3 %)
(5 %)
(7 %)
(8 %)
(8 %)

0.2 (7 %)
0.4 (11 %)
0.5 (11 %)
0.7 (13 %)
1.2 (20 %)

3.0
3.7
4.4
5.3
6.1

1960
1970
1980
1990
2000

This studysubannual

1.9
2.2
2.4
2.8
2.9

(63 %)
(59 %)
(55 %)
(53 %)
(47 %)

0.3
0.4
0.5
0.6
0.6

0.3
0.4
0.5
0.7
0.8

(10 %)
(11 %)
(11 %)
(13 %)
(13 %)

0.5
0.7
1.0
1.2
1.8

3.0
3.7
4.4
5.3
6.1

1960
1970
1980
1990
2000

0.10 (6 %)
0.23 (10 %)
0.29 (10 %)
0.97 (22 %)
0.95 (15 %)

(10 %)
(11 %)
(11 %)
(11 %)
(10 %)

(17 %)
(19 %)
(23 %)
(23 %)
(30 %)

4.3.3 Estimated nonrenewable groundwater abstraction
For 2000, our simulated groundwater recharge amounted to 15 645 km3 yr−1 to which
natural recharge contributed 15 225 km3 yr−1 and return flow from irrigation contributed 420 km3 yr−1 out of 1376 km3 yr−1 irrigation water as additional recharge.
Table 4.4 shows the estimated total and nonrenewable groundwater abstraction from
1960 to 2000. Estimated nonrenewable groundwater abstraction nearly tripled over
this period. Nonrenewable groundwater abstraction considerably increased in India,
East China, USA, Pakistan, South Europe, South Mexico, North Iran and Central
Saudi Arabia, primarily due to expansion of irrigated areas (see Figure 4.7). The sum
of nonrenewable groundwater abstraction for these regions amounts to 90 % of the
global total. Compared to the model based estimates of Pokhrel et al. (2012a) our values are generally smaller for most of the countries which are listed in Table 4.4. The
difference can be explained by the fact that their estimates are based on the amount
of water demand exceeding surface freshwater availability, which thus includes the
estimates of not only nonrenewable groundwater abstraction but also potential nonlocal water resources, i.e. water use from cross-basin diversions or aqueducts, and
desalinated water use. Building on previous work by Wada et al. (2010, 2011b), we
included additional recharge from irrigation in our recharge estimate. This increases
global recharge by 420 km3 yr−1 and reduces the amount of nonrenewable groundwater abstraction from 309 to 275 km3 yr−1 . This improvement subsequently mitigated
or removed some of hotspots, notably in South California and along the Indus, where
the amounts were likely overestimated by earlier studies (Wada et al., 2010, 2011b)
(Figure 4.7).
4.3.4 Development of past water stress
Table 4.5 shows the global population under different degrees of water stress from
1960 to 2000. For around 2000, our value for the global population under high water
stress (WSI ≥ 0.4) is in line with those of previous studies (e.g., Vörösmarty et al.,
2000b; Oki et al., 2001). Compared to these studies, we accounted for desalinated
water use and nonrenewable groundwater abstraction, which subsequently lowered
blue water demand (see Equation 4.1). Yet, our results returned somewhat higher
values compared to some of the previous studies (e.g., Oki et al., 2001; Islam et al.,
2007). This is because subannual assessment captures seasonal variations of water
stress and returns higher values (Hanasaki et al., 2008b; Wada et al., 2011b). When
compared to Kummu et al. (2010), our results generally show a larger share of the
global population under water stress mainly due to our finer temporal and spatial
resolution. In addition, our numbers are larger in regions where relatively small
population sizes yet intensive irrigation occur such as Central USA, Central Asia and
parts of Australia since we included extent of irrigated areas, while Kummu et al.
(2010) computed water demand based on population sizes to assess water stress.
Long-term trends show a drastic increase in the global population living under waterstressed conditions (i.e., moderate to high water stress). For 1960, 800 million people
or 27 % of the global population are living under water-stressed conditions. This
138

A

B

< 0.1

0.1 - 0.2

0.2 - 0.4

0.4 - 0.8

0.8 - 1

Figure 4.8 Simulated global water stress (−) for (a) 1960 and (b) 2000.

figure increases to 1.1 billion or 30 %, 1.5 billion or 34 % and 1.9 billion or 36 % for
1970, 1980 and 1990, respectively. The global population living under water-stressed
conditions eventually amounts to 2.6 billion or 43 % for 2000. While the number of
people experiencing moderate water stress rises from 300 to 800 million over the period
1960–2000, that experiencing high water stress soars from 500 million to 1.8 billion,
one-third of the global population. Although the global population increased by
around 700 million per decade, the rapid increase of the global population under high
water stress indicates a worsened condition and severer competition for global surface
freshwater resources.
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Figure 4.9 Contribution to heightened water stress (−) due to (a, c) decreased water availability and (b, d) increased water demand.
Yearly (a, b) average and (c, d) maximum water stress were used to estimate the trends between 1960 and 2001 by linear regression
(two-tailed t-test with α = 0.05).
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Figure 4.10 Regional trends in net sectoral and total water demand over the period 1960–2001. Countries were aggregated to
27 regions. Sectoral water demand is shown by cumulative filled area chart [y-coordinate; km3 yr−1 ] per region. Abbreviations used:
N.: North; S.: South; E.: East; W.: West; C.: Central; NE.: North East; SE.: South East; NS.: North South; ES.: East South; WS.:
West South.
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Figure 4.11 Comparisons of simulated country-averaged monthly water scarcity index
[WSI; left y-coordinate; dimensionless] between that with the estimated water demand for
each year and that with the estimated water demand for 1960 over 1960–2001 for (a) Mexico, (b) Kerala (India), (c) Shanxi (China), (d) Turkey, (e) Romania, (f ) Bulgaria, and
(g) Cuba. The estimated net total water demand is shown over the same period [right
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4.3.5

Development of water stress in relation to growing water demand and
climate variability: country analysis
Here we show monthly time series of past water stress. For several countries and
states, we compare the results of two simulation runs, i.e. transient water stress and
water stress with fixed water demand for 1960 (see Section 4.2.2) to assess detrimental
effects of climate variability and increased water demand on water stress.
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4.3.6

Heightened water stress in relation to growing water demand and
climate variability: global analysis
High water stress occurs mainly over heavily irrigated, densely populated and/or
water scarce regions, e.g. Central and South Asia, China, South Europe, USA, Mexico
and the MENA (the Middle East and North Africa) region. Many of those regions
already experienced high water stress before 1960, but the intensities significantly
increase towards 2000 (see Figure 4.8). East to South Europe is experiencing high
water stress for 2000.
The result of the linear regression (see Section 4.2.2) to distinguish the contribution of climate variability and growing water demand to heightened water stress
is shown in Figure 4.9. Over India, North East China, Central Asia, South Europe
and the Sahel, decreased water availability increased water stress by 0.1 to 0.2 (Figure 4.9a). In these regions, maximum water stress was also intensified by decreased
water availability (Figure 4.9c). In fact, India experienced decreased rainfall between
1960 and 2001 during the winter and pre-monsoon season (Joshi and Rajeevan, 2006;
Guhathakurta and Rajeevan, 2006) in which the highest water stress generally occurs.
North East China experienced a higher frequency of extreme dry conditions during
the late 20th century (Shen et al., 2007; Zhuguo et al., 2004). South Europe experi143

enced dry conditions over the 1980s and 1990s and the Sahel suffered from long-term
droughts during the 1970s and late 1980s (Sheffield and Wood, 2007).
Figure 4.9b shows that the impact of increased water demand on heightened water
stress. Increased water demand has a dominant effect on heightened water stress
for India, China, Mexico, South Europe and Central Asia. In these regions, water
stress was intensified by 0.2–0.8 due to increased water demand. Increased water
demand also intensified maximum water stress by 0.2 to 0.4 for North East China,
Central India, Central Asia and East and South Europe (Figure 4.9d). To grasp
the contribution of sectoral water demand to heightened water stress, Figure 4.10
shows regional trends in net sectoral over the period 1960–2001. For India, irrigation
water demand amounts to 90 % of total water demand and has nearly tripled over
this period. Irrigation water demand is also dominant (70–90 %) for China, Central
and Western Asia (e.g., Iran and Turkey), Southern Europe (e.g., Spain and Italy)
and Central America (e.g., Mexico). Drastic increase of irrigation water demand thus
explains the cause of heightened water stress in most of these regions. Industrial water
demand amounts to more than 50 % of total water demand in Northern, Central and
Eastern Europe, Russia and Canada while domestic water demand shares more than
30 % in Eastern Asia, North Eastern Europe, Central Africa, Eastern South America
and Oceania.
Overall, the results suggest that increased water demand is the decisive factor for
heightened water stress throughout the globe, except for the Sahel where decreased
water availability has a larger impact. This can be explained by the fact that in
the Sahel water demand is substantially lower compared to the other water-stressed
regions. To obtain a country or state WSI, we averaged the simulated WSI for all
pertinent cells, which may suppress water stress that occurs in a particular part of the
domain (see Figure B.2 in Appendix B). We selected several emerging and developing
countries where water demand increased rapidly over the period 1960–2001: Mexico,
Kerala (India), Shanxi (China), Turkey, Romania, Bulgaria and Cuba.
As a limited validation exercise, we compare monthly time series of past water
stress with reported periods of major droughts for those countries and states. It
should, however, be noted that our simulated water stress is not congruent in definition with observed droughts. Droughts are generally classified into four categories;
meteorological, hydrological, agricultural and socio-economic drought (Wilhite and
Glantz, 1985; Mishra and Singh, 2010). Our water stress is defined by net total blue
water demand and blue water availability (see Equation 4.1). High water stress can
thus be seen as hydrological in combination with socio-economic drought, while we
also consider meteorological effects when we compute irrigation water demand by
using available local green water. Observed droughts were recorded for individual
countries and states by different methods (e.g., PDSI: Palmer Drought Severity Index and SPI: Standard Precipitation Index) by different studies. As a result, in the
following sections, comparisons between simulated water stress and observed droughts
are rather qualitative than quantitative, in which we try to assess our performance
in relation to extreme events only.
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1

Mexico

Mexico is characterized by (semi-)arid climate and has a long experience with drought
(Liverman, 2000). The climate varies significantly across Mexico where most of the
rainfall occurs in a rainy season between June and September. Mexico suffers persistent droughts partly associated with El Niño Southern Oscillation (ENSO). Based on
PDSI, major droughts occurred during the periods 1969–1979, 1982–1984, 1987–1988
and 1994–2003 (Liverman, 2000; Stahle et al., 2009). Our simulated WSI also show
higher water stress in these periods (Figure 4.11a). In addition, our results indicate
that in Mexico water demand was doubled over the period 1960–2001 due to a large
increase in irrigation water demand. Results from two simulation runs clearly show
that water stress was aggravated by increased water demand (up to 35 %) particularly
after the mid-1990s.
2

Kerala (India)

Kerala, a state in South West India, is characterized by a tropical monsoon climate.
The state receives excessive rainfall during the monsoon season (May–September)
which contributes more than 80 % of the annual rainfall. It also suffers from periodic
drought conditions (Nathan, 2000), primarily due to rainfall deficits and late onsets of
the monsoon. Kerala experienced major meteorological droughts during the periods
1982–1983, mid 1980s–early 1990s and late 1990s–early 2000s (Nathan, 2000; Simon
and Mohankumar, 2004; Tyagi et al., 2006). Our results confirm above-average water
stress for these periods (Figure 4.11b). Our results also indicate a large impact of
increased water demand on water stress. For example, WSI stays as low as 0.1 for
2000 when water demand remains the same amount as that for 1960. Water demand
tripled over the period 1960–2001 and aggravated water stress by up to 200 %, particularly after the mid-1980s. Water demand has been a dominant factor for the high
intensities of water stress in Kerala.
3

Shanxi (China)

Shanxi, a province in North East China, is characterized by continental monsoon
climate. Average annual precipitation varies between 400 and 600 mm within the
province. Climate records suggest that 1966 was the driest year in North East China
during the 20th century (Shen et al., 2007). Many parts of North East China also
suffered major meteorological droughts during the period 1972, 1978, 1987–1988,
1991–1992, 1997 and 2000–2001 (Zhuguo et al., 2004; Shen et al., 2007). Our simulated WSI also captures these years (Figure 4.11c). In climate sense, 1966 was the
driest year over the period 1960–2001, however, interestingly WSI shows the highest
peak for 2001 rather than 1966. This is a result of increased water demand which
was doubled over the period. Water stress was thus exacerbated by increased water
demand (up to 40 %).
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4

Turkey

Turkey is characterized by temperate Mediterranean climate and has a dry summer
followed by a wet winter. The country is exposed to recurrent droughts partly due to
unevenly distributed precipitation within the territory, where the central parts annually receive around 500 mm while coastal parts annually enjoy more than 1000 mm.
After a major wet period 1962–1970 persistent dry conditions started after the mid1970s and major meteorological droughts resulted in 1973, 1977, 1984, 1989–1991,
1992–1994 and 1999–2001 (Türkes, 1996; Komuscu, 2001; Yildiz, 2009). Although
1973 was the driest year (Türkes, 1996), our simulated WSI persistently show severer
water stress after the mid-1980s (Figure 4.11d). Increased irrigation water demand
contributed most of the heightened water demand. The increased water demand consistently intensified the severity of water stress by more than 50 % after the mid-1980s.
5

Romania

Romania, in South East Europe, has a temperate to continental climate, with varying
annual precipitation from 400 to more than 1000 mm. Nearly half of the country’s
surface freshwater is supplied by the Danube River. In 1970 Romania suffered from
extensive floods due to excessive rainfall in combination with snowmelt while the
country experienced major meteorological droughts during the periods 1986–1988,
1990, 1992, 1994–1995 and 2000 (Sandu and Mateescu, 2009; Mihailescu et al., 2010).
Our simulated WSI also shows higher water stress in these periods (Figure 4.11e).
When compared results of two simulation runs, we found a large impact of increased
water demand on WSI. It can be seen that after the 1980s water stress is primarily
driven by an anthropogenic cause, i.e. heightened water demand, rather than climate
variability. Our estimated water demand quintupled between 1960 and 2001. Zavoianu (1993) also reports a drastic increase of water use between 1950 and 1990.
Agricultural water demand amounts to half of the total water demand and exhibits
a large inter-annual variability, i.e. larger green water availability as a result of above
average rainfall reduced irrigation water demand notably in 1991, 1997 and 1999.
6

Bulgaria

Bulgaria, a southern neighbour of Romania, suffers from frequent droughts. Climate
records indicate that precipitation was in a decreasing trend after the early 1980s
until the early 2000s, where annual precipitation was 80 % of the normal during the
period (Alexandrov and Genev, 2003; Knight et al., 2004; Koleva and Alexandrov,
2008). As a result, prolonged meteorological droughts occurred during the period
1982–1994 in which droughts of 1985–1986 and 1989–1990 were particularly severe
(Knight et al., 2004). Our simulated WSI confirms heightened water stress during the
same period (Figure 4.11f), but also suggests that during the 1980s water stress was
intensified by 50 % as a result of increased water demand. Water demand reached a
peak during the 1980s but diminished after the 1990s due to decreased overall usage.
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This subsequently reduced the intensity of water stress.
7

Cuba

Cuba, located in the North Caribbean Sea, has moderate (sub-)tropical climate.
The wet season starts in May and continues until October followed by a dry season. Cuba receives abundant rainfall which annually exceeds 1300 mm but also faces
water scarcity in the dry season (Naranjo-Diaz and Pérez, 2007). Freshwater withdrawal, being one of the highest in the Caribbean, substantially increased from 8 to
13 km3 yr−1 over the period 1975–1990, mainly due to irrigation, because Cuba increased irrigated areas for water-consuming crops such as rice and sugarcane (United
States Department of Agriculture, 2008). The increase in the freshwater withdrawal
diminished after the 1990s along with the country’s economic decline. Our estimated
water demand is in line with those of United States Department of Agriculture (2008)
and the FAO AQUASTAT data base. Our results indicate that increased water demand considerably worsened Cuba’s water stress after the 1970s (100 % up to 200 %)
as shown in Figure 4.11g. After the 1980s, WSI has been nearly tripled due to heightened water demand. These results thus show the dominant role of agricultural water
use in aggravating Cuba’s water scarcity, while climate variability has only a minor
impact.

4.4

Discussion

We here assess uncertainty and address the limitations inherent to this study. Various
uncertainties associate with the methodologies and data employed in this study. We
combined the available global gridded data sets with the country statistics to compute
sectoral water demand. Irrigation water demand, being by far the largest demand,
is a major source of uncertainty. A previous study of Wisser et al. (2008) observed
30 % increase of the global irrigation water demand by using the irrigated areas of
Thenkabail et al. (2006) over that of Siebert et al. (2005, 2007). They also found
30 % decrease of the global irrigation water demand by using the climate data of
NCEP/NCAR compared to that of CRU (see Table B.1 in Appendix B). The results
also vary by 20 % when the FAO Penman-Monteith method or the Priestley-Taylor
method is used to compute reference (potential) evapotranspiration (Siebert and Döll,
2010). The use of efficiency factors and the inclusion of green water availability by
irrigated crops provide further sources of uncertainties (Wada et al., 2011b). The
results also vary with/without considering contributions of nonrenewable and nonlocal
blue water (IPOT/ILIM; cf. Rost et al., 2008). Furthermore, our past extents of
irrigated areas are based on the country statistics but were distributed to 0.5◦ by using
the present gridded irrigated areas. This method is unable to reproduce changes in the
distribution within countries, which causes significant uncertainties primarily before
the 1970s when many countries initiated intensive irrigation developments. However,
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it adequately reflects the large-scale dynamics of the expanding irrigated areas over
the past decades (Wisser et al., 2010). The comparisons of estimated irrigation water
demand with reported values show good agreement for most of the countries, while
large deviations were observed for several countries where irrigated areas are likely
overestimated (e.g., Iraq).
Past economic development was approximated using GDP, electricity production,
energy and household consumption, which produces another source of uncertainty.
For instance, we observed large deviations in estimated gross industrial and domestic water demand in comparison with reported water withdrawal for some of Middle
American countries, where the computed WUI (see Section 4.2.3) may need to be
adjusted. The interpolated recycling ratios which account for return flow from industrial and domestic sectors also cause uncertainties, but compared to errors in
irrigation water demand, their potential errors are small due to the smaller sectoral
demand. Our recycling ratios were set lower than Shiklomanov (2000b) who proposes
global averages of 90 % and 85 % for industrial and domestic sector. These recycling
ratios might be too optimistic particularly for developing countries with a low technological capability, where water recycling efficiency is expected to be lower compared
to that for developed countries. Wada et al. (2011b) indicated that the recycling
ratio increased from 40 % to 80 % over the period 1960–2001 in Japan. Despite these
uncertainties, estimated demands overall agree well with reported values for most of
the countries.
Estimated groundwater abstraction is subject to large uncertainties. For instance,
a considerable part of groundwater abstraction in major irrigated regions, such as
North West India and North East Pakistan, may remain unreported. We used groundwater abstraction of 190 km3 for 2000 for India while Foster and Loucks (2006) suggest
240 km3 . Given the fact that non-reported groundwater abstraction may be prevalent,
implicit methods to estimate groundwater abstraction (e.g., Vörösmarty et al., 2005;
Rost et al., 2008; Wisser et al., 2010; Hanasaki et al., 2010) have a clear advantage in
countries where no abstraction rates have been reported. However, potential errors in
these methods might be large given the considerable variation among these estimates
(see Table B.3 in Appendix B. We therefore opted to use the country statistics regardless of the missing values in several countries (e.g., Afghanistan and the Former
Yugoslavia).
We used gross water demand as an estimate of water withdrawal and net water
demand as that of consumptive water use as usually done in most of previous studies
(e.g., Döll and Lehner, 2002; Wisser et al., 2008; Wada et al., 2011b). This potentially
leads to an overestimation because actual withdrawal and consumption may be lower
as a result of physical, technological or socio-economic limitations that exist in various
countries. However, comparison of estimated gross water demand with reported water
withdrawal and estimated net water demand with consumptive water use estimates
show overall good agreement. This consequently increases our confidence on the
results but further improvements of water demand estimates undoubtedly increase
the accuracy of water stress assessments.
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Our selected spatial scale (0.5◦ ) also affects our results. Since our global model
does not include cross-basin diversions (e.g., aqueducts), underestimation of blue water availability occurs in some regions notably in India (e.g., aqueducts from Yamuna
River) and West USA (e.g., Central Valley Project) where extensive diversion works
are present. Yet, data for such information is very limited. In addition, it is difficult
to assess the amount of water actually transferred by canals from their maximum
capacity, e.g. Periyar Project in South India: 40 m3 s−1 , Kurnool Cudappah Canal in
South India: 85 m3 s−1 , Irtysh-Karaganda Canal: 75 m3 s−1 (World Bank2 ; UNDP3 ).
As a result, our simulated water stress is likely overestimated in those regions.
Although the virtual water trade was not assessed in this study, it is becoming
an important factor affecting regional and global water resources management, and
consequently water scarcity. The international food trade has allowed for a disproportionate growth in some dryland populations, which can rely on a regular basis on
food produced in other regions (Allan, 1998; D’Odorico et al., 2010). Yet, most of
the virtual water flows are currently driven by geographical, political and economical
factors (Suweis et al., 2011). Some of high water stressed countries, e.g. India and
Pakistan, are the net virtual water exporter in crop trade (Hoekstra and Hung, 2005).
In these regions, population is projected to grow, which will thus increase water demand. Future assessment of water scarcity with regard to the virtual water trade is
of scientific importance.

4.5

Summary and conclusions

To assess the development of blue water stress over the recent past (1960–2001), we
developed a method to reconstruct past water demand and confronted it against the
blue water availability simulated by the state-of-the-art global hydrological model
PCR-GLOBWB. The comparisons of the reconstructed water demand with reported
statistics and available estimates show good agreement throughout the period. This
subsequently increases our confidence in resulting water stress assessment. Similar
to Kummu et al. (2010), our results show a drastic increase of the global population
under moderate to high water stress due to increased water demand during the period
1960–2001. We estimate that 800 million people or 27 % of the global population were
living under water-stressed conditions for 1960. This number eventually increased
to 2.6 billion or 43 % for 2000. Increased irrigation water demand associated with
the rapid population rise globally contributes much of the heightened water stress.
Time series of simulated country-average WSI are consistent with reported periods
of major meteorological droughts in selected countries and states. These results show
that increased water demand has a considerable impact on heightened water stress
while climate variability is often a main determinant of extreme events. However, our
results also indicate that in several countries (e.g., India, Turkey, Romania and Cuba)
2
3

http://www.worldbank.org/
http://www.undp.org/
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some of past observed extreme events are anthropogenically driven due to increased
water demand rather than being climate-induced.
In conclusion, this study quantified the past trajectories of water demand and
climate variability that are liable to lead to heightened water stress. We also explored new data sources, approaches to assess water stress and highlights sources of
uncertainty that may assist to increase the reliability of future studies on water stress.
Our results show a strong anthropogenic intensification by human water use on water
stress in several countries (e.g., India, Turkey, Romania, Bulgaria and Cuba) which
underwent a consistent water demand growth over the period 1960–2001. In those
countries climate variability has a relatively minor impact on water stress. Thus,
further increase in water demand will undoubtedly exacerbate future potential water
stress. It is clear that managing water demand is a key factor to ease regional water
scarcity.
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5

Human water consumption
intensifies hydrological drought
worldwide

Based on: Wada, Y., Van Beek, L. P. H., Wanders, N., Bierkens, M.
F. P. (2013), Human water consumption intensifies hydrological drought worldwide,
Environmental Research Letters 8, 034036, doi:10.1088/1748-9326/8/3/034036.
Abstract
Over the past 50 years, human water use has more than doubled and affected streamflow
over various regions of the world. However, it remains unclear to what degree human water
consumption intensifies hydrological droughts (the occurrence of anomalously low streamflow). Here, we quantify over the period 1960-2010 the impact of human water consumption
on the intensity and frequency of hydrological droughts worldwide. The results show that
human water consumption substantially reduced local and downstream streamflow over Europe, North America and Asia, and subsequently intensified the magnitude of hydrological
droughts by 10–500%, occurring during nation- and continent-wide drought events. Also,
human water consumption alone increased global drought frequency by 27 (±6)%. The
intensification of drought frequency is most severe over Asia (35 ±7%), but also substantial
over North America (25 ±6%) and Europe (20 ±5%). Importantly, the severe drought conditions are driven primarily by human water consumption over many parts of the regions.
Irrigation is responsible for the intensification of hydrological droughts over the western
and central U.S., southern Europe, Asia, whereas the impact of industrial and households’
consumption on the intensification is considerably larger over the eastern U.S. and western
and central Europe. Our findings reveal that human water consumption is one of the more
important mechanisms intensifying droughts, and is likely to remain as the major factor
affecting drought intensity and frequency in the coming decades.
Keywords: Human water consumption; Hydrological drought; Drought intensity; Drought
frequency; Intensification

5.1

Introduction

Drought is a natural phenomenon caused by below-normal precipitation over a prolonged period (Tallaksen and van Lanen, 2004; Wilhite, 2000; Mishra and Singh,
2010). Lack of precipitation causes a meteorological drought, but results in a hydrological drought as it propagates into more extensive areas along the drainage
network (Wilhite and Glantz, 1985; Tallaksen and van Lanen, 2004). Below-normal
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water availability in rivers, lakes and reservoirs can cause water scarcity in combination with water demand, threatening water supply and associated food production
(Falkenmark et al., 1997; Döll et al., 2009; Wisser et al., 2010).
Various studies have analyzed the severity, frequency and trends of hydrological
droughts from observed streamflow data (Soulé and Yin, 1995; Tallaksen et al., 1997;
Hisdal and Tallaksen, 2003; Fleig et al., 2006, 2011) (Table 5.1). Although hydrological drought is preferably analysed using streamflow observations (Corzo Perez et al.,
2011), such observations are generally not available at large spatial extents and for
long temporal coverage, though hydrological drought can be as extensive as regional
to continental scales. Recent developments in large-scale hydrological modeling enabled the analysis of drought over much larger extents, e.g. continental (Tallaksen
et al., 2009; Feyen and Dankers, 2009; Van der Knijff et al., 2010; Van Loon and van
Lanen, 2012; Hisdal et al., 2001) to global scale (Corzo Perez et al., 2011; Van Huijgevoort et al., 2012), and over longer timeframes, e.g. past reconstructions and future
projections (Andreadis et al., 2005; Sheffield and Wood, 2007). These model studies
identified drought characteristics primarily for pristine conditions (natural streamflow) such that anthropogenic influence (human water consumption) on resulting
drought is not explicitly considered.
Recent studies by Dai (2011, 2013) and Sheffield et al. (2012) suggest that anthropogenic global warming is likely responsible for intensifying meteorological droughts,
e.g. enhanced evaporative demand and altered monsoon circulation over regions such
as Africa and Asia. However, it remains unclear to what degree human water consumption intensifies hydrological droughts worldwide. Over the past decades, human
water consumption has more than doubled, primarily due to a large increase in irrigation water demand (Wisser et al., 2010), and affected streamflow over various regions
(Döll, 2009; Wisser et al., 2010). It can thus be expected that there is a substantial
anthropogenic impact on hydrological drought in many parts of the world.
Distinct from water scarcity assessments (Falkenmark et al., 1997; Wada et al.,
2011a), the intensification of hydrological droughts, i.e. drought intensity and frequency, due to human water consumption can occur even in water-rich regions or
areas with no local water consumption as a result of upstream human water consumption. Our study stands out from earlier work in that it presents for the first
time the anthropogenic impact on hydrological droughts over the period 1960-2010
that extends beyond most global analyses.

5.2

Methods, Model and Data

5.2.1 Hydrological drought definition and standardized drought deficit volume
The commonly used variable threshold level method was used to identify belownormal water availability as the onset of hydrological droughts (Hisdal and Tallaksen,
2003; Fleig et al., 2006).
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Table 5.1

Previous data and model based assessments of hydrological drought

Study

Method

Additional components

Data/Model

Focus

Duration

Temporal
resolution

Spatial
resolution

Soulé and Yin (1995)

Palmer Hydrologic Drought
Severity Index (PHDI)

Linear trend analysis

PHDI records from the National Climate
Information Disc (National Climatic Data Center,
1990) for 344 climatic divisions

Spatial patterns of
temporal trends in drought
severity

1895-1989

year

344 climatic
divisions (USA)

Tallaksen et al. (1997)

Fixed threshold level
method (Q 50,70,90 )

Three pooling procedures

2 daily discharge series from 2 catchments with
contrasting geology

Threshold level approach
with pooling procedures to
define drought
characteristics

1926-1993

day

2 catchments
(Denmark)

Hisdal et al. (2001)

Fixed threshold level
method (Q 70 )

Trend analysis by the
2-612 daily discharge series from the European Water
Severity and frequency
Mann–Kendall test (Mitosek, Archive (EWA) (Roald et al., 1993; Rees and Demuth,
analysis of drought trends
1995)
2000)

1911-1995

day

2-612 discharge
stations
(Europe)

Hisdal and Tallaksen
(2003)

Variable threshold level
method

Drought
15 daily discharge series from the EWA (Roald et al.,
severity–area–frequency curves 1993; Rees and Demuth, 2000) were expanded by the
(Krasovskaia and Gottschalk,
Empirical Orthogonal Functions (EOF) method
1995)
(Hisdal and Tveito, 1993)

Severity and frequency
analysis of drought area

1961-1990

month

14 km by 17 km
(Denmark)

Fleig et al. (2006)

Variable threshold level
method (Q 20 -Q 90 )

Three pooling procedures

16 daily streamflow series (EU project ASTHyDA;
http://www.geo.uio.no/drought/)

Frequency analysis of
deficit characteristics

4-92 years

day

16 discharge
stations (Globe)

Timilsena et al.
(2007)

PHDI and Palmer Z index

Cumulative deficit relative to
long-term mean to define
drought characteristics

3 averaged annual discharge series from 1923 to 2004
(U.S. Geological Survey) were expanded to 500 years
by using tree-ring data (Hidalgo et al., 2000)

Ranking drought
characteristics,
Frequency analysis of
drought trends

1493-2004

annual

Upper Colorado
River Basin
(USA)

LISFLOOD (Van der Knijff et al., 2010) with RCM
HIRHAM (Christensen et al., 1996) forcing data

Future drought under the
IPCC SRES A2

1961-1990
2071-2100

day

12 km by 12 km
(Europe)

Groundwater recharge,
head and discharge

1961-1997

month

500 m by 500 m
(UK)

1961-1990

month

0.5◦ (Globe)

Generalized
7-day minimum flows at
Extreme Value (GEV)
Feyen and Dankers
several recurrence intervals
(2009)
distribution (Coles, 2001; Katz
n (7Qn)
and Naveau, 2002)
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(Tallaksen et al.,
2009)

Variable threshold level
method (Q 80 )

Average drought deficit volume
SWAP coupled with MODFLOW (Peters et al., 2006)
per event

Döll et al. (2009)

Statistical monthly low
flow (Q 90 )

-

Corzo Perez et al.
(2011)

Fixed threshold level
method (Q 80 )

Non-contiguous and contiguous
drought area analysis

WaterGAP (Alcamo et al., 2003a,b) with WATCH
forcing data (Weedon et al., 2011)

Subsurface runoff

1963-2001

day

0.5◦ (Globe)

Fleig et al. (2011)

Variable threshold level
method (Q 70 -Q 90 )

Regional Drought Area Index
(RDAI)

58 daily discharge series from national databases

Drought development in
relation to antecedent
weather types (WTs)

1964-2000

day

58 discharge
stations (UK
and Denmark)

Van Loon and van
Lanen (2012)

Variable threshold level
method (Q 80 )

Pooling procedure (Zelenhasić
and Salvai, 1987)

HBV (Seibert, 1997) with observed meteorolgical
forcing data

Distinguish 6 drought
types in relation to climate

1960-2007

day

5 catchments
(Europe)

WaterGAP (Alcamo et al., 2003a,b) with CRU TS2.1 Low flow associated with
(Mitchell and Jones, 2005) and GPCC (Fuchs et al.,
six ecologically relevant
2008) forcing data
indicators

We selected the monthly 80-percentile flow, Q 80 , i.e. the mean monthly streamflow
that is exceeded 80% of the time, as the threshold level, which accounts for seasonal
streamflow variability (Hisdal et al., 2001; Andreadis et al., 2005; Sheffield and Wood,
2007; Tallaksen et al., 2009; Corzo Perez et al., 2011; Van Loon and van Lanen, 2012).
The selected 80-percentile flow lies between 70- and 95-percentile flow commonly used
in drought analysis for perennial rivers (Tallaksen et al., 1997; Hisdal and Tallaksen,
2003; Fleig et al., 2006, 2011; Tallaksen et al., 2009; Van Loon and van Lanen, 2012;
Hisdal et al., 2001; Van Huijgevoort et al., 2012). Drought intensity is determined in
terms of the deficit volume below the threshold levels (Hisdal et al., 2001; Tallaksen
et al., 2009; Corzo Perez et al., 2011; Van Loon and van Lanen, 2012). Although
this method potentially creates missing values for ephemeral streams where Q 80 = 0,
this problem is less obvious in our analysis since we used monthly rather than daily
streamflow series.
To allow comparison between rivers of different size, we standardized the deficit
volume by dividing it by Q 80 or the threshold level to express the relative intensity
of drought conditions to normal streamflow conditions or Q 80 .
Dfvi,m = max(0, τi,m − Qi,m )
SDfvm,i =

Dfvm,i
τm,i

(5.1)
(5.2)

where Dfv is the deficit volume, τ is the threshold (Q 80m,i ), Q is the simulated
streamflow, and SDfv is the standardized deficit volume. Subscripts i and m denote
per grid cell (0.5◦ ) and per month respectively.
Drought frequency was derived by counting the occurrences of drought events, i.e.
when streamflow falls below the threshold Q 80 , and it was indexed by dividing it by
the average frequency over the period 1960-2010 for pristine conditions to express the
relative increase due to human water consumption. In addition, the population size
experiencing below 80% of normal streamflow conditions (Q 80 ) was calculated as a
measure of the number of persons affected by severe hydrological droughts per year.
This population size was calculated per grid cell, but was summed over the globe and
for each continent. The selection of the threshold is rather arbitrary, but is based on
the experience that 80% of normal streamflow condition or rainfall amount historically
causes severe drought conditions (Wilhite and Glantz, 1985; Wilhite, 2000).
5.2.2 Analysis of drought intensification due to human water consumption
To assess the impact of human water consumption on drought intensity and frequency, we performed three analyses (Table C.1 in Appendix C). The first run evaluates streamflow under climate variability and with no human water consumption
(hereafter, pristine), while the second run evaluates streamflow under variable climate inputs and with human water consumption set to the level of 1960 (hereafter,
1960 consumption), and the third run is subject to the reconstructed water consumption over 1960-2010 (hereafter, transient consumption). We calculated Q 80 or
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the threshold values from simulated mean monthly streamflow (i.e., river discharge)
under pristine conditions over the period 1960-2010. The threshold level Q 80 derived from the pristine condition was then used to compute the deficit volumes for
streamflow subject to varying degrees of human water consumption: pristine conditions, 1960 consumption and transient consumption. The increase in ensuing deficit
volumes calculated compared to the pristine condition is thus an indicative of the
anthropogenic intensification of hydrological drought. From these runs, we also analysed the frequency of hydrological droughts as a result of human water consumption
relative to the pristine conditions, and calculated the number of people affected by
hydrological droughts worldwide over the period 1960-2010.
5.2.3 Model simulation of streamflow
The state-of-the-art global hydrological and water resources model PCR-GLOBWB
was used to simulate spatial and temporal continuous fields of streamflow and storage in rivers, lakes, reservoirs and wetlands at a 0.5◦ spatial resolution for the period
1960-2010 (Wada et al., 2010; Van Beek et al., 2011). In brief, the model simulates
for each grid cell and for each time step (daily) the water storage in two vertically
stacked soil layers and an underlying groundwater layer. At the top a canopy with
interception storage and a snow cover may be present. Snow accumulation and melt
are temperature driven and modeled according to the snow module of the HBV model
(Bergström, 1995). To represent rain-snow transition over sub-grid elevation dependent gradients of temperature, 10 elevation zones was made on each grid cell based
on the HYDRO1k Elevation Derivative Database, and scaled the 0.5◦ grid temperate
fields with a lapse rate of 0.65◦ C per 100 m. The model computes the water exchange
between the soil layers, and between the top layer and the atmosphere (rainfall, evaporation and snowmelt). The third layer represents the deeper part of the soil that is
exempt from any direct influence of vegetation, and constitutes a groundwater reservoir fed by active recharge. The groundwater store is explicitly parameterized and
represented with a linear reservoir model (Kraaijenhoff van de Leur, 1958). Sub-grid
variability is taken into account by considering separately tall and short vegetation,
open water (lakes, reservoirs, floodplains and wetlands), soil type distribution (FAO
Digital Soil Map of the World (Food and Agriculture Organization of the United
Nations (FAO), 2003)), and the area fraction of saturated soil calculated by the Improved ARNO scheme (Hagemann and Gates, 2003) as well as the spatio-temporal
distribution of groundwater depth based on the groundwater storage and the surface
elevations as represented by the 1 km × 1 km Hydro1k data set.
The model runs with a daily time step, but simulated streamflow is evaluated per
month for this study. Simulated specific runoff from the two soil layers (direct runoff
and interflow) and the underlying groundwater layer (base flow) is routed along the
drainage network based on DDM30 (Döll and Lehner, 2002) by using the kinematic
wave approximation of the Saint-Venant equation (Chow et al., 1988). The effect of
open water evaporation, storage changes by lakes, and attenuation by floodplains and
wetlands are taken into account. Streamflow may be reduced by upstream human
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water consumption from all sectors (households, industry and agriculture). When in
a grid cell the available streamflow is less than the water consumption, no streamflow returns. Otherwise, the streamflow in excess of the local water consumption is
accumulated along the drainage network.
A reservoir operation scheme is also implemented, which is dynamically linked
with the kinematic routing module. This reservoir scheme optimizes for each reservoir
the release given its purpose by defining the monthly target storage for the next two
operational years to ensure its proper functioning given the forecasts of inflow and
downstream demand along the drainage network. The target storage determines the
daily outflow from reservoirs, and is updated as actual daily inflow and demand start
to deviate from the long-term expected value. Four types of reservoir operations are
distinguished on the basis of the reservoir data from the GLWD dataset (Lehner and
Döll, 2004), being water supply, flood control, hydropower generation, and others
(e.g., navigation). In total we considered 513 reservoirs of the 654 reservoirs included
in the GLWD dataset for the worlds largest reservoirs (storage capacity ≥0.5 km3 ).
The selected reservoirs represent 94% of the area of 255109 km2 and 95% of the
capacity of 4615 km3 contained by the GLWD dataset. The missing reservoirs cannot
be truthfully represented given their limited size and catchment area and the required
information on their purpose and characteristics is lacking.
The model was forced with daily fields of precipitation, reference (potential) evapotranspiration and temperature. For the period 1960-2000, precipitation and temperature were prescribed by the CRU TS 2.1 monthly data set (Mitchell and Jones, 2005),
which was subsequently downscaled to daily fields by using the ERA40 re-analysis
data (Uppala et al., 2005). The precipitation data was corrected for snow undercatch bias over the Northern Hemisphere (Adam and Lettenmaier, 2003). Over the
same time period, prescribed reference evapotranspiration was calculated based on
the Penman-Monteith equation according to the FAO guidelines (Allen et al., 1998)
using the time series data of CRU TS 2.1 with additional inputs of radiation and wind
speed from the CRU CLIM 1.0 climatology data set (New et al., 2002). This was
subsequently downscaled to daily fields on the basis of the daily temperature from
the ERA40 re-analysis data. To extend our analysis to the year 2010, we forced the
model by a comparable daily climate fields taken from the ERA-Interim re-analysis
data (Dee et al., 2011). We obtained daily fields of GPCP-corrected precipitation
and temperature (GPCP: Global Precipitation Climatology Project1 ), and calculated
reference evapotranspiration by the same method retrieving relevant climate fields
from the ERA-Interim dataset. For compatibility with our overall analysis, we biascorrected this dataset (precipitation, reference evapotranspiration and temperature)
by scaling the long-term monthly means of these fields to those of the CRU TS 2.1
data set, wherever station coverage by the CRU is adequate (≥2 stations). Otherwise
the original ERA-Interim data were returned by default.
1
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http://www.gewex.org/gpcp.html/

5.2.4 Calculating Human Water Consumption
Over the period 1960-2010, human water consumption, i.e. water withdrawal minus
return flow, was reconstructed at monthly time steps on a 0.5◦ global grid for agricultural (livestock and irrigation), industrial and domestic sectors using the latest available data on socio-economic (e.g., total, urban and rural population, Gross Domestic
Product and access to water), technological (e.g., energy and household consumption
and electricity production) and agricultural (e.g., the number of livestock, irrigated
areas, crop factor and crop growing season) drivers (Wada et al., 2011a). Return flow
from water that is withdrawn was assumed to occur to the river system on the same
day. Neither water retention due to waste water treatment nor the degradation of
water quality after water is withdrawn was considered in this study. However, the
quality of water is generally degraded after water is withdrawn particularly in regions
with limited sewage and water treatment facilities. This effect is partly accounted for
by including the number of population who have access to water, which was used to
calculate the amount of return flow from the domestic sector (Wada et al., 2011b).
Nevertheless, water pollution affects the amount of readily available water over a
region and the calculation presented here may potentially underestimate the human
impact (i.e., water quality) on hydrological drought.
When estimating sectoral water consumption we explicitly accounted for nonrenewable groundwater abstraction, i.e. groundwater abstraction minus groundwater
recharge, and desalinized water use as an additional source of human water consumption that is not imposed on the renewable water resources (streamflow). Note that
nonrenewable groundwater abstraction is estimated with a simplistic, flux-based, approach (Wada et al., 2012a) and the model does not consider increased capture due
to decreased groundwater discharge and increased recharge from surface waters due
to groundwater pumping (Bredehoeft, 2002; Shamsudduha et al., 2012). The actual
amount taken from the simulated streamflow is then the minimum of the estimated net
total consumptive water use, i.e. total consumptive water use minus nonrenewable
groundwater abstraction and desalinated water use, and the available streamflow,
already diminished with any upstream consumption. The calculated human water
consumption has been validated in earlier work (Wada et al., 2011b).
A map of estimated total human water consumption from domestic, industrial,
agricultural sectors for the year 2010 is shown in Figure C.1 (see Appendix C). Estimated global water consumption totals 1970 km3 yr−1 , where the agricultural sector
consumes the largest amount, 1403 km3 yr−1 , with industrial and domestic sector consuming 294 and 273 km3 yr−1 , respectively. Over the period 1960-2010, human water
consumption increased almost two and a half times. This increase is attributable to
a drastic rise in irrigation water consumption, which almost doubled over the past
50 years (from 828 to 1403 km3 yr−1 ). However, industrial water consumption nearly
tripled over that period (from 116 to 294 km3 yr−1 ), while domestic (households’)
water consumption more than quintupled (from 57 to 273 km3 yr−1 ) due to rapid
population growth and increased standard of living.
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Figure 5.1 (a) Comparison of per drought event simulated deficit volumes [m3 ] under
pristine conditions (climate variability only) and under transient human water consumption with those calculated from observed streamflow in a logarithmic scale over 23 major
river basins that are affected by human water consumption. The observed streamflow was
taken from the selected GRDC stations closest to outlets. (b) Frequency distribution of
correlation coefficient and slope per river basin from (a). Five worst drought events were
selected from each of 23 major river basins. Note that for fair comparison, deficit volume was calculated with the threshold level Q 80 that was derived respectively from each
streamflow time series: from the GRDC observations; from the simulated streamflow under pristine conditions; from the simulated streamflow under transient human water consumption. River basins (GRDC stations; station number; available period used) selected:
Orinoco (Puente Angostura; 3206720; 1960-1990), Parana (Corrientes; 3265300; 1960-1992),
Nile (El Ekhsase; 1362100; 1973-1985), Blue Nile (Khartoum; 1663100; 1960-1983), White
Nile (Malakal; 1673600; 1960-1996), Orange (Vioolsdrif; 1159100; 1964-1987), Zambezi
(Katima Mulilo; 1291100; 1964-2002), Murray (Below Wakool Junction; 5304140; 19602002), Mekong (Mukdahan; 2969100; 1960-1994), Brahmaputra (Bahadurabad; 2651100;
1969-1993), Ganges (Hardinge Bridge; 2646200; 1965-1993), Indus (Kotri; 2335950; 19671980), Yangtze (Datong; 2181900; 1960-1989), Huang He (Sanmenxia; 2180700; 1960-1989),
Mississippi (Vicksburg; 4127800; 1960-2000), Columbia (The Dalles; 4115200; 1960-2000),
Mackenzie (Norman Wells; 4208150; 1961-2002), Colorado (Yuma; 4152050; 1965-1990),
Volga (Volgograd Power Plant; 6977100; 1960-2002), Dniepr (Dniepr Power Plant; 6980800;
1960-1985), Danube (Ceatal Izmail; 6742900; 1960-2002), Rhine (Rees; 6335020; 1960-2002),
Elbe (Wittenberge; 6340150; 1960-2002).
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Figure 5.2 Comparison of standardized deficit volumes [-] with (left) pristine condition and with (middle) transient human water
consumption, and (right) relative contribution of human water consumption [%] for major drought events over (a,b,c) North America
(2002), (d,e,f) Europe (2003), and (g,h,i) Asia (2001). We tested whether the change due to human water consumption is significant by
calculating the standard error from observed and simulated standardized deficit volume (under transient human water consumption)
for all drought events over each basin (see auxiliary material). We used the average standard error over all basins as an estimate for
all drought events. We then compared the change to two times average standard error (p-value <0.05) to test the significance. Areas
with significant change are highlighted with dark-grey lines.

5.3

Results

5.3.1 Comparison of simulated and observed drought deficit volumes
Figure 5.1 compares simulated drought deficit volumes as calculated under pristine
conditions and under transient human water consumption, with those calculated from
observed streamflow. We selected 23 large river basins over different climate zones
of the world, and considered drought events for each available GRDC station along
these rivers. Figure 5.1a provides a scatter plot of all events of all rivers. Under
pristine conditions, the simulated deficit volumes are underestimated with α (slope
or regression coefficient) of 1.3 and R 2 (the coefficient of determination) = 0.5 (pvalue <0.001). Under transient human water consumption, α becomes close to 1 with
R 2 = 0.75 (p-value <0.001). Including human water consumption results in smaller
deviations between simulated and observed deficit volumes per drought event, and
significantly reduced the residual variance of simulated deficit volumes (pristine over
transient) (F -test = 1.2, p-value <0.05). We also tested whether the change in
those slopes (1.3 → ∼1.0) indicates statistically a significant improvement in terms
of simulated deficit volumes based on an analysis of variance (ANOVA). The residual
variances of both simulations (pristine conditions and transient consumption) are
adjusted in advance, assuming equal residual variances. The results rejected both
line coincidence (F -test >100, p-value <0.001) and line parallelism (t-test <-7, pvalue <0.001), but show nearly equal intercepts (t-test ≈ 0.92, p-value >0.25).
These results indicate that the improvement in simulated deficit volumes after
accounting for human water consumption is statistically significant. We then considered for extreme drought events whether this improvement is also evident. Extreme
events were particularly chosen because they are usually related to meteorological
extreme and the human impact on such drought events is less well known. We compared simulated and observed deficit volumes for the five worst drought events per
river basin (Figure 5.1b). The (cumulative) frequency distributions of R 2 and α show
that under transient human water consumption more than half of the rivers have R 2
over 0.6 and α between 0.75 and 1.25 respectively, while under pristine conditions,
half of the rivers have R 2 just above 0.2 and α between 0.5 and 1.5 respectively.
These results clearly show the importance of human water consumption in explaining
observed both minor and major hydrological drought events. Further validation and
discussion including basin-specific statistics are given in Table C.2 and Figure C.2
(see Appendix C).
5.3.2 Human intensification of hydrological drought intensity
We compared, for several exceptional nation- and continent-wide drought events, simulated standardized deficit volumes under pristine conditions with those subject to
transient human water consumption (Figure 5.2 and C.3). Over North America, particularly the U.S., the 1988 (Figure C.3) and 2002 (Figure 5.2) droughts were among
the worst, primarily due to a persistent El Niño Southern Oscillation (ENSO), with
record low rainfalls during spring and summer (Trenberth et al., 1988; Seager, 2007).
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Our results show that with human water consumption drought intensities increased
substantially by 50% to 500% over the western, central, and eastern U.S., southern
Canada, and central Mexico, where human water consumption appears to be the
main driver causing the drought event for both years. Over Europe, the intensification of drought conditions is milder than that over the U.S. due to lower human water
consumption, but it is still substantial over central and southern parts of the region
under major drought events such as those of 1976, and 2003. Over these regions, the
drought conditions are driven primarily by human water consumption. We find that
the intensification of droughts is driven by industrial and households’ water consumption (≈70–90% of total water consumption) over west-central Europe, including the
U.K., Germany, France and the Netherlands, while it is caused primarily by irrigation water consumption (>70% of total consumption) over southern Europe, including
Spain, Italy, and Greece. The magnitude of the intensification is 10% to 200% for the
year 1976, but it rises to 40% to 300% due to increased human water consumption
for the year 2003. Over Asia, during the major drought of 2001, the intensification
of droughts was most severe over India, Pakistan, Afghanistan, Uzbekistan, Turkmenistan, and north-eastern China, where irrigation water consumption exceeds 90%
of total water used (Wada et al., 2012a). For these regions, drought intensities increased by 200% to 500% as a result of substantially reduced local and downstream
flow. Importantly, severe drought conditions over India and Pakistan are driven by
human water consumption, whereas those over Afghanistan and Turkmenistan are
caused by climatic conditions. For selected droughts in Oceania (2006), human water
consumption has smaller impacts over limited areas, with the strongest impact over
the Murray-Darling basin, where droughts intensified by 20% to 200% due to large
irrigation water consumption (Figure C.3). Over South America (2010) and Africa
(1984) the impact of human water consumption during drought events is limited,
except for several countries where human water consumption is still substantial, such
as Egypt, South Africa, Chile, and Argentina (>10 km3 yr−1 ).
5.3.3 Human intensification of hydrological drought frequency
Figure 5.3 compares the evolution of drought frequency under pristine conditions (climate variability only), with that under 1960 water consumption, and under transient
water consumption, over the globe and for each continent. Trends of drought frequency under pristine conditions reflect multi-decadal climate variability, with globally a decrease of frequency from the 1960s into the 1980s and an increase thereafter.
This global signal is from a combination of drought frequency in North America (high
frequency-low frequency-high frequency), South-America (high-low), Oceania (highlow-high) and Africa (increasing frequency) over the period 1960-2010 (Sheffield and
Wood, 2011). The result shows that already around 1960 drought frequency was
considerably enhanced by human water consumption. The widening gap in drought
frequency between 1960 water consumption and transient water consumption indicates the intensification of drought frequency as a result of increased human water
consumption over the period 1960-2010. In 2010, the global drought frequency of
161

transient water consumption is higher by 27 (±6)% compared to pristine conditions.
Human water consumption increases drought frequency by 35 (±7)% for Asia, by
20–25 (±5–6)% for North America and Europe and by 10–20 (±2–3)% for South
America, Africa, and Oceania. Included in Figure 5.3 is the population size (per
year) experiencing conditions under 80% of normal streamflow for any given month
during that particular year. Results are shown for the run with transient consumption. Although the increase in drought frequency is mild over the period 1960-2010,
the global population under drought substantially increased from 0.7 billion in 1960
to 2.2 billion in 2010. This increase is primarily driven by rapid population growth
and increased population density (per grid cell). At a regional scale, similar trends
are found for Asia, North America, Africa, South America, and Oceania, where population numbers are steadily increasing. These results suggest that more and more
people are vulnerable to droughts, despite the relatively regular drought occurrence
over time. In Africa, the population under drought increased dramatically by 10
times from 50 million in 1960 to 500 million in 2010 due to both increased drought
occurrence and population growth.
To investigate the sensitivity of estimated drought frequency (Figure 5.3) to the
different percentile threshold levels (Q 70 , Q 80 , and Q 90 ), in Figure 5.4 we plotted the
evolution of drought frequency under pristine conditions and under transient water
consumption that was derived with each percentile threshold over the period 19602010. The results indicate that indexed drought frequency under pristine conditions
appear to be insensitive to the choice of the percentile threshold levels, although
the absolute number of drought occurrence generally increases with higher percentile
thresholds (Q 90 → Q 70 ). However, for transient consumption, indexed drought frequency tends to be higher with the lower percentile thresholds (Q 70 → Q 90 ) and
the absolute number of drought occurrence also increase with with higher percentile
thresholds (Q 90 → Q 70 ). This trend is especially obvious for drought frequency calculated with Q 90 , that substantially deviates from those calculated with Q 80 and
Q 70 . These results suggest that the calculation of drought frequency appears to be
sensitive to the choice of percentile threshold level (<Q 80 ) and the inclusion of human
water consumption.

5.4

Discussion

This study reveals that the magnitude of hydrological drought intensity and frequency
is largely underestimated when using streamflow under pristine conditions that have
been widely used for model-based hydrological drought assessments. When comparing nation- and continent-wide drought events simulated under pristine conditions
and transient human water consumption, human water consumption intensifies the
drought intensity by 10%–500%. The intensification is mainly attributable to irrigation which requires a large amount of water during cropping period, and reduces
substantially downstream streamflow. However, the impact of industrial and house-
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Figure 5.3 Time series of estimated global hydrological drought frequency with pristine
conditions (climate variability only), with fixed consumptive water use of 1960 (1960 consumption), and with transient consumptive water use (transient consumption) over the
period 1960-2010 over (a) the Globe, and for each continent; (b) Asia, (c) North America,
(d) Europe, (e) Africa, (f) South America, and (g) Oceania. The frequency was derived
from the sum of the number of drought events below threshold levels for each year over
the globe and for each continent. The frequency was indexed per year by dividing the
sum by the average drought frequency of the pristine condition over the period 1960-2010.
Population under 80% of normal streamflow condition is plotted per year. Annual country
population data was taken from FAOSTAT (http://faostat.fao.org/), and was spatially
downscaled to 0.5◦ spatial resolution (Wada et al., 2011a).
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Figure 5.4 Sensitivity of estimated hydrological drought frequency (Figure 5.3) to the different percentile thresholds (Q 70 , Q 80 , and Q 90 ) for pristine conditions (climate variability
only) and for transient consumptive water use (transient consumption) over the period
1960-2010 over (a) the Globe, and for each continent; (b) Asia, (c) North America, (d)
Europe, (e) Africa, (f) South America, and (g) Oceania. The frequency was derived from
the sum of the number of drought events below threshold levels (Q 70 , Q 80 , and Q 90 ) for
each year over the globe and for each continent. The frequency was indexed per year by
dividing the sum by the average drought frequency of the pristine condition calculated with
each percentile threshold over the period 1960-2010.
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holds’ water consumption on the drought intensification is substantial over the eastern
U.S. and western and central Europe.
Such intensified droughts likely have detrimental effects on our society and ecosystems, causing persistent low flow conditions. To briefly address the societal and environmental impacts of intensified hydrological droughts, we conducted a first-order
analysis on cooling in thermal power plants (∼stream discharge), navigation (∼stream
water height), and aquatic ecosystems (∼stream temperature) (see supplement for
further details). Figure C.4 depicts the results of intensified hydrological droughts:
1) stream temperature increase due to decreased streamflow, 2) potential decrease
in the amount of water available for cooling thermal power plants, and 3) decrease
in stream water height due to reduction in streamflow. Water supply in populated
regions with large households water consumption, such as western and eastern U.S.,
central Mexico, and many parts of Asia, is also likely impacted (MacDonald, 2010;
Gleick, 2010; Pederson, 2012).
Part of the decreased streamflow can be buffered by increasing reservoir release in
regions where infrastructure (e.g., dams) is present. The impacts of reservoir operations (∼water supply) are particularly strong for the rivers crossing major irrigated
areas of the world with the number of existing reservoirs including the Nile, the
Orange, the Murray, the Mekong, the Ganges, the Indus, the Yangtze, the Huang
He, the Mississippi, the Colorado, and the Columbia. Over these regions, reservoir operations generally increase the release during the low flow period to satisfy
the water demands downstream. This alleviates the hydrological drought condition
downstream. For river basins with the number of reservoirs with hydropower generation and flood control (e.g., Huang He, Dnepr, and Volga), the seasonal amplitude
of simulated streamflow tends to decrease, which also reduces the frequency of hydrological occurrence. For other river basins such as the Orinoco, the Parana, the
Danube, the Rhine, the Dnieper, the Elbe, the Congo, the Niger, and the Zambezi,
simulated streamflow is less impacted by reservoir operations because of small reservoir capacity and lower water demands. For the Brahmaputra, reservoir capacity is
low despite the large water demands (>50 km3 ) and the low flow periods coincide
with the growing season of irrigated crops (∼Spring) which require large amounts of
water. In this region, people are more vulnerable to hydrological droughts due to
low buffering capacities. However, our scale of analysis (∼50km by ∼50km) does not
comprehend local-scale adaptive response to drought; for example conjunctive use
of surface water and groundwater, retention ponds, and water-saving practice (Grey
and Sadoff, 2007). Moreover, our modeling approach does not fully reflect regional
agricultural practice in which farmers may adapt to drought conditions in order to
reduce the water demands during the growing season, which may result in different
cropping calendars and extents (e.g., different sowing times and crop growing seasons,
length, and areas). These local scale interventions and processes involved in drought
resilience that operate well below the scale of our analysis are not accounted for, but
play a vital role for enhancing the societal resistance to droughts.
Moreover, severe hydrological drought conditions aggravate groundwater overdraft, resulting in groundwater depletion over large irrigated regions (Scanlon et al.,
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2012b,a), e.g. western and central U.S., western Mexico, India, Pakistan, China,
and Iran. This increased groundwater overdraft compensates, albeit temporarily, for
decreased surface water availability (Taylor et al., 2013).
In general, observed streamflow is used to derive an assessment of hydrological
drought occurrence since it is vital to have a correct estimate of the flow duration
curve, i.e. minimum and maximum flow. When peak flow is poorly reproduced, there
is likely a considerable mismatch in simulating drought events. However, observed
data are not available at large spatial extents but it is defined only at gauging stations
(e.g., GRDC stations), though hydrological drought can be as extensive as regional
to continental scales. To overcome this limitation, and to be able to separate out
the effects of human water consumption the modeling approach was used. Since our
modeling approaches employ a series of assumptions and various input data, there
are number of limitations and uncertainties inherent to this study.
We note that streamflow estimates and the corresponding 80-percentile flow, Q80 ,
can vary substantially among different global hydrological models and with different
climate forcing (Gosling et al., 2010, 2011; Haddeland et al., 2011). In Table C.3 and
C.4, we evaluated simulated monthly streamflow against available GRDC stations2 .
We considered simulated streamflow both under pristine conditions and under transient human water consumption, and compared average, minimum (low), and maximum (peak) streamflow derived from observed and simulated monthly streamflow.
The effect of transient water consumption is clearly observable for the rivers crossing
major irrigated areas of the world with the number of existing reservoirs including the
Nile, the Orange, the Murray, the Mekong, the Ganges, the Indus, the Yangtze, the
Huang He, the Mississippi, the Columbia, and the Volga. For the other river basins,
the impact of human water consumption is less obvious, but still noticeable such as
the Orinoco, the Parana, the Brahmaputra, the Danube, the Rhine, the Dnieper,
and the Elbe. For the Amazon, the Congo, the Niger, the Zambezi, the Mckenzie,
and the Lena, the river discharge is hardly affected because of lower human water
consumption. For those river basins where human water consumption is large, the
overall model performance (R 2 and NSC ) improves when considering human water
consumption, except the Ganges where our general model performance is low. This
improvement is particularly evident for simulated minimum streamflow and for river
basins where the low flow periods coincide with the large seasonal water demands,
e.g. the growing season of irrigated crops (e.g., Orange, Murray, Brahmaputra, Indus,
and Huang He). When including all available GRDC stations with long streamflow
records (Table C.4), the comparison of observed and simulated streamflow also show
improved performance (slope and R 2 ) when including human water consumption, but
the maximum (peak) streamflow is hardly affected. Simulated streamflow, monthly
actual evapotranspiration, and monthly total terrestrial water storage were also evaluated against GRDC observations, the ERA-40 reanalysis data, and the GRACE
satellite observations, respectively in earlier work (Van Beek et al., 2011; Wada et al.,
2012a), and showed generally good agreement with them across the globe.
2
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Furthermore, we validated simulated deficit volumes against those derived from
observed streamflow for major river basins of the world. The comparison showed generally good agreement for most of the basins, yet large discrepancies occurred when
simulated streamflow failed to reproduce well the peak flow and seasonal variability,
regardless of high correlation obtained from comparison of monthly streamflow. For
example, over the Congo, both the timing and deficit volume are not always well reproduced by our model, despite the good correlation between simulated and observed
monthly streamflow (R 2 = 0.95). For the Zambezi, although our simulated mothly
streamflow does not compare well with observed monthly streamflow (R 2 = 0.75,
α = 0.47, and NSC = -1.2), simulated drought characteristics and deficit volumes
agree relatively well with those derived from observed streamflow. This is likely due
to the fact that our simulated monthly streamflow reproduces well peak flows relative
to low flows (see also Appendix C).
Note that the model does not include any artificial water diversions such as aqueducts and inter-basin water transfer. Such diversions can supply additional water
to satisfy part of human water consumption. In this study, human water consumption is subtracted from simulated streamflow that is routed through natural drainage
network only. This means that in some regions where extensive diversion works are
present (the U.S., India and China) the reduction of streamflow due to human water
consumption is likely overestimated.
Moreover, the results largely rely on the accuracy of calculated human water consumption. The methods which we used to estimate sectoral consumptive water in
this study were tested, and the corresponding results were validated against available
statistics and estimates in an earlier study (Wada et al., 2011b). They showed that
estimated total water consumption compare well to available statistics for most of the
countries over the period 1960-2000 with R 2 ranging from 0.91 to 0.97. However, the
estimates are uncertain over some countries such as Vietnam, Uruguay, El Salvador,
Jamaica, Madagascar, and Trinidad and Tobago, where we underestimate the water
consumption by 10–50%, and also Colombia, Estonia and Moldova, where we overestimate the water consumption by 10–40%. Validation of simulated consumptive water
use (per sector) remains difficult due to a lack of reliable information in many regions
of the world. A recent study by Anderson et al. (2012) combined remotely-sensed
precipitation and satellite observations of evapotranspiration and groundwater depletion to estimate surface water consumption by irrigated agriculture in California’s
Central Valley. This approach may be promising and opens up new ways to measure
surface water consumption, particularly over data poor regions.
Our results showed that the standardization of deficit volumes relative to the
threshold level, Q 80 , works well for various regions under different climates, particularly to index the relative changes of the intensity of hydrological droughts over
large spatial regions, and over a long-term period (e.g., decades). However, the standardization procedure creates missing values for intermittent streams where Q 80 = 0.
This problem is less obvious in our analysis since we used monthly rather than daily
streamflow. To fully resolve the problem, lower threshold level or exceedance percentiles can be applied (Fleig et al., 2006; Van Huijgevoort et al., 2012). Woo and
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Tarhule (1994), and Tate and Freeman (2000) tested threshold levels ranging from Q 5
to Q 20 for intermittent streams over Africa. Van Huijgevoort et al. (2012) applied different threshold levels based on different flow percentiles. In this study, we used Q 80
globally since human water consumption is intrinsically linked to perennial streams.
However, it is worth noting that soil moisture (i.e., green water) is the major source
of global food production (∼80%) (Falkenmark et al., 2009; Hoff et al., 2010), while
rainfed agriculture is rarely assessed in the context of human water needs. Global
food demand has been increasing consistently as a result of a growing world population. This may even increase the reliance to rainfed agriculture in near future. The
focus on blue water resources (i.e., surface freshwater) underexposes the effects of
climate variability on global food production met by rainfed agriculture.
Human water consumption is expected to increase further due to growing population, and their food demands (Gleick, 2000; Alcamo et al., 2003b, 2007; Wada et al.,
2013c). In addition, some studies (Lehner et al., 2006; Feyen and Dankers, 2009)
suggest that due to global warming hydrological drought will become more severe by
the end of this century. The resulting further intensification of hydrological drought
will have considerable impacts on society and ecosystem services (Döll et al., 2009;
Rodriguez-Iturbe et al., 2011). At the same time, it is clear that managing water consumption is one of the more important mechanisms that facilitate adaptive responses
to cope with drought conditions. For instance, over Asia good water and land management practices have a potential to increase irrigation efficiency, which will in turn
decrease the substantial amount of water used for irrigation (Gleick, 2010; Gleick
et al., 2010; Foley et al., 2011). Investing and improving water technology (e.g., recycling) has also a good potential to reduce water consumption (Vörösmarty et al.,
2010) in many rapidly developing countries where water is scarce.
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6

Global depetion of groundwater
resources

Based on: Wada, Y., van Beek, L. P. H., van Kempen, C. M., Reckman, J.
W. T. M., Vasak, S., Bierkens, M. F. P. (2010) Global depletion of groundwater
resources, Geophysical Research Letters 37, L20402, doi:10.1029/2010GL044571.
Abstract
In regions with frequent water stress and large aquifer systems groundwater is often used
as an additional water source. If groundwater abstraction exceeds the natural groundwater recharge for extensive areas and long times, overexploitation or persistent groundwater
depletion occurs. Here we provide a global overview of groundwater depletion (here defined as abstraction in excess of recharge) by assessing groundwater recharge with a global
hydrological model and subtracting estimates of groundwater abstraction. Restricting our
analysis to subhumid to arid areas we estimate the total global groundwater depletion to
have increased from 126 (±32) km3 yr−1 in 1960 to 283 (±40) km3 yr−1 in 2000. The latter
equals 39 (±10)% of the global yearly groundwater abstraction, 2 (±0.6)% of the global
yearly groundwater recharge, 0.8 (±0.1)% of the global yearly continental runoff and 0.4
(±0.06)% of the global yearly evaporation, contributing a considerable amount of 0.8 (±0.1)
mm yr−1 to current sea level rise.

6.1

Introduction

Increasing population numbers, expanding areas of irrigated agriculture and economic
development are drivers for an ever-increasing demand for water worldwide. Although
globally such demand can be met by surface water availability (i.e., water in lakes,
rivers and reservoirs), regional variations are large, leading to water stress in several
parts of the world. Examples of regions experiencing recurrent water stress are the
Sahel, South Africa, the Central U.S., Australia, India, Pakistan, and North-East
China (Hanasaki et al., 2008a,b). It is estimated that over 2 billion people (35% of
the world population) suffer from severe water stress (Alcamo et al., 2000).
In regions with frequent water stress and large aquifer systems groundwater is often used as an additional water source. If groundwater abstraction exceeds groundwater recharge for extensive areas and long time, overexploitation or persistent groundwater depletion can occur (Gleeson et al., 2010). The resulting lowering of groundwater levels can have devastating effects on natural streamflow, groundwater fed
wetlands and related ecosystems. Also, in deltaic areas, groundwater depletion may
lead to land subsidence and salt water intrusion.
Here we provide a global overview of groundwater depletion by assessing groundwater recharge with a global hydrological model and subtracting estimates of ground170

water abstraction. Hence, in this study we define groundwater depletion as the rate
of groundwater abstraction in excess of natural recharge rate. To limit problems related to increased capture of discharge (i.e., the water budget myth as explained by
Bredehoeft (2002)) and increased recharge due to groundwater pumping, we restrict
our analysis to subhumid to arid areas (see Appendix D for further elaboration). Our
overview provides an additional dimension to the analyses of global water resources
such as the UN World Water Development Reports (World Water Assessment Programme, 2009).

6.2

Estimating Groundwater Recharge

We used the global hydrological model PCR-GLOBWB (Van Beek and Bierkens,
2009; Bierkens and van Beek, 2009) to estimate global groundwater recharge. PCRGLOBWB calculates for each grid cell (0.5◦ × 0.5◦ globally) and for each time step
(daily) the water storage in two vertically stacked soil layers and an underlying
groundwater layer, as well as the water exchange between the layers and between
the top layer and the atmosphere (rainfall, evaporation and snow melt). The model
also calculates canopy interception and snow storage. Sub-grid variability is taken
into account by considering separately tall and short vegetation, open water, different soil types and the area fraction of saturated soil and the frequency distribution
of groundwater depth based on the surface elevations of the 1 km × 1 km Hydro1k
data set. Fluxes between the lower soil reservoir and the groundwater reservoir are
mostly downward, except for areas with shallow groundwater tables, where fluxes
from the groundwater reservoir to the soil reservoirs are possible (i.e., capillary rise)
during periods of low soil moisture content. The total specific runoff of a cell consists
of saturation excess surface runoff, melt water that does not infiltrate, runoff from
the second soil reservoir (interflow) and groundwater runoff (baseflow) from the lowest reservoir. To calculate river dis-charge, specific runoff is accumulated along the
drainage network by means of kinematic wave routing including storage effects and
evaporative losses from lakes, reservoirs and wetlands. PCR-GLOBWB was forced
with 44 years (1958-2001) of daily fields of precipitation, temperature, and reference
crop potential evaporation calculated first on a monthly basis with the CRU TS 2.1
(New et al., 1999) and CRU CLIM 1.0 (New et al., 2002) data sets and downscaled
to daily fields by ERA40 re-analysis data (Uppala et al., 2005). Based on these simulations the average yearly flux between the lowest soil reservoir and the groundwater
res-ervoir was calculated as an estimate of the groundwater recharge. Note that this
does not explicitly include recharge from streams, although such effects may be implicitly included when calibrating soil characteristics to reproduce observed low flow
properties. Figure 6.1a shows the result in the same scale as used in paper of Döll and
Fiedler (2008). Appendix D also contains a map of groundwater recharge in km3 yr−1
(Figure D.1 in Appendix D). Although our map of groundwater recharge shows very
similar patterns as their study, our estimated total groundwater recharge (15.2×103
km3 yr−1 ) is higher than that of Döll and Fiedler (2008) (12.7×103 km3 yr−1 ). Sim171

ulated global runoff in our model (36.2×103 km3 yr−1 is smaller than that of Döll
and Fiedler (2008) (39.4×103 km3 yr−1 ), who also used CRU but with an additional
correction for under catch of snow (a similar correction in our case led to a poorer fit
to the discharge data so we reverted to the original CRU). This shows that the main
difference is the partioning between surface runoff/interflow and base-flow, which is
larger in our study. Differences between the two studies as well as runoff data have
been used to perform an uncertainty analysis of recharge estimates (see Appendix D,
with Figure D.5a providing a map of estimated error standard deviations).

6.3

Estimating Groundwater Abstraction

The International Groundwater Resources Assessment Centre (IGRAC) compiled a
large database of global ground-water resources (Global Groundwater Information
System, GGIS1 ). The database has been filled with publicly available information
from the internet (e.g., World Resources Institute), publications, reports and maps,
complemented with information obtained from contacts with groundwater experts
from many countries. GGIS contains 77 different attributes per country, including
groundwater abstraction in mm yr−1 . Groundwater abstraction was first indexed to
a common year 2000, based on population statistics (most records of groundwater
abstraction in GGIS are from before 2000). Next, using a map of the groundwater
regions of the world (regions with common geological and physiographic features,
distinguishing large aquifer systems1 ), abstraction rates per country were attributed
to the groundwater regions per country. The exact locations of abstraction wells are
not known for many countries, in par-ticular in agricultural areas where thousands of
individual land owners have developed private wells. Otherwise, information about
well locations is often classified. Therefore, based on the assumption that groundwater is abstracted close to where it is most needed, we use a global map of yearly
total water demand as a proxy for groundwater use to further downscale groundwater
abstraction to a 0.5◦ × 0.5◦ resolution. Yearly total water demand was calculated as
part of a global water stress study (Wada, 2008), where total water demand is calculated from irrigation, livestock, domestic and industrial water demand (cf. Alcamo
et al., 2000). The resulting 0.5◦ × 0.5◦ map of groundwater abstraction is shown in
Figure 6.1 (see Figure D.1b in Appendix D for a map in km3 yr−1 ). The estimated
total global groundwater abstraction is 734 (±82) km3 yr−1 for the year 2000. Notice
the large abstraction rates in Europe, North-East China, United States, Iran, India
and Pakistan (see also Table D.1). It should however be noted that no abstraction
rates have been reported for countries for which no data are available in GGIS, e.g.
North-Korea, Afghanistan, Sri Lanka, Colombia, several central African countries.

1
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Figure 6.1 (a) Simulated average groundwater recharge by PCR-GLOBWB, (b) total groundwater abstraction for the year 2000 and
(c) groundwater depletion for the year 2000 [all in mm yr−1 ].
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Figure 6.2 Groundwater depletion in the regions of the U.S.A., Europe, China and India,
and the Middle East for the year 2000 [mm yr−1 ; clockwise from top-left].

6.4

Results: Global Groundwater Depletion

A global map of groundwater depletion for the year 2000 was obtained by subtracting groundwater recharge from year 2000 groundwater abstraction. Abstractions in
excess of recharge provide an estimate of the amount of groundwater depletion, while
negative values occur in regions where abstraction rates are sustained by groundwater
recharge. In the latter case, abstractions could still lead to reduced streamflow, but
will not lead to ongoing depletion of groundwater reserves. As explained further in
Appendix D, we restricted our depletion estimates to the subhumid to arid zones of
world, to limit overestimation related to increased capture of discharge (Bredehoeft,
2002) and enhanced recharge due to groundwater pumping. To take account of uncertainty about recharge and abstraction rates, a Monte Carlo-type uncertainty analysis
was performed (see Appendix D), resulting in a grid-based estimate of groundwater
depletion and an associated uncertainty map (Figure D.5c). The grid-based global
estimate is shown in Figure 6.1c (see Figure D.1c for a map in km3 yr−1 ), while details in four regions are shown in Figure 6.2. Many of the well-known hot spots of
groundwater depletion appear: North-East Pakistan and North-West India (Rodell
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et al., 2009), North-East China (Konikow and Kendy, 2005), the Ogallala Aquifer in
the central U.S. (Gutentag et al., 1984), the San-Joaquin aquifer in the Central Valley
of California (Reilly et al., 2008), Iran (Karami and Hayati, 2005), Yemen (Al-Sakkaf
et al., 1999) and the South-East of Spain (Custodio, 2002). The total global groundwater depletion is estimated as 283 (±40) km3 yr−1 . Country estimates (Table D.1 of
Appendix D) of, e.g. the United States (32 ±7 km3 yr−1 ) and Saudi Arabia (10 ±2
km3 yr−1 ) are similar to estimates provided by Sahagian et al. (1994a) of 35 km3 yr−1
and 16 km3 yr−1 respectively.
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Figure 6.3 1960-2000 trends in total global water demand (right axis; indexed for the
year 2000), global groundwater abstraction [left axis; km3 yr−1 ] and global groundwater
depletion [left axis; km3 yr−1 ].

Our global estimate is in line with estimates of nonlocal or nonrenewable blue water abstraction as estimated by Rost et al. (2008) (730 km3 yr−1 ) and Hanasaki et al.
(2010) (703 km3 yr−1 ), although these authors do not differentiate between renewable
and nonrenewable sources. Vörösmarty et al. (2005) suggest that 16 to 33% of agricultural water withdrawal is nonrenewable (400−800 km3 yr−1 ). Our own estimate
of gross irrigation water demand amounts to 2057 km3 yr−1 of which 1478 km3 yr−1
can be met by locally available blue water (i.e., surface water from rivers, lakes and
reservoirs) (Wada et al., 2011b), leaving a gap to be filled from additional nonlocal or
nonrenewable water sources of 579 km3 yr−1 , similar to the estimate by Vörösmarty
et al. (2005). It can be expected that a considerable part of this additional demand
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is met by groundwater abstraction, which makes an estimate of 283 (±40) km3 yr−1
realistic. Although our analysis is limited to the subhumid to arid zones, total global
groundwater depletion is quite substantial, totaling an estimated 39 (±10)% of the
global yearly groundwater abstraction, 2 (±0.6)% of the global yearly groundwater
recharge, 0.8 (±0.1)% of the global yearly continental runoff and 0.4 (±0.06)% if the
global yearly evaporation. This makes groundwater over-abstraction a term of the
global water balance that cannot be neglected.
As a first-order estimate of development of groundwater abstraction and groundwater depletion through the last decades we assumed the increase of groundwater
abstraction to keep pace with the increase in water demand. Using statistics on population, irrigated area and livestock (obtained from FAOSTAT2 ) we first constructed
yearly net total water demand on a 0.5◦ × 0.5◦ cell-by-cell basis from 1960 to 2000
(similar to the work by Döll et al. (2009)). Next, for each 0.5◦ × 0.5◦ cell and each year,
the ratio of yearly total water demand to the year 2000 total yearly water demand
was calculated and multiplied with the year 2000 groundwater abstraction. Repeating the uncertainty analysis as described in Appendix D for groundwater abstraction
and groundwater depletion then yields maps of estimated groundwater depletion for
each year. Because of the strong assumption that groundwater abstraction is in sync
with water demand, we only provide global totals in Figure 6.3. We thus estimate
that since the 1960s groundwater abstraction has more than doubled (from 312 ±37
to 734 ±82 km3 yr−1 ), resulting in an increase in groundwater depletion from 126 ±32
to 283 ±40 km3 yr−1 .
Most of the groundwater released from storage due to groundwater depletion will
end up in the ocean, partly by runoff and, as most of the groundwater use is for irrigation purposes, predominantly through evaporation and then precipitation. Based
on the ratio of groundwater recharge (15×103 km3 yr−1 ) to total precipitation on
earth (574×103 km3 yr−1 ) (German Advisory Council on Climate Change, 1999) and
assuming all other stores (atmospheric moisture and surface waters) to remain constant, we can thus estimate which fraction of the depleted groundwater returns to the
groundwater store by additional recharge (15/574 = 0.03) and which part ends up in
the ocean (559/574 = 0.97) and contributes to sea level rise. We estimate the contribution of groundwater depletion to sea level rise to be 0.8 (±0.1) mm yr−1 , which
is 25 (±3)% of the current rate of sea level rise of 3.1 mm yr−1 reported in the last
IPPC report (Bindoff et al., 2007) and of the same order of magnitude as the contribution from glaciers and ice caps (without Greenland and Antarctica). Our estimate
(0.6–1.0 mm yr−1 in terms of range) sits in the upper region of the range of 0.2–1.0
mm yr−1 reported by Gornitz et al. (1997) and is larger than the 0.55 mm yr−1 given
by Postel (1999) (see Huntington (2008) for a recent overview). The possible contribution of groundwater over-exploitation to sea level rise is mentioned in the IPCC
Third Assessment Report (Church et al., 2001, p. 657). However, it is also mentioned
that uncertainty is large and that the positive contribution of groundwater depletion
may be offset by impoundment in reservoirs and associated recharge of surrounding
2
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aquifers. For this reason, anthropogenic contributions to sea level rise are not quantified in the IPCC Fourth Assessment Report, although they are mentioned as the
possible cause for the discrepancy between observed sea-level rise and the sum of the
known sources (Church et al., 2001). However, global groundwater depletion has been
increasing since the 1960 and is likely to increase further in the near future, while the
increase of impoundment by dams has been tapering off since the 1990s (Chao et al.,
2008). Consequently, the contribution of groundwater depletion to sea-level rise may
become increasingly important in the coming decades.
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7

Nonsustainable groundwater
sustaining irrigation: A global
assessment

Based on: Wada, Y., van Beek, L. P. H., Bierkens, M. F. P. (2012) Nonsustainable groundwater sustaining irrigation: A global assessment, Water Resources
Research 48, W00L06, doi:10.1029/2011WR010562.
Abstract
Water used by irrigated crops is obtained from three sources: local precipitation contributing to soil moisture available for root water uptake (i.e., green water), irrigation water taken
from rivers, lakes, reservoirs, wetlands, and renewable groundwater (i.e., blue water), and
irrigation water abstracted from nonrenewable groundwater and nonlocal water resources.
Here we quantify globally the amount of nonrenewable or nonsustainable groundwater abstraction to sustain current irrigation practice. We use the global hydrological model PCRGLOBWB to simulate gross crop water demand for irrigated crops and available blue and
green water to meet this demand. We downscale country statistics of groundwater abstraction by considering the part of net total water demand that cannot be met by surface
freshwater. We subsequently confront these with simulated groundwater recharge, including return flow from irrigation to estimate nonrenewable groundwater abstraction. Results
show that nonrenewable groundwater abstraction contributes approximately 20% to the
global gross irrigation water demand for the year 2000. The contribution of nonrenewable
groundwater abstraction to irrigation is largest in India (68 km3 yr−1 ) followed by Pakistan
(35 km3 yr−1 ), the United States (30 km3 yr−1 ), Iran (20 km3 yr−1 ), China (20 km3 yr−1 ),
Mexico (10 km3 yr−1 ), and Saudi Arabia (10 km3 yr−1 ). Results also show that globally,
this contribution more than tripled from 75 to 234 km3 yr−1 over the period 1960-2000.

7.1

Introduction

Irrigated crops play a vital role in the securing global food production. It is estimated
that 17% of agricultural lands are irrigated, yet they account for 40% of the global
food production, sustaining the livelihood of billions of people (Abdullah, 2006). At
the same time, water used by irrigated crops (i.e., crop water demand) and irrigation
water demand (including evaporative and percolation losses during transport and
application) are responsible for about 70% of the global water withdrawal (Shiklomanov, 2000a,b) and account for about 90% of the global water consumption, i.e.,
water withdrawal minus return flow (Döll et al., 2009; Siebert and Döll, 2010).
Water demand for irrigated crops can be met by three different sources: (1) green
water, being water from local precipitation that is temporarily stored in the soil, (2)
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blue water, being surface freshwater available in rivers, lakes, reservoirs and wetlands,
and renewable groundwater, and (3) nonrenewable groundwater and nonlocal water
resources (Vörösmarty et al., 2005). The latter comprises water transported by crossbasin diversions, water from desalinization plants, and nonrenewable groundwater
abstracted from aquifers. We explicitly use the term nonrenewable groundwater abstraction, because it consists of additional water gained by groundwater abstraction
in surplus of groundwater recharge. Groundwater can serve as a temporary source
of irrigation water if during the dry season or during dry years surface water is insufficient to satisfy demand. Also, groundwater may be the main source of irrigation
water in areas overlying productive aquifers wherever access to surface water is limited. Importantly, as long as abstraction is smaller than recharge, it will only reduce
the groundwater discharge to surface water (base flow) and as such can be counted as
available blue water. However, if groundwater abstraction exceeds the groundwater
recharge over extensive areas for prolonged periods, persistent groundwater depletion
occurs (Gleeson et al., 2010) where groundwater reserves still exist, leading to falling
groundwater levels (Konikow and Kendy, 2005; Karami and Hayati, 2005; Reilly et al.,
2008; Rodell et al., 2009; Tiwari et al., 2009; McGuire, 2009; Scanlon et al., 2010b;
Famiglietti et al., 2011). In that case fossil groundwater, not being an active part of
the current hydrological cycle, is used as an additional, albeit nonrenewable, source
of irrigation water.
Previous studies by Vörösmarty et al. (2005), Rost et al. (2008), Wisser et al.
(2010), and Hanasaki et al. (2010) implicitly quantified the amount of nonrenewable
and nonlocal water resources on the basis of the amount of water demand exceeding
locally accessible supplies of blue water. However, uncertainties of these estimates
inherently remain large (389–1199 km3 yr−1 ) since they are sensitive to both estimated
water demand (1206–3557 km3 yr−1 ) and simulated surface freshwater availability
(i.e., water in rivers, lakes, and reservoirs; 36,921–41,820 km3 yr−1 ).
At the same time, estimated groundwater abstraction ranges globally between
600 and 1100 km3 yr−1 (Shah et al., 2000; Zektser and Everett, 2004; Döll et al.,
2009; Wada et al., 2010). Recently, using a forward modeling approach, Siebert et al.
(2010) quantified the amount of groundwater consumed through current irrigation
practice to be 545 km3 yr−1 . Yet, up to now, all global studies dealing with sources of
irrigation water demand have not explicitly identified which part of the irrigation water demand is currently met from nonrenewable groundwater abstraction. Regional
studies by Rodell et al. (2009), Tiwari et al. (2009), and Famiglietti et al. (2011)
using the Gravity Recovery and Climate Experiment (GRACE) (Tapley et al., 2004)
satellite observation revealed that considerable amounts of nonrenewable groundwater resources are being abstracted in northeast India and northwest Pakistan and
Californias Central Valley in the United States, most of which is used for irrigation.
McGuire (2009) and Scanlon et al. (2010b) also reported depleting groundwater resources because of irrigation in the High Plains (Ogallala) aquifer, United States.
It can thus be expected that large amounts of nonrenewable groundwater are indeed
abstracted for irrigation purposes, particularly during the growing season when irrigation water demand exceeds available surface freshwater resources. Assessing globally
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this contribution is important because it pinpoints areas where irrigation and thus
food production is sustained by a nonsustainable water resource.
In this paper, expanding on existing studies, we explicitly quantify the amount of
nonrenewable or nonsustainable groundwater abstraction used for current irrigation
practice at the global scale. In order to make use of the best available data and to
make our assessment as relevant for the present-day situation as possible, we opted for
the year 2000. The trend of past groundwater abstraction is reconstructed over the
period 1960-2000 to highlight the increasing importance of nonrenewable groundwater
abstraction in irrigation practice over the recent past when irrigated areas expanded
rapidly. We provide a global total estimate only for the past period because of larger
uncertainties caused by assumptions to overcome a lack of historical data set.
This study follows an improved method to compute nonrenewable groundwater
abstraction compared to that of Wada et al. (2010, 2011a). Compared to these
previous works we develop a new approach when downscaling country-based data
on groundwater abstraction to gridbased estimates, while we additionally account for
additional recharge that occurs from irrigation. We then focus on irrigated areas since
the contribution of nonrenewable groundwater abstraction to irrigation has not been
estimated by any of the previous work. Also, we add a reconstruction of the increased
irrigation water demand from 1960-2000, as well as the contribution of other water
resources available to meet crop water demand such as soil moisture (green water)
and surface freshwater (blue water).
Green water and blue water availability are obtained from simulation with the
global hydrological model PCR-Global Water Balance (PCR-GLOBWB) (Van Beek
et al., 2011) at a spatial resolution of 0.5◦ × 0.5◦ (i.e., 50 km × 50 km at the equator). Nonrenewable groundwater abstraction for irrigation is calculated by taking
abstraction in excess of recharge, while considering the fraction of irrigation water
demand over net total water demand. We subsequently compare the amount of nonrenewable groundwater abstraction used for irrigated crops to the amount of green
water and blue water used for irrigation. It can be expected that the total amount
of available green water and blue water and nonrenewable groundwater is insufficient
to satisfy crop water demand since we simulate optimal crop growth. This shortage
can be partly supplied from nonlocal water resources (cf. Rost et al., 2008; Hanasaki
et al., 2010) such as desalination and diverting water ways (i.e., aqueducts). Again,
assuming that optimal crop growth is aimed for, we equate this shortage with the
additional supply from “nonlocal water resources” to be consistent with the previous
studies. By explicitly defining the contribution of nonrenewable groundwater we can
better confine previous assessments of “nonrenewable and nonlocal water resources”
estimated by Vörösmarty et al. (2005), Rost et al. (2008), Wisser et al. (2010), and
Hanasaki et al. (2010) and identify regions where irrigation is dependent on nonrenewable groundwater rather than surface freshwater or blue water.
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7.2

Methodology

We start the following section by defining the various terms used to calculate nonrenewable groundwater abstraction, water demand and water availability. Next, we
describe the calculation of water availability, irrigation water demand and the estimation of nonrenewable groundwater abstraction.
7.2.1 Definitions
In this study, the term “nonrenewable groundwater” denotes groundwater gained by
abstraction in excess of recharge for any region of the world, while the term groundwater depletion is used to denote persistent removal of groundwater from storage,
which we estimate as overdraft restricted to subhumid to arid areas as done by Wada
et al. (2010).
Throughout the paper we will consistently use the term water “demand” to denote the need or requirement for water. The term demand is used to indicate that
we can only estimate potential use, i.e., the water that would be used by a given
activity if sufficient water were available. Water demand generally comes from three
sectors: domestic water demand, industrial water demand and agricultural water demand. The latter can be further subdivided into irrigation water demand (by far the
largest part) and livestock water demand. Environmental flow requirements are not
accounted for in this study. In many analyses (e.g., Döll and Siebert, 2002; Wisser
et al., 2008; Wada et al., 2011b) one distinguishes gross demand (including losses
and return flows) from net demand (without losses and return flows). The latter is
sometimes equated with consumptive water use (e.g., Döll and Siebert, 2002).
Limiting ourselves to irrigation water demand we will use the following definitions.
1. Net crop water demand is the amount of water that is required to ensure
maximum crop growth. Net crop water demand, DCN et [m day−1 ], is taken equal to
crop-specific potential evapotranspiration, which in turn can be related to reference
evapotranspiration:
DCN et = ETc = kc · ET0 = (Tc + ESc )

(7.1)

where ET c is the crop-specific evapotranspiration and ET 0 is the reference evapotranspiration [m day−1 ]. kc is a dimensionless crop factor. Tc is the crop-specific potential
transpiration and ES c is the potential bare soil evaporation over the irrigated areas
[m day−1 ]. We chose to count soil evaporation as part of the net crop water demand
as it plays a relatively large role in the early stages of crop development and equally
uses soil moisture as does transpiration.
2. Net irrigation water demand is the amount of water, without counting transport
and application losses, that needs to be supplied by irrigation to ensure maximum crop
growth. If local precipitation is not sufficient to satisfy crop water demand, actual
evapotranspiration falls below the potential rate. Thus, net irrigation water demand,
DIrrN et [m day−1 ], is the amount of water that needs to be additionally supplied by
irrigation to ensure maximum evapotranspiration:
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DIrrN et = (Tc − Ta ) + (ESc − ESa )

(7.2)

where Ta is the crop-specific actual transpiration and ES a is the actual bare soil
evaporation [m day−1 ] that would occur over the irrigated areas in case no irrigation
were present.
3. Green water is the actual evapotranspiration Ta + ES a that would have
occurred without irrigation. This is plant-available water stored in the soil that
originates from local precipitation. We will use Green W to denote green water.
4. Gross irrigation water demand is the amount of water, including transport
and application losses, that needs to be supplied by irrigation to ensure maximum
crop growth. Such losses include evaporative and percolation losses during transport
from source to field and during application. Note that application-related evaporative
losses are those that occur before irrigation water is able to infiltrate into the soil,
i.e. interception evaporation and open water evaporation when flooding occurs, while
percolation losses during irrigation are often induced to avoid topsoil salinity. Here
gross irrigation water demand is calculated by multiplying the net irrigation water
demand with a dimensionless country-specific efficiency factor, eIrr :
DIrrGross = eIrr · DIrrN et .

(7.3)

The efficiency factor increases the amount of irrigation water by about 10 to 40%.
The country-specific efficiency factors were taken from Rohwer et al. (2007).
5. Gross crop water demand is the amount of water that is required to ensure
maximum crop growth in irrigated areas, including applied irrigation water and losses
through transport and application. We will denote this quantity by DCGross .
Gross irrigation water demand is then satisfied from available blue water, Blue W ,
nonrenewable groundwater, NRGround W and potential nonlocal water resources, NonLW :
DIrrGross = BlueW + N RGroundW + N onLW

(7.4)

while gross crop water demand can be supplied from four possible sources:

DCGross = GreenW + DIrrGross = GreenW + BlueW + N RGroundW + N onLW . (7.5)
7.2.2 Simulating Available Blue Water
To estimate the amount of blue water available to satisfy gross irrigation water demand, we use the global hydrological model PCR-GLOBWB to simulate surface freshwater or water in rivers, lakes, reservoirs and wetlands (Van Beek and Bierkens, 2009).
We refer to Van Beek et al. (2011) for an extensive description. PCR-GLOBWB is a
conceptual, process-based water balance model of the terrestrial part of the hydrological cycle except Antarctica. It simulates for each grid cell (0.5◦ × 0.5◦ globally) and
for each time step (daily) the water storage in two vertically stacked soil layers and
an underlying groundwater layer, as well as the water exchange between the layers
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and between the top layer and the atmosphere (rainfall, evaporation and snow melt).
The model also calculates canopy interception and snow storage. Subgrid variability
is taken into account by considering separately tall and short vegetation, open water
(i.e., lakes, reservoirs, floodplains and wetlands), different soil types (Food and Agricultural Organization (FAO) Digital Soil Map of the World1 ), and the area fraction
of saturated soil (improved ARNO scheme from Hagemann and Gates (2003)) as well
as the frequency distribution of groundwater depth based on the surface elevations of
the 1 km × 1 km Hydro1k data set. Fluxes between the lower soil reservoir and the
groundwater reservoir are mostly downward, except for areas with shallow groundwater tables, where fluxes from the groundwater reservoir to the soil reservoirs are
possible (i.e., capillary rise) during periods of low soil moisture content. The total
specific runoff of a cell consists of saturation excess surface runoff, melt water that
does not infiltrate, runoff from the second soil reservoir (interflow) and groundwater
runoff (base flow) from the lowest reservoir.
Simulated specific runoff from the two soil layers (i.e., direct runoff and interflow)
and the underlying groundwater layer (i.e., base flow) is routed along the drainage
network on the basis of DDM30 (Döll and Lehner, 2002) by using the kinematic
wave approximation of the Saint- Venant equation (Chow et al., 1988). The effect
of open water evaporation, storage changes by lakes, attenuation by floodplains and
wetlands, and reservoir operations (i.e., water supply, flood control, hydropower and
navigation) are taken into account as well (Van Beek et al., 2011).
In this study, PCR-GLOBWB was forced with daily fields of precipitation, reference evapotranspiration and temperature over the period 1958 to 2001. Precipitation
and air temperature were prescribed by the Climate Research Unit (CRU) TS 2.1
monthly data set (Mitchell and Jones, 2005; New et al., 2000) which was subsequently downscaled to the daily fields (Van Beek et al., 2011) by using the ERA-40
reanalysis data (Uppala et al., 2005). Although the Climate Research Unit (CRU)
TS 2.1 underestimates precipitation because of snow undercatch (Fiedler and Döll,
2007) over the Arctic regions, this weakness is of little consequence for this study as
no major irrigated areas are located there. Prescribed reference evapotranspiration
was calculated on the basis of the Penman-Monteith equation according to the FAO
guidelines (Allen et al., 1998) by using time series data of CRU TS 2.1 with additional inputs of radiation and wind speed from the CRU CLIM 1.0 climatology data
set (New et al., 2002). Crop-specific potential evapotranspiration was obtained from
a crop factor climatology per grid cell derived from combining land cover data (GLCC
version 2; U.S. Geological Surveys (USGS) Earth Resources Observation and Science
Center, Global land cover characteristics data base version 2.02 ), data on leaf area
index (LAI) values at dormancy and peak of the growing season [Hagemann et al.,
1999] and the monthly CRU climatology of temperature, precipitation, and potential
evapotranspiration over 1961-1990 (see Van Beek et al., 2011, for detalis).
1
2

184

http://www.fao.org/nr/land/soils/digital-soil-map-of-the-world/
http://edc2.usgs.gov/glcc/glcc.php/

PCR-GLOBWB is run with a daily time step but blue water availability is subsequently evaluated at monthly time steps. Local blue water availability at a given time
and for a given cell i is finally obtained by taking the cumulative discharge along the
river network (including lakes, wetlands and reservoirs that are part of the drainage
network) after subtracting upstream net total water demand, DT otN et , which is the
sum of blue water demand of all sectors (domestic, industrial and agricultural sector)
after subtracting return flows:
W A = QLoc,i +

n
X

(Qj − DT otN et ,j )

(7.6)

j=i+1

where WA is blue water availability, QLoc , is the specific discharge or local runoff in
cell i, DT otN et is the net total water demand of upstream cell j [all in m3 day−1 ], taken
to be the local water consumption (Döll and Siebert, 2002), and j = i+1. . . n, all
upstream the cells draining to cell i.
7.2.3 Estimating Green Water and Water Demand per Sector
Although we focus on irrigation water demand, we need water demand for all sectors
(domestic, industrial and agricultural including livestock sector), in order to calculate
blue water availability (Equation 7.6) as well as to estimate groundwater abstraction
at the scale of grid cells (see next sections). We will describe in brief how the various
terms are calculated. For an extensive description of methods we refer to Wada et al.
(2011a,b).
Agricultural water demand can be subdivided into livestock and irrigation water demand. As in previous studies (e.g., Döll and Siebert, 2002; Rost et al., 2008;
Wisser et al., 2008; Hanasaki et al., 2010), we combine gridded irrigated areas and
crop-related data to estimate irrigation water demand. First we took the map of
irrigated areas based on the MIRCA2000 data set (Portmann et al., 2010) and combined it with crop factors and growing season lengths from GCWM (Siebert and Döll,
2010). Both data sets are representative for the year 2000. Using these as input to
PCR-GLOBWB and forcing the model with precipitation and reference evapotranspiration data as described in Section 7.2.2, this yielded daily time series of actual
evapotranspiration, which can be seen as the evapotranspiration of the crops in the
irrigated areas in case no irrigation was applied. This was used as an estimate of green
water, Green W . Subtracting this amount from calculated time series of crop-specific
potential evapotranspiration for the irrigated areas (net crop water demand, DCN et ,
Equation 7.1) then resulted in time series of net irrigation water demand, DIrrN et ,
(Equation 7.2). Multiplication with country-specific efficiency factors (Equation 7.3)
from (Rohwer et al., 2007) finally resulted in daily time series of gross irrigation water demand, DIrrGross . Daily time series were aggregated to monthly values before
further analysis. As stated above, the data obtained are representative for the year
2000. To obtain monthly time series of Green W , DIrrN et and DIrrGross for the period
of interest 1960-2000 we repeated this procedure for each year, while estimating the
growth of irrigated areas by combining country-specific statistics on irrigated areas
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(FAOSTAT3 ) with the MIRCA 2000 data set (Portmann et al., 2010) (see Wisser
et al., 2010; Wada et al., 2011a, for details).
Livestock water demand from 1960-2000 was reconstructed on the basis of statistics of livestock densities (Food and Agriculture Organization of the United Nations
(FAO), 2007) (FAOSTAT3 ), while industrial and domestic water demand over the
same period could be estimated using statistics on population and socioeconomic
drivers (e.g., GDP and electricity production) taken from the FAOSTAT3 , the UNEP4
and the World Bank5 . To calculate return flows needed to estimate net water demand
(i.e., potential consumptive water use), we used country-specific recycling ratios calculated by Wada et al. (2011b) on the basis of economic development stages. We
refer to Wada et al. (2011b) for details on these calculations. Adding industrial and
domestic water demand (after subtraction of return flows), livestock water demand
and gross irrigation water demand yields net total water demand, DIrrN et .
7.2.4 Estimating Nonrenewable Groundwater Abstraction for Irrigation
Nonrenewable groundwater abstraction in irrigated areas is obtained in three steps:
(1) calculation of grid-based (0.5◦ × 0.5◦ ) natural groundwater recharge and additional recharge from irrigation, (2) downscaling of countrybased estimates on groundwater abstraction to grid-based groundwater abstraction, and (3) for the irrigated
areas, subtracting grid-based groundwater abstraction from groundwater recharge to
estimate nonrenewable groundwater abstraction for irrigation. Although groundwater depletion leads to increased capture of exogenous surface water and groundwater
through a reduction of groundwater discharge to streams and increased recharge from
streams (Bredehoeft, 2002), in many (semiarid) areas with extensive and longtime
groundwater exploitation, with thousands of small agricultural wells dispersed over
the entire groundwater region, the effects of increased capture are rather small or
the time of increased capture has long passed, and removal from storage can be estimated by the difference between abstraction and recharge rates (Wada et al., 2010).
In following sections these three steps are subsequently described in more detail.
1

Natural Groundwater Recharge and Additional Recharge From Irrigation

Natural groundwater recharge can be readily obtained from the simulation of PCRGLOBWB for the period 1960-2000, where the natural groundwater recharge is estimated as the net flux from the lowest soil layer to the groundwater layer, i.e., deep
percolation minus capillary rise. Note that in PCR-GLOBWB, the long-term average
of groundwater recharge equals long-term average groundwater discharge from the
groundwater layer to the surface water network. Our estimate of the average natural
groundwater recharge globally amounts to 15.2 × 103 km3 yr−1 (Wada et al., 2010). It
should be noted that the simulated recharge does not explicitly include recharge from
3

http://faostat.org/
http://www.unep.org/
5
http://www.worldbank.org/
4
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streams and lakes, although such effects may be implicitly included when calibrating
soil characteristics to reproduce observed low-flow properties.
To account for additional groundwater recharge from irrigation, RIrr , we use the
following approximation:
RIrr,i = min (LIrr,i , k (θE

F C,i )

· AIrr,i )

(7.7)

where LIrr is the amount of irrigation losses estimated based on the country-specific
efficiency factor eIrr (as used in Equation 7.3) [m3 day−1 ], k(θE F C ) is the unsaturated hydraulic conductivity at field capacity [m day−1 ] and AIrr is the corresponding
irrigated areas within the cell [m2 ]. This formulation is based on the fact that in
irrigation practice water is supplied to wet the soil to field capacity during the application and the amount of irrigation water in excess of the field capacity can percolate
to the groundwater system. The additional recharge rate thus equals the unsaturated
hydraulic conductivity of the bottom soil layer at field capacity, assuming gravitational drainage. However, the total percolation losses are further constrained by the
reported country-specific loss factor based on Rohwer et al. (2007).
2

Grid-Based Groundwater Abstraction for Irrigation

To estimate grid-based groundwater abstraction, we start with groundwater abstraction rates per country and groundwater regions where major aquifers are present as
stored in the IGRAC GGIS database (International Groundwater Resources Assessment Centre6 ). We indexed country-based groundwater abstraction to the year 2000
on the basis of population statistics as most abstraction data are collected before the
year 2000. Data on abstraction rates were lacking for Afghanistan, North Korea, Sri
Lanka, Colombia, and several countries in Africa and South America.
Since the locations where groundwater is abstracted by wells are not known for
most of the countries, Wada et al. (2010) downscaled groundwater abstraction per
country to a 0.5◦ grid resolution by using water demand as a proxy, i.e., on the basis
of the assumption that groundwater is abstracted close to where it is most needed. In
this study, we improve on their approach by taking into account the available surface
freshwater.
First, for each month, m, in the year 2000 and for each grid cell, i, we calculate
deficits, Defs m,i , between the surface water availability, WAm,i , simulated by PCRGLOBWB (after correcting for upstream water consumption through Equation 7.6)
and the estimated net total water demand, DT otN et,m,i (see Section 7.2.3). Because we
are interested in groundwater as an alternative source we limit this analysis to regions
where the aquifers are present (major groundwater regions of the world according to
the IGRAC GGIS). We subsequently estimate annual deficits, Defs a,i , for the year
2000.
6

http://www.un-igrac.org/
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Def sa,i =

12
X

Def sm,i =

m=1

12
X

(DT otN et m,i − W Am,i ).

(7.8)

m=1

We assume that grid cells with deficits (i.e., water demand in excess of blue water
availability) are the main locations where groundwater is abstracted as an alternative
resource to satisfy the demand.
Second, the annual deficits, Defs a,i , are filled by the amount of available countrytotal groundwater abstraction until total water demand is satisfied by groundwater
abstraction per grid cell. Total annual deficits per country, Defs a , are given by:
Def sa =

n
X

Def sa,i

(7.9)

i=1

where n is the number of grid cells with deficits per country. If the total annual deficits
are larger than the available annual groundwater abstraction in a country, Defs a
>Ground W a , (e.g., Egypt, Sudan, Mali, Niger, Sudan, Turkmenistan and Uzbekistan), we distribute the country abstraction according to the intensities rather than
the volume of the deficits. In most cases the available abstraction is larger than the
total deficits in a country and the remaining country-based abstraction (Ground W a
– Defs a ) is further allocated relative to the intensity of total water demand over its
country total (again limited to cells in major groundwater regions):
DT otN et a,i
.
GroundW a,i = Def sa + (GroundW a − Def sa ) · P
n
DT otN et a,i

(7.10)

i=1

Third, we use the fraction of irrigation water demand over net total water demand in each grid cell in the irrigated areas to arrive at groundwater abstraction for
irrigation, GroundW,Irr,a,i :
GroundW,Irr,a,i =

DIrrGross
· GroundW,a,i .
DT otN et

(7.11)

Over the irrigated areas (MIRCA2000; Portmann et al., 2010) irrigation water
demand is dominant, so that groundwater abstraction for irrigation is close to the
total groundwater abstraction in irrigated areas.
3

Nonrenewable Groundwater Abstraction for Irrigation

Nonrenewable groundwater abstraction is subsequently calculated by subtracting the
sum of the simulated natural groundwater recharge and additional recharge from irrigation from the gridded groundwater abstraction in a vertical slice per grid cell over all
regions of the world. Negative values indicate grid cells with overlaps between available blue water and renewable groundwater abstraction and the remaining positive
values denote grid cells where nonrenewable groundwater is abstracted. Nonrenewable groundwater abstraction for irrigation is estimated again by using the fraction of
188

irrigation water demand over net total water demand in each grid cell in the irrigated
areas:
N RGroundW,Irr,a,i =

DIrrGross
· N RGroundW,a,i .
DT otN et

(7.12)

We also assessed the past trend of groundwater abstraction for the period 19602000 as a first-order estimate assuming that country-based groundwater abstraction
increases linearly with water demand. So for a given year, k, an estimate of countrybased groundwater abstraction is obtained by multiplying the groundwater abstraction of the year 2000 by the ratio of country-based water demand of year, k, over
that of the year 2000 water demand. Water demand is calculated according to Wada
et al. (2011a,b) (see Section 7.2.3). Next, by repeating for each year the methodology previously described, we thus estimate the amount of nonrenewable groundwater
abstraction for irrigation during the period 1960-2000.

7.3

Results

7.3.1 Model Evaluation and Validation
Before we present the result of nonrenewable groundwater for irrigation, we first
provide the evaluation of model performance and validation result for downscaling
country total groundwater abstraction rates to 0.5◦ grids, and compare estimated
nonrenewable groundwater abstraction to independent estimates of groundwater depletion.
To assess model performance, we compared simulated terrestrial water storage
(TWS) to the GRACE satellite observations. Monthly GRACE TWS anomalies were
obtained from the DEOS Mass Transport release 1/1b (DMT-1) model of Liu and
Yang (2010) for the period 2003- 2008. Since this period extends beyond that of
the available climate forcing for PCR-GLOBWB used in this study (Section 7.2.2),
we forced the model by a comparable climate data set of daily rainfall and temperature fields taken from the ECMWF Operational Archive7 . For compatibility with
our overall analysis, we bias-corrected this data set by scaling the long-term monthly
means of these fields to those of the CRU TS 2.1 data set. Monthly reference (potential) evapotranspiration was computed according to the FAO guidelines (Allen et al.,
1998) using the relevant long-term monthly values from the CRU TS 2.1 and CLIM
1.0 data sets (Section 7.2.2) where temperature was replaced by that of the biascorrected ECMWF Operational Archive, and subsequently downscaled on the basis of
the daily temperature. Figure 7.1 compares our simulated TWS anomalies with those
of the GRACE observations for major basins of the world. PCR-GLOBWB reproduces the seasonal and interannual variations in TWS well particularly in (semi)arid
basins such as Niger and Zambezi. TWS is also reproduced reasonably well for basins
where major irrigated areas are present such as Mississippi, Nile, Indus, Ganges and
Mekong. However, PCR-GLOBWB underestimates TWS for most of the period for
7

http://www.ecmwf.int/products/data/archive/descriptions/od/oper/index.html/
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Yangtze. This might be caused by overestimation of our evapotranspiration, resulting in underestimation of soil water storage and surface runoff. For Danube, TWS
is underestimated for 2006 in which significant flooding, i.e., 2006 European floods,
occurred because of heavy rain and melting snow, while it is well reproduced for the
other years. Overall, PCR-GLOBWB reproduces TWS adequately for most of the
basins, which increases our confidence on model performance.
Figure 7.2 compares our estimated groundwater abstraction rates for the United
States with reported values per county taken from the USGS8 . Both estimated and
reported values sum up to a total of around 115 km3 yr−1 (year 2000). Although the
spatial resolution does not exactly correspond with each other, our estimated groundwater abstraction rates show a good agreement with those of the USGS throughout
the United States (excluding Alaska and Hawaii). Large groundwater abstraction
rates over the High Plains (Ogallala) Aquifer, the Central Valley, California, the Mississippi River Valley alluvial aquifer, the Basin and Range basin fill aquifers, Florida,
the Pacific Northwest basaltic rock aquifers and the Snake River Plain basaltic rock
aquifers are well reproduced by our downscaling method (see Section 7.2.4). For the
Southwest, we also have a good agreement if we add up our downscaled values per
county.
Table 7.1 shows, per country, our estimate of nonrenewable groundwater abstraction rates. An uncertainty analysis for the estimates was performed according to
Wada et al. (2010). Note that here we use estimates of total nonrenewable groundwater abstraction for all purposes including irrigation as an estimate of groundwater
depletion, i.e., groundwater removal from storage. Moreover, we limit our estimates
to subhumid to arid regions to prevent excessive overestimation of groundwater depletion due to enhanced recharge as would occur in areas with abundant surface
water. Comparing to the previous works by Wada et al. (2010, 2011b), we rectified
the groundwater recharge estimate by including additional recharge from irrigation
to find that global recharge is enhanced by 420 km3 yr−1 which reduces depletion
from 283 (±40) to 256 (±38) km3 yr−1 . Figure 7.3 compares for several regions our
estimates of groundwater depletion rates with independent estimates of groundwater
depletion (Sahagian et al., 1994a; McGuire, 2003; Foster and Loucks, 2006; Rodell
et al., 2009; Tiwari et al., 2009; Famiglietti et al., 2011; Konikow, 2011). As shown
in Figure 7.3, our estimates compare well with the other independent assessments
of groundwater depletion reported around the year 2000, showing that our approach
does not lead to large structural errors. The exception here is the estimate for north
India (i.e., Rajasthan, Punjab, Haryana) and northern India and adjacent areas (NIAAs) where compared to the GRACE estimates from Rodell et al. (2009) and Tiwari et al. (2009), groundwater depletion is overestimated (38.3 km3 yr−1 versus 17.7
km3 yr−1 and 71.7 km3 yr−1 versus 54 km3 yr−1 ). This most likely results from the fact
that surface water availability necessary to meet the large irrigation water demand
is underestimated as it is known that in the Indo-Gangetic plains extensive diversion
works are present (Sharma and Kansal, 2010) that are not included in our modeled
8
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surface water system. Also, it may well be that additional recharge occurs from these
diversions.
A comparison of our estimates with those of a recent study by Konikow (2011)
also shows a reasonable agreement (see Figure 7.3). We compare our estimates with
Konikow (2011) results for the last period 2000-2008 since these estimates are also
closest to the other independent estimates. Differences between these estimates are
relatively small, except for the estimate for northern India and adjacent areas, which
Konikow (2011) equally takes from Tiwari et al. (2009) and one region in the United
States: western U.S. alluvial basins. This region used to have depletion rates similar in magnitude to our estimate during the period 1950-1980, after which surface
water diversions and artificial recharge programs reduced depletion to small values
(Konikow, 2011). If we add up the depletion rates from the United States and the
other 5 regions evaluated by Konikow (2011), we end up with a depletion of 132.8
km3 yr−1 which is not very different from the 101.6 km3 yr−1 , given the uncertainty
estimate provided for the global estimate (27% for Konikow (2011) and 38 km3 yr−1
for this study). The global estimate of groundwater depletion by Konikow (2011) (145
km3 yr−1 ) is however very different from that of ours (256 km3 yr−1 ; see Table 7.1).
This is largely due to the extrapolation performed by Konikow (2011) assuming that
the ratio of depletion to groundwater abstraction of the rest of the world is the same
as that of the United States (i.e., 15.4%). Table 7.1 shows that this is clearly not
the case as the ratios considerably vary among countries (between 7% and 87%). For
instance, taking the estimated depletion from the GRACE (Tiwari et al., 2009) for
northern India and adjacent areas (54 km3 yr−1 ) and comparing this to reported abstraction rates6 for India (190 km3 yr−1 ) and Pakistan (55 km3 yr−1 ) already yields
a ratio of 22% and could easily ad up to 25–30% if we correct the total abstraction
of 245 km3 yr−1 with the part that is abstracted in southern India. These fractions
are much higher than the 15.4% assumed by Konikow (2011) and largely explain the
differences between his and our estimates. Major other hotspots such as Iran, Mexico,
the remaining parts of India and China and a number of countries in central Asia and
the Middle East are thus not adequately accounted for by Konikow (2011).
7.3.2 Total and Nonrenewable Groundwater Abstraction for Irrigation
Resulting groundwater abstraction for irrigation downscaled to 0.5◦ for the year 2000
is shown in Figure 7.4c, while Figure 7.4a shows the groundwater abstraction per
country obtained from the IGRAC GGIS database and Figure 7.4b shows the estimated irrigation water demand. Figure 7.5 shows the estimated nonrenewable groundwater abstraction for irrigation for the year 2000. Large amounts of groundwater are
being abstracted over major irrigated regions such as India, northern China, United
States, Pakistan, southern Mexico, northern Iran, central Saudi Arabia, and southern
Europe. Summing total and nonrenewable groundwater abstraction for irrigation for
these areas amounts to 80% and 90% of the global total for the year 2000, respectively.
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Figure 7.1 Comparison of simulated monthly terrestrial water storage anomalies [y axis: m] with those of the GRACE observations
for major basins of the world during the period 2003-2008. Blue and red line indicates the GRACE observation and PCR-GLOBWB
simulation, respectively. Monthly GRACE terrestrial water storage anomaly data were obtained from the DEOS Mass Transport
release 1/1b (DMT-1) model (Liu and Yang, 2010). The data is not available for January and June, 2003.
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Table 7.1 Reported groundwater abstraction rate (http://www.un-igrac.org/) and estimated groundwater depletion per country with ranges of uncertainty for the year 2000 in
km3 yr−1 . An uncertainty analysis was performed according to Wada et al. (2010). D/A denotes the fraction of depletion over abstraction [%]. Groundwater depletion was estimated
by the nonrenewable groundwater abstraction for sub-humid to arid areas in each country
(cf. Wada et al., 2010).

Country
India
USA
China
Pakistan
Iran
Mexico
Saudi Arabia
Russia
Italy
Turkey
Uzbekistan
Egypt
Bulgaria
Spain
Argentina
Libya
Ukraine
Romania
Kazakhstan
South Africa
Algeria
Greece
Morocco
Australia
Tajikistan
Yemen
Turkmenistan
Syria
UAE
Tunisia
Peru
Bolivia
Israel
Kyrgyzstan
Jordan
Mauritania
Oman
Kuwait
Qatar
Globe
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Abstraction (A) Depletion (D)
190 (± 37)
115 (± 14)
97 (± 14)
55 (± 17)
53 (± 10)
38 (± 4)
21 (± 3)
12 (± 2)
11 (± 3)
8 (± 2)
6.5 (± 1.8)
5 (± 1.3)
4.8 (± 1.4)
4.6 (± 1.1)
4.5 (± 0.9)
4.4 (± 1.2)
4.2 (± 0.9)
3.5 (± 1)
3.4 (± 1)
3.0 (± 0.7)
2.5 (± 0.7)
2.4 (± 0.6)
2.4 (± 0.4)
2.1 (± 0.4)
1.9 (± 0.5)
1.9 (± 0.5)
1.85 (± 0.5)
1.59 (± 0.4)
1.55 (± 0.3)
1.55 (± 0.5)
1.23 (± 0.4)
0.68 (± 0.2)
0.61 (± 0.2)
0.61 (± 0.2)
0.52 (± 0.2)
0.51 (± 0.1)
0.50 (± 0.2)
0.29 (± 0.1)
0.18 (± 0.05)
734 (± 82)

71 (± 21)
32 (± 7)
22 (± 5)
37 (± 12)
27 (± 8)
11 (± 3)
15 (± 4)
1.5 (± 0.5)
2.3 (± 0.6)
2.4 (± 0.8)
4.0 (± 1.4)
3.0 (± 1.2)
2.0 (± 0.8)
1.7 (± 0.6)
0.9 (± 0.3)
3.1 (± 0.9)
0.3 (± 0.08)
1.3 (± 0.6)
2.0 (± 0.5)
1.5 (± 0.5)
1.7 (± 0.6)
0.34 (± 0.1)
1.6 (± 0.5)
1.0 (± 0.3)
1.2 (± 0.4)
0.9 (± 0.3)
1.25 (± 0.5)
1.23 (± 0.3)
1.18 (± 0.4)
0.65 (± 0.2)
0.32 (± 0.08)
0.25 (± 0.08)
0.38 (± 0.1)
0.31 (± 0.1)
0.22 (± 0.08)
0.36 (± 0.1)
0.20 (± 0.06)
0.25 (± 0.09)
0.15 (± 0.06)
256 (± 38)

D/A [%]
37 (± 19)
28 (± 9)
22 (± 9)
69 (± 48)
52 (± 24)
30 (± 11)
72 (± 30)
14 (± 7)
21 (± 13)
31 (± 18)
63 (± 43)
61 (± 43)
42 (± 32)
37 (± 23)
20 (± 11)
70 (± 43)
7 (± 3.5)
38 (± 30)
59 (± 35)
50 (± 30)
69 (± 48)
14 (± 8)
67 (± 34)
48 (± 24)
61(± 40)
49 (± 31)
70 (± 50)
78 (± 41)
76 (± 42)
42 (± 30)
26 (± 17)
37 (± 25)
62 (± 41)
51 (± 37)
42 (± 38)
71 (± 35)
39 (± 33)
87 (± 70)
83 (± 60)
34 (± 9)
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Figure 7.3 Comparison estimates of groundwater depletion rates between this study and independent estimates taken from Sahagian
et al. (1994a), McGuire (2003), Foster and Loucks (2006), Rodell et al. (2009), Tiwari et al. (2009), Famiglietti et al. (2011) and
Konikow (2011). Abbreviations used: ACP: Atlantic Coastal Plain; CCV: Central Valley, California; DCBAs: Deep Confined Bedrock
Aquifers; GCP: Gulf Coastal Plain; HPA: High Plains (Ogallala) Aquifer; NAS: Nubian Aquifer System; NIAAs: Northern India
and Adjacent Areas; NCP: North China Plain; NWSAS: North Western Sahara Aquifer System; RPH: Rajasthan, Punjab, Haryana;
WUABs: Western USA Alluvial Basins; WVSs: Western Volcanic Systems. Countries are identified by their ISO country codes. The
dashed lines represent the 1:1 slope.

7.3.3 Contribution of Water (Re)sources to Irrigated Crops
On the basis of the simulations with PCR-GLOBWB and the calculations of water
demand and nonrenewable groundwater abstraction we estimated the contribution of
different sources of water to irrigated crops, i.e. to gross crop water demand: green
water, blue water, nonrenewable groundwater or nonlocal water resources. For the
year 2000, water used for irrigated crops globally amounts to 2510 km3 yr−1 , of which
47% (1172 km3 yr−1 ) and 53% (1338 km3 yr−1 ) are composed of green water use and
gross irrigation water demand, respectively (see Table 7.2). Blue water contributes
63% or 844 km3 yr−1 to the gross irrigation water demand while nonrenewable groundwater contributes 18% or 234 km3 yr−1 . Potential nonlocal water resources contribute
the remaining 19% or 260 km3 yr−1 to the gross irrigation water demand. We estimate
that about 85% of the global nonrenewable groundwater abstraction (275 km3 yr−1 )
is used for irrigation. Our estimate of nonrenewable groundwater used for irrigated
crops is comparable to the lower range of that of Vörösmarty et al. (2005), who suggest that 16% to 33% of agricultural water demand is nonlocal and nonrenewable (391
to 830 km3 yr−1 ). If we add our estimate of nonrenewable groundwater abstraction
to that of nonlocal water resources, being the remaining shortage to bring irrigation
water to the optimum, our total falls within their range.
Focusing on country estimates in Table 7.2, it can be seen that India needs the
amount of 600 km3 yr−1 of water in order to satisfy its gross crop water demand
in irrigated areas, which is nearly a quarter of the global total. In India, the gross
irrigation water demand (353 km3 yr−1 ) constitutes nearly 60% of its gross crop water
demand, of which 19%, or 68 km3 yr−1 , is supplied from nonrenewable groundwater.
India uses the largest amount of nonrenewable groundwater for irrigation among
the countries. Because of the scarce rainfall under its semiarid climate, in Pakistan
most (80%, or 146 km3 yr−1 ) of the gross crop water demand is satisfied by irrigation.
While a major part of the irrigation water is taken from the Indus river, nonrenewable
groundwater contributes 24% to the gross irrigation water demand and amounts to
35 km3 yr−1 , the second largest volume after India. Similar to India, gross irrigation
water demand constitutes 60% of the gross crop water demand of the United States
and Mexico. In these countries, around 20% of gross irrigation water demand comes
from nonrenewable groundwater while around 60% is supplied from blue water. In
Iran and Saudi Arabia, where rainfall and surface freshwater are extremely scarce,
nonrenewable groundwater provides the largest contribution to gross irrigation water
demand, 40% and 77%, respectively. Our estimate in Saudi Arabia suggests that its
irrigation practice is near-optimal in terms of productivity and sustained by the large
abstraction of nonrenewable groundwater resources. In China, on the other hand,
nonrenewable groundwater contributes merely around 15% to the gross irrigation
water demand. This can be explained by the large share of green water used by
irrigated crops which enjoy substantial but variable rainfall, contributing 66%, or 267
km3 yr−1 , to the gross crop water demand, the largest volume for any of the major
irrigated countries.
Figure 7.6 shows the current contribution of each water resource to irrigated crops
(gross crop water demand in irrigated areas) for major groundwater users such as In196

dia, China, United States, Pakistan, Iran, Mexico, Saudi Arabia, Egypt, Spain and
Libya. Large fractions of nonrenewable groundwater abstraction over gross irrigation water demand are observed predominantly in arid regions such as the Middle
East. Nonrenewable groundwater supplies more than half of the gross irrigation water demand in Saudi Arabia, Qatar, Libya and UAE. However, it should be noted
that gross crop water demand in most of countries is not fully covered by the sum
of available green water, blue water and nonrenewable groundwater, particularly in
water scarce regions such as India, United States, Pakistan, Iran, Mexico, Egypt,
Kazakhstan, Spain, Italy, Turkey, South Africa, Morocco and Algeria. In some regions such as west United States and the Indo-Gangetic plains extensive larger and
smaller diversion works are probably able to meet this outstanding demand by nonlocal water. In other less developed regions, it is common that farmers irrigate less than
optimally because of persistent water scarcity or to minimize costs. Here, potential
yields over current irrigated areas can still be improved if additional water resources
were available for irrigation. Conversely, in China, Russia, Saudi Arabia, Argentina,
Yemen and UAE, current irrigation practice is near optimal in terms of productivity.
In these countries, current irrigated areas are almost fully exploited and their yields
from irrigation can only be increased by improved water use efficiency (i.e., higher
crop water productivity per unit irrigated area) or by expanding their irrigated areas.
However in some of these countries where available blue water is almost fully used for
irrigation, additional abstraction of nonrenewable groundwater will result in further
depletion of groundwater resources.
We reconstructed past trends of different water resources contributing to irrigated
crops. We only provide global estimates here because of the rather strong assumption
of a linear relationship between country-based groundwater abstraction and country
net total water demand. Figure 7.7 shows that in irrigated areas the gross crop water
demand more than doubled from 1217 to 2510 km3 yr−1 over the period 1960-2000.
For the year 1960, green water contributed globally 48% or 589 km3 yr−1 to the gross
crop water demand resulting in a gross irrigation water demand of 628 km3 yr−1 . Blue
water and nonrenewable groundwater supplied 73%, or 457 km3 yr−1 , and 12%, or 75
km3 yr−1 , of the gross irrigation water, respectively, leaving 1596 km3 yr−1 , for nonlocal water resources. During the 1960-2000 period the global gross irrigation water
demand more than doubled to 1338 km3 yr−1 as a result of expansion of irrigated
areas to support growing food demands. The amount of blue water contributing to
the global gross irrigation water demand also increased to 844 km3 yr−1 but its share
decreased to 63% for the year 2000. However, the amount and share of nonrenewable groundwater rose to 234 km3 yr−1 and close to 20%, respectively. These results
suggest that available blue water resources have become extensively exploited for irrigation. Even though large numbers of reservoirs were constructed to supply water
to irrigation, the increase in their storage capacities has been tapering off since the
1990s (Chao et al., 2008). Consequently, the contribution of nonrenewable groundwater abstraction to meet the gross irrigation water demand has been increasing rapidly,
resulting in an increasing dependency on nonrenewable groundwater for irrigation in
recent years.
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7.4

Discussion

Here, we first compare per major irrigated country our results with available statistics
and previous estimates to explore the differences in crop and irrigation water demand.
Next, we discuss limitations and uncertainties inherent to this study.
7.4.1 Comparisons With Previous Estimates
We compared the estimated crop and irrigation water demand with reported and
estimated values taken from the FAO and previous studies in Table 7.3. Siebert
and Döll (2008) and Liu and Yang (2010) assumed that the contribution of green
and blue water is sufficient to meet gross crop water demand and estimated blue
water demand from this. Rost et al. (2008) quantified the amount of gross and net
irrigation water demand (see equations 7.4 and 7.2, respectively) with and without
the potential contributions of nonrenewable and nonlocal blue water resources to
meet these demands (IPOT/ILIM; see Table 7.3). Wisser et al. (2008), on the other
hand, assessed uncertainties of computing gross irrigation water demand by using
two different data sets of irrigated areas based on the FAO (GMIA; Siebert et al.,
2005, 2007) and the IWMI (GIAM; Thenkabail et al., 2006) with two different climate
inputs of the National Centers for Environmental Prediction (NCEP) (NCEP/NCAR;
Kalnay et al., 1996) and the CRU (CRU TS 2.1; Mitchell and Jones, 2005).
Our estimates of gross crop water demand for irrigated areas per country agree
reasonably well with those of the other studies. For major irrigated countries such as
India, China, and United States, we estimated gross crop water demand to be 600,
403, and 204 km3 yr−1 , respectively, while the other studies report 313–462, 404–492,
and 218–265 km3 yr−1 . The variation is likely caused by differences in irrigated areas
since we used FAOSTAT statistics to correct irrigated areas per country from the
MIRCA2000 data set, while Siebert and Döll (2008) and Liu and Yang (2010) used
the MIRCA2000 data set and that of Siebert et al. (2007), respectively. Differences in
prescribed reference evapotranspiration which is used to compute crop water demand
between this study and the other studies should also explain the variation. Our
estimates of irrigation water demand are close to the reported values of FAO and those
of Siebert and Döll (2008) for most of the countries. Range is large for irrigation water
demand estimates from the other studies. This is because Wisser et al. (2008) account
for uncertainties caused by different irrigated area estimates combined with different
climate inputs. For India, the use of the IWMI irrigated areas doubles the estimated
gross irrigation water demand compared to the estimate based on the FAO irrigated
areas, while the climate input of the NCEP results in lower values compared to that
of the CRU. The same trend applies for China, but not for the United States and
Egypt ; here both FAO and IWMI report similar areas yet the gross irrigation water
demand decreases when the NCEP climate data are used. Globally, gross irrigation
water demand is larger by 30% when using IWMI irrigated areas instead of the FAO
data, while it decreases by the same magnitude when NCEP instead of CRU climate
data are used (Wisser et al., 2008).
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Table 7.2 Contribution of water resources to irrigated crops (gross crop water demand in irrigated areas) in major groundwater users
for the year 2000; between brackets are the percentage of a water resource contributing to gross irrigation water demand.

Gross Irrigation Water demand
Gross
Crop
Water
Demand
Country km3 yr−1

Green Water
Contribution

Blue Water
Contribution

Total

Nonrenewable
Groundwater
Abstraction

Nonlocal Water
Resources

km3 yr−1

[%]

km3 yr−1

[%]

km3 yr−1

[%]

km3 yr−1

[%]

km3 yr−1

[%]

India

600

247

41

353

59 (100)

214

36 (61)

68

11 (19)

71

12 (20)

China

403

267

66

136

34 (100)

105

26 (77)

20

5 (15)

11

3 (8)

USA

204

77

38

127

62 (100)

77

38 (61)

30

14 (23)

20

10 (16)

Pakistan
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37

20

146

80 (100)

81

44 (55)

35

19 (24)

30

17 (21)

Iran

59

9

15

50

85 (100)

19

32 (38)

20

34 (40)

11

19 (22)

Mexico

71

26

36

45

64 (100)

27

38 (60)

10

14 (22)

8

11 (18)

Saudi
Arabia

14

1

7

13

93 (100)

3

22 (23)

10

71 (77)

0

0 (0)

Globe

2510

1172

47

1338

53 (100)

844

34 (63)

234

9 (18)

260

10 (19)
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Figure 7.6 Current contribution per water resource to water used for irrigated crops (gross crop water demand in irrigated areas)
for major groundwater users. Background shows a map of nonrenewable groundwater abstraction for irrigation. Labels indicate
percentages of nonrenewable groundwater abstraction contributing to gross irrigation water demand [%]. Sizes of pie charts are
relative to amounts of gross crop water demand in irrigated areas among the countries shown.

Our blue water contribution to irrigation is generally lower than reported by other
studies, because we partitioned blue water contribution into renewable and nonrenewable resources, while blue water contribution of the previous studies include both
terms. If we combine both terms, our blue water contribution becomes close to existing estimates. Rost et al. (2008) implicitly quantified amounts of nonlocal and
nonrenewable water resources used for irrigation (i.e., IPOT and ILIM). For India
and China, their values are larger than our estimates of nonrenewable groundwater and nonlocal water resources whereas they are comparable to our values for the
United States, Pakistan and Egypt. Our green water contribution to irrigated crops
per country is close to those of Siebert and Döll (2008) and Liu and Yang (2010) since
we used the same CRU climate data set as forcing.
7.4.2 Limitations and Uncertainties
Limitations of this study largely result from uncertainties caused by input data and
modeling assumptions. For example, as in previous studies (e.g., Döll and Siebert,
2002; Rost et al., 2008; Wisser et al., 2008; Siebert and Döll, 2010; Hanasaki et al.,
2010), growth of irrigated crops to compute crop water demand with crop calendar
is simulated in a rather simple manner which only approximates actual water use
conditions. Simulating optimal irrigation likely causes overestimation of crop water
demand in regions where persistent water scarcity leads farmers to irrigate less than
the optimal conditions (Döll and Siebert, 2002) such as India, Pakistan, Iran and
Egypt.
The amount of soil moisture (i.e., green water) and surface freshwater (i.e., blue
water) available to irrigated crops were simulated by PCR-GLOBWB. Extensive validations of PCR-GLOBWB were performed by Van Beek et al. (2011) by comparing
the simulated river discharge to observations (Global Runoff Data Centre (GRDC),
2008) and the estimated actual evapotranspiration to that of the ERA-40 reanalysis as proxy for observed rates (Kållberg et al., 2005). Comparisons with over 3600
GRDC stations show that the coefficient of determination (R 2 ) is high (≈0.9) for
most of the stations but the coefficient of determination decreases when the mean
minimum and maximum monthly discharge are considered instead of the mean discharge. Interannual variability is mostly well reproduced in major rivers except the
Niger (R 2 = 0.54), Orange (R 2 = 0.54), Murray (R 2 = 0.60), Indus (R 2 = 0.62),
Zambezi (R 2 = 0.75) and Nile (R 2 = 0.87) where the simulated river discharge is
often also overestimated.
Although strictly speaking not observational data, the ERA-40 reanalysis set can
be seen as a proxy to actual evapotranspiration measurements because of the assimilation of atmospheric observations (Kållberg et al., 2005). Comparisons between
our simulated actual evapotranspiration and that of the ERA-40 show that for the
nonirrigated areas both data sets are quite similar and that differences can be largely
explained by differences in rainfall estimates between ERA-40 and CRU (Van Beek
et al., 2011). However, for most of the major irrigated areas the simulated actual
evapotranspiration of PCR-GLOBWB is generally smaller than that of the ERA-40
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Figure 7.7 Past trends in the contribution per water resource to the global gross crop water
demand. Green: green water, Blue: blue water, Dark blue: nonrenewable groundwater. The
transparent area between gross crop water demand and the three available water resources
denotes the estimated contribution of nonlocal water resources [all in km3 yr−1 ].

reanalysis. While seasonal courses are well reproduced during the wet season, the
deviation widens during the dry season in heavily irrigated regions such as the Great
Plains, Spain and Pakistan. The latter comes from the fact that, unlike evaporation
from PCRGLOBWB, ERA-40 evaporation is a reanalysis product. Because irrigation
is not explicitly modeled in the ECMWF land surface model, screen temperatures will
generally be overestimated over these areas because of an underestimation of the latent heat flux. Consequently, during the analysis steps, additional moisture is added
to the soil moisture reservoirs in order to increase the subsequent latent heat fluxes
and keep temperature as calculated by the numerical weather prediction model close
to the observations. This “implicit irrigation scheme” resulting from data assimilation
thus explains the higher evaporation rates of ERA-40 during the dry irrigation season
(see the work by Van Beek et al., 2011, and results therein; Chapter 2). Van Beek
et al. (2011) also showed that the difference in dry season evaporation between ERA40 and PCR-GLOBWB could largely be explained by the calculated irrigation water
demand as also used in this paper.
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Table 7.3 Comparisons With Previous Studies of Water Used for Irrigated Crops per Water Resource in Major Irrigated Countries
Around the Year 2000a .
km3 yr−1

FAOb

Country

Blue

Rost et al. (2008)c
Blue (Gross)
IP OT

Wisser et al. (2008)c

Blue (Net)
IP OT

India

303

710-715
181-203ILIM

385-387
100-114ILIM

China

154

404-409IP OT
253-267ILIM

203-206IP OT
128-135ILIM

USA

-

Pakistan

72

Iran
Mexico

21
19

Egypt

28

167-171IP OT
92-97ILIM
117-120IP OT
35-57ILIM
29-30IP OT
14ILIM

104-105IP OT
54-58ILIM
54-55IP OT
18-29ILIM
17IP OT
7ILIM

Saudi
Arabia

7

-

-

IP OT

Globe

824

IP OT

1353-1375
2534-2566
1161-1249ILIM 636-684ILIM

Blue (Gross)
FAO 390-590N CEP 800-910CRU
IWMI 1100-1400N CEP
1600-1800CRU
FAO 220-480N CEP 540-690CRU
IWMI 270-600N CEP
690-850CRU
FAO 87-150N CEP 130-140CRU
IWMI 66-130N CEP 110-140CRU

Siebert and Döll
(2008)

Liu and Yang
(2010)

This study

Crop Green Blue Crop Green Blue Crop Green Blue NRGW NLWR
462

175

287

313

171

142

600

247

214

68

71

404

257

147

492

279

213

403

267

105

20

11

218

79

139

265

127

138

204

77

77

30

20

-

136

19

117

79

23

56

183

37

81

35

30

-

52
51

11
24

41
27

39
32

8
17

31
15

59
71

9
26

19
27

20
10

11
8

FAO 31-36N CEP 36-41CRU
IWMI 15-18N CEP 18-20CRU

48

1

47

31

2

29

30

2

16

3

9

-

13

1

12

6

2

4

14

1

3

10

0

FAO 2000-2400N CEP
3000-3400CRU
IWMI 2500-3000N CEP
3700-4100CRU

2100

919

943

927

234

260

1181 1870

2510 1172 844

Values are in km3 yr−1 . Crop, Gross crop water demand; Green, Green water contribution; Blue, Blue water contribution; NRGW, Nonrenewable
groundwater contribution; NLWR, Contribution of nonlocal water resources; FAO, Food and Agricultural Organization; IPOT, Potential Irrigation; ILIM,
Limited Irrigation; IWMI, International Water Management Institute; NCEP, National Centers for Environmental Prediction; CRU, Climate Research Unit.
b
The FAO estimates are primarily based on 90 countries taken from the FAO AQUASTAT database (http://www.fao.org/nr/water/aquastat/water_
use_agr/index.stm).
c
The ranges show the minimum and maximum values during the simulation period of 1971-2000 (Rost et al., 2008) and 1963-2002 (Wisser et al., 2008).
a
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Uncertainties in the estimated groundwater abstraction also affect our results.
Because of a lack of observations, the country data does not include nonreported
groundwater abstractions, which might be prevalent over major irrigated regions such
as northwest India and northeast Pakistan. For example, Foster and Loucks (2006)
suggests the amount of groundwater abstraction in India to be around 240 km3 yr−1
while we used 190 km3 yr−1 . We identified main locations (i.e., grid cells) where
groundwater is abstracted by using surface freshwater deficits over total water demand
as a proxy. Validation result shows that groundwater abstraction rates were well
reproduced by our downscaling approach as compared to reported values per county
taken from the USGS (see Section 7.3.1). Our approach thus improves upon the
earlier estimate of nonrenewable groundwater abstraction of Wada et al. (2010) who
used simply total water demand as a proxy.
We quantified the residual between the simulated gross irrigation water demand
and the available blue water resources and nonrenewable groundwater abstraction
for irrigation as the estimate of the contribution of nonlocal water resources. This
residue was particularly large in India, Pakistan, the United States, Iran, and Mexico.
Although actual nonlocal sources such as water diversions, e.g., the Central Valley
Project in the United States, irrigation canals in the Yamuna River, a major tributary
of Indus, (Sharma and Kansal, 2010) and desalinated water use (globally 5 km3 yr−1
in the year 2000), account for part of these nonlocal water resources, a considerable
part of the residual water may be attributed to the uncertainties described above.
It is unlikely that nonlocal water resources are sufficient to fill all the shortage. For
example, if we use the amount of groundwater abstraction suggested by Foster and
Loucks (2006) for India, our estimate of nonrenewable groundwater abstraction for
irrigation increases by around 50% while the amount of nonlocal water resources
decreases by the same magnitude. And if we overestimated the crop water demand
based on optimal crop growth in India, a discrepancy to actual crop water use further
reduces the amount of nonlocal water resources. The same conditions also apply to
Pakistan and Iran where persistent water scarcity is prevalent.
Since our global model does not include additional capture and surface water diversions (e.g., aqueducts), overestimation of nonrenewable groundwater abstraction
occurs in some regions notably in north India, western U.S. alluvial basins, and Southern California (Los Angeles and San Diego area). However, it does not demonstrate
the inadequacy of estimating depletion from the water budget but shows that the
attribution of country total abstraction rates to grid-based rates using local surface
freshwater deficit as a proxy has its limitations. This is a general limitation of all
global modeling efforts: when viewed at individual cell scales, disparities are likely to
occur, while the regional variation is adequately captured. Even though our method
for computing large-scale nonrenewable groundwater abstraction has its limitations
and uncertainties to be able to provide estimates across the entire globe, it yields
adequate results when compared to the independent estimates (see Figure 7.3).
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7.5

Summary and Conclusions

This study provides a global overview of the amount of nonrenewable groundwater
abstraction that contributes to gross irrigation water demand. Apart from estimates
of green and blue water contribution to water supplied to irrigated crops by previous
studies (e.g., Falkenmark et al., 1997; Jackson et al., 2001; Döll and Siebert, 2002;
Kundzewicz et al., 2007; Rost et al., 2008; Wisser et al., 2008; Siebert and Döll, 2010;
Hanasaki et al., 2010; Liu and Yang, 2010), we explicitly quantified the amount of
nonrenewable groundwater abstraction for irrigation by confronting the sum of the
simulated natural groundwater recharge and additional recharge from irrigation with
the gridded groundwater abstraction for irrigation. Thus, our blue water denotes
exclusively renewable surface freshwater and groundwater which is closer to its definition. Optimal growth of irrigated crops and available green water and blue water
to meet gross crop water demand were simulated by applying a state-of-the-art global
hydrological model PCR-GLOBWB. The resulting shortage between gross irrigation
water demand and available blue water and nonrenewable groundwater abstraction
was calculated as an estimate of nonlocal water resources.
The results of this study show that nonrenewable groundwater abstraction globally
contributes nearly 20%, or 234 km3 yr−1 , to the gross irrigation water demand for the
year 2000 and has more than tripled in size since the year 1960. Country assessments
reveal that nonrenewable or nonsustainable groundwater supplies large shares of current irrigation water particularly for semiarid regions where surface freshwater and
rainfall are very scarce: Pakistan, Iran, Saudi Arabia, Libya, UAE and Qatar. Much
of current irrigation in these regions is sustained by nonsustainable groundwater.
The reconstructed development from 1960 to 2000 shows an increased dependency
of irrigation on nonsustainable groundwater with time. Thus, irrigation is more and
more sustained by an unsustainable water source. Severe competition for scarce surface freshwater resources for irrigation also worsens the condition of depleting groundwater resources. We argue that the unsustainability of groundwater use for irrigation
is an important issue not only for the countries with intensive groundwater use, but
also for the world at large since international trade directly links food production in
one country to consumption in another. Rising population and their food demands
are likely to increase the amount of nonrenewable groundwater abstraction for irrigation, particularly in emerging countries such as India, Pakistan, China, Iran and
Mexico. This will result in falling groundwater levels which may eventually become
unreachable for local farmers with limited technology. Groundwater resources have
supported their livelihoods to generate their food and income for decades. Limits to
global and regional groundwater consumption cast large uncertainties on their livelihoods, threatening regional and global food security. Groundwater depletion is a long
outstanding issue, and various efforts have been made to explore solutions (Moench
et al., 2003), yet it is far from resolved. This study gives further evidence to scale of
the issue and its growing trend. It is urging to invest further political, institutional
and economic efforts to limit the overdraft, yet important to find adaptive responses
that do not reduce current food productivity.
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8

Past and future contribution of
global groundwater depletion to
sea-level rise

Based on: Wada, Y., van Beek, L. P. H., Sperna Weiland, F. C., Chao, B.
F., Wu, Y.-H., Bierkens, M. F. P. (2012) Past and future contribution of global
groundwater depletion to sea-level rise, Geophysical Research Letters 39, L09402,
doi:10.1029/2012GL051230.
Abstract
Recent studies suggest the increasing contribution of groundwater depletion to global sealevel rise. Groundwater depletion has more than doubled during the last decades, primarily
due to increase in water demand, while the increase in water impoundments behind dams has
been tapering off since the 1990s. As a result, the contribution of groundwater depletion to
sea-level rise is likely to dominate over those of other terrestrial water sources in the coming
decades. Yet, no projections into the 21st century are available. Here we present a reconstruction of past groundwater depletion and its contribution to global sea-level variation, as
well as 21st century projections based on three combined socio-economic and climate scenarios (SRES) with transient climate forcing from three General Circulation Models (GCMs).
We validate and correct estimated groundwater depletion with independent local and regional assessments, and place our results in context of other terrestrial water contributions
to sea-level variation. Our results show that the contribution of groundwater depletion to
sea-level increased from 0.035 (±0.009) mm yr−1 in 1900 to 0.57 (±0.09) mm yr−1 in 2000,
and is projected to increase to 0.82 (±0.13) mm yr−1 by the year 2050. We estimate the
net contribution of terrestrial sources to be negative of order –0.15 (±0.09) mm yr−1 over
1970-1990 as a result of dam impoundment. However, we estimate this to become positive
of order +0.25 (±0.09) mm yr−1 over 1990-2000 due to increased groundwater depletion and
decreased dam building. We project the net terrestrial contribution to increase to +0.87
(±0.14) mm yr−1 by 2050. As a result, the cumulative contribution will become positive
by 2015, offsetting dam impoundment (maximum –31 ±3.1 mm in 2010), and resulting in
a total rise of +31 (±11) mm by 2050.

8.1

Introduction

Apart from changes in water stored in glaciers, ice caps and ice sheets, the terrestrial water contribution to sealevel variation include groundwater depletion, water
impoundments behind dams, storage loss of endorheic lakes and wetlands, deforestation, and changes in soil moisture, permafrost and snow (i.e., natural water stores)
(Sahagian et al., 1994a; Church et al., 2011). Since its initial assessment (Sahagian
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et al., 1994a) the contribution of terrestrial water storage change to global sea-level
variation has been subject to much debate (Greuell, 1994; Chao, 1994; Rodenburg,
1994; Gornitz et al., 1994; Sahagian et al., 1994b). Subsequent studies (Gornitz, 1995;
Postel, 1999; Gornitz, 2000; Huntington, 2008; Milly et al., 2010; Church et al., 2011)
differ mostly in their assessment of the contribution of groundwater depletion, owing to differences in methodology and degree of extrapolation (e.g., Konikow, 2011).
In the IPCC fourth assessment report (Intergovernmental Panel on Climate Change
(IPCC), 2007), the contribution of nonfrozen terrestrial waters to sea-level variation
is not included due to its perceived uncertainty and the assumption that negative contributions such as dam impoundment compensate for positive contributions (mainly
from groundwater depletion). However, recent work on global groundwater depletion
(Wada et al., 2010; Konikow, 2011) suggests a rapid increase of this positive contribution to sea-level rise during the last decade that warrants a re-appraisal of the
contribution of terrestrial waters and in particular groundwater depletion to projected
21st century sea-level change.

8.2

Estimating Past Groundwater Depletion

We estimate groundwater depletion, defined as the persistent removal of groundwater
from aquifer storage owing to abstraction, for the benchmark year 2000 at a 0.5◦
grid. We use a flux-based method, i.e., calculating the difference between grid-based
groundwater recharge (natural recharge and return flow from irrigation as additional
recharge) and groundwater abstraction. Compared to volume-based methods that determine groundwater depletion directly from groundwater level observations, groundwater modelling, land-subsidence or GRACE gravity estimation (Rodell et al., 2009;
Tiwari et al., 2009; Famiglietti et al., 2011; Konikow, 2011; Scanlon et al., 2012b), fluxbased methods have the disadvantage that they do not take into account increased
capture due to decreased groundwater discharge and increased recharge from surface
waters. However, volume-based assessments are only available for a limited number of aquifers and regions in the world, such that global estimates can be obtained
only through extrapolation under assumptions, such as fixed depletion to abstraction
ratios (Konikow, 2011), that are difficult to verify.
We retrieved country-based groundwater abstraction rates for the benchmark year
2000 from the IGRAC GGIS data base1 . To estimate countrybased groundwater
abstraction for the years 1900-2000, we then assumed this to increase in proportion
to country net total water demand (see Figure E.1 in Appendix E for validation
of this assumption) Next, we calculated grid-based (0.5◦ ) estimates of groundwater
abstraction by downscaling country-based groundwater abstraction rates, using the
difference between surface freshwater availability and net total water demand as proxy.

1
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Figure 8.1 Comparison of corrected groundwater depletion estimates to independent estimates per region (Sahagian et al., 1994a;
McGuire, 2003; Foster and Loucks, 2006; Konikow, 2011; Rodell et al., 2009; Tiwari et al., 2009; Famiglietti et al., 2011). A general
multiplicative correction factor was applied to the original estimates for non-arid regions (see also Figure E.2, E.3 and E.4 in Appendix E). Error bars show standard deviation (σ) for each region. Abbreviations used: ACP: Atlantic Coastal Plain; CCV: Central
Valley, California; DCBAs: Deep Confined Bedrock Aquifers; GCP: Gulf Coastal Plain; HPA: High Plains (Ogallala) Aquifer; NAS:
Nubian Aquifer System; NIAAs: Northern India and Adjacent Areas; NCP: North China Plain; NWSAS: North Western Sahara
Aquifer System; RPH: Rajasthan, Punjab, Haryana; WUABs: Western USA Alluvial Basins; WVSs: Western Volcanic Systems.
Countries are identified by their ISO country codes. The dashed line represents the 1:1 slope.

Comparison of the resulting abstraction maps with reported county abstractions
for the U.S. shows that this downscaling method performs well (see Figure 7.2 in
Chapter 7). We refer to Wada et al. (2011a,b, 2012a) and Appendix E for details on
the calculation of global surface water availability and net total water demand.
The difference between grid-based groundwater recharge (natural recharge and
return flow from irrigation as additional recharge) and abstraction yielded an estimate of groundwater depletion. An uncertainty analysis of simulated groundwater
recharge, estimated groundwater abstraction and resulting groundwater depletion
were performed according to Wada et al. (2010) (see also Appendix E). To validate
our estimates for groundwater depletion, we compared these for the year 2000 with
independent, mostly volume-based, estimates from different regions between 1990
and 2010 (Sahagian et al., 1994a; McGuire, 2003; Foster and Loucks, 2006; Konikow,
2011; Rodell et al., 2009; Tiwari et al., 2009; Famiglietti et al., 2011). Although
the timeframe for the comparison is limited and does not exactly correspond to one
another, it generally shows good agreement (see Figure E.2 in Appendix E). Our
method, however, slightly overestimates reported depletion for the non-arid areas of
the world, which we attribute to increased capture due to enhanced recharge from
surface water. To remediate this overestimation, we applied a general multiplicative
correction factor for these regions (see Appendix E). After tuning, Figure 8.1 compares our corrected estimates with those from other studies, now showing excellent
agreement. It should be noted that a recent study by Shamsudduha et al. (2012)
with groundbased observations showed that groundwater depletion estimates for the
humid tropics (e.g., Bangladesh) derived from GRACE satellite data might be subject to large uncertainties. Yet, most of the depletion occurs in (semi-)arid regions
(e.g., North West India and North East Pakistan). Based on the corrected depletion
rates (see Figure E.4 and E.5 in Appendix E), we estimate a global depletion rate
of 204 (±30) km3 yr−1 for the year 2000, equivalent to a sealevel rise of 0.57 (±0.09)
mm yr−1 . We applied the same correction to past estimates and future projections.

8.3

Projecting 21st Century Groundwater Depletion

We projected future groundwater depletion into the 21st century using socio-economic
projections from three IPCC SRES scenarios (A1b, A2, B1) and bias-corrected meteorological forcing from General Circulation Models (GCMs). For each scenario, we
used country and regional data on projected socio-economic development and land
use retrieved from the IPCC SRES scenarios data portal2 and corresponding population data from Gaffin et al. (2004). Associated climate forcing was obtained for
the period 1951-2100 from transient runs at daily time step of the following GCMs:
ECHAM5 (A1b, A2, B1), HadGEM1 (A2) and HadGEM 2 (A1b). We selected these
GCMs based on the availability of transient daily climate data (i.e., precipitation
and temperature). GCM output was bias-corrected on a grid-by-grid basis for mean
monthly temperature, precipitation amount and number of wet days by scaling the
2
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Figure 8.2 Time series of the estimated and projected contribution of groundwater depletion (GWD) to global sea-level (GSL) over the period 1900-2100. Projections are
based on three scenarios (A1b, A2, B1) with three different GCMs (ECHAM5, HadGEM1,
HadGEM2) (five projections in total). Error bars show standard deviation (σ) for each
scenario projection from each GCM. GCM meteorological outputs were bias-corrected on a
grid-by-grid basis (0.5◦ ).

long-term monthly means of the GCM daily fields to those of the CRU TS 2.1 data
set (Mitchell and Jones, 2005) for the overlapping reference climate 1961- 1990 (see
Appendix E). The resulting bias-corrected transient climate fields were used to force
the global hydrological model PCR-GLOBWB (Van Beek et al., 2011) for 2001-2100.
As for the period 1900-2000, we assumed country-based groundwater abstraction to
change in proportion to corresponding country net total water demand over the projected period.

8.4

Results: Past and Future Global Groundwater Depletion

During the 20th century, the contribution of groundwater depletion to global sea level
increased from 0.035 (±0.009) mm yr−1 in 1900 to 0.57 (±0.09) mm yr−1 in 2000, and
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is projected to increase to 0.82 (±0.13) mm yr−1 by year 2050 (see Figure 8.2). The
increase from 1900 to 2000 is primarily driven by increased water demand, while the
projected increase from 2001 to 2050 is mostly climatedriven, arising from decreased
surface water availability and groundwater recharge in combination with larger evaporative demand over irrigated areas following increased temperatures. Beyond the year
2050, average depletion increases even further (see also Animation in Appendix E),
but differences between scenarios become very large. Also, projections of groundwater depletion too far into the 21st century become progressively more hypothetical as
groundwater may either become unattainable, e.g., in deep alluvial aquifers, or fully
depleted, e.g., in hard rock aquifers of limited porosity.
Church et al. (2011) recently reviewed sea-level change from all sources (thermal
expansion, Antarctic and Greenland ice sheets, ice caps and glaciers, and terrestrial
water storage) and compared the total reconstructed signal to estimates of sea-level
rise for the periods 1972-2008 and 1993-2008 from tide gauges (t.g.) and a combination of tide gauges and satellite observations (t.g. + sat.) (see Table 8.1). We
substituted our estimates for groundwater depletion into this global sea-level budget
instead of the estimates taken from Konikow (2011). The results generally show similar residuals, although the residuals are slightly smaller for t.g. + sat. when using
our estimates. It should be noted that the recent study by Jacob et al. (2012) using
GRACE satellite data estimates a smaller contribution of glaciers and ice caps to
sea-level rise (0.41 ± 0.08 mm yr−1 over the period 2003-2010) compared to the estimate used in Church et al. (2011) (0.99 ± 0.04 mm yr−1 over the period 1993-2008).
Although the timeframes differ, using the estimate by Jacob et al. (2012) results in a
larger residual between observed and estimated total sea-level rise.

8.5

Results: Groundwater Depletion Among Other Terrestrial
Sources

We also placed our reconstructed and projected contributions to global sea level rise
in the context of other terrestrial sources. We included and extrapolated impoundment by dam building, deforestation, wetland loss and storage change in endorheic
basins and lakes. We did not include natural terrestrial storage change (e.g., soil moisture, permafrost and snow) because this mostly varies with decadal climate variation.
We obtained data on dam impoundment, including additional storage in surrounding groundwater (through seepage) from Chao et al. (2008). As this dataset only
covers the period 1900-2007, we updated the effects of the Three Gorges dam and
250 other recent dams up to the year 2011. To extrapolate this dataset towards
2100, we plotted the cumulative reservoir volume stored behind dams and fitted a
smooth function. Rates for 2100 were subsequently estimated by taking derivatives.
We estimated deforestation from three different sources (Sahagian, 2000; Food and
Agriculture Organization of the United Nations (FAO), 2001; Achard et al., 2002)
and assumed it to continue at a constant rate.
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Figure 8.3 Time series of the estimated and projected (a) annual contribution of terrestrial
water storage change to global sea-level over the period 1900-2100 [rates in mm yr−1 ] and
(b) cumulative contribution of terrestrial water storage change to global sea-level over the
period 1900-2100 [in mm]. To estimate the mean and standard deviation over the ensemble
of the five groundwater depletion projections, we used the mean and standard deviation
from each projection as parameters in an assumed Gaussian distribution, and drew 2000
(Monte Carlo) realizations for each projection. We subsequently calculated the mean and
standard deviation from the resulting 10,000 realizations (five projections in total). GWD
(groundwater depletion) total uncertainty band (light blue) was taken from the maximum
and minimum uncertainty range of past estimates (1900-2000) and five projections (20012100) for each year.
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Table 8.1 Global sea-level budget with the estimates of Konikow (2011) compared with those of this study for groundwater depletion
(our estimates in bold) for two different time intervals (1972-2008 and 1993-2008) in mm yr−1 . Estimated sea-level rates were compared
with observed rates from the reconstructed tide-gauge data (t.g.) and from joining the altimeter data to the reconstructed data in
1993 (t.g. + sat.). The observed and estimated sea-level budgets were taken from Church et al. (2011). Dam retention (i.e., water
impoundments behind dams) and natural terrestrial storage remain the same as those from Church et al. (2011) for the comparison.

Component [mm yr−1 ]

1972-2008

1993-2008

1.83 ± 0.18
2.10 ± 0.16

2.61 ± 0.55
3.22 ± 0.41

0.80 ± 0.15
1.09 ± 0.26
0.26 ± 0.07
0.42 ± 0.08
-0.11 ± 0.19
0.05 ± 0.20
1.78 ± 0.36
1.94 ± 0.36

0.88 ± 0.33
1.73 ± 0.27
0.35 ± 0.07
0.54 ± 0.09
-0.08 ± 0.19
0.10 ± 0.20
2.54 ± 0.46
2.71 ± 0.47

0.05 ± 0.40
-0.11 ± 0.40
0.32 ± 0.39
0.16 ± 0.39

0.08 ± 0.72
-0.10 ± 0.72
0.69 ± 0.62
0.51 ± 0.62

Observed
Total sea-level rise (t.g.)
Total sea-level rise (t.g. + sat.)
Estimated
Thermal expansion (full depth)
Land ice (glaciers, ice caps, ice sheets)
Konikow (2011)
Groundwater depletion
This study
Church et al. (2011)
Terrestrial storage change
This study
Church et al. (2011)
Total sea-level rise
This study
Observed – Estimated
Residual (t.g.)
Residual (t.g. + sat.)

Church et al. (2011)
This study
Church et al. (2011)
This study

Wetland loss for the U.S. (Sahagian et al., 1994a; Sahagian, 2000) was extrapolated
to that of the world using three global wetland datasets (Matthews, 2000; Lehner and
Döll, 2004; Bicheron et al., 2010), assuming wetland loss to be proportional to wetland
area. Storage loss from endorheic basins (mostly the Aral Sea) was estimated from
earlier work (Sahagian et al., 1994a) but updated with a recent storage increase of
the northern basin of the Aral Sea (Pala, 2006, 2011). For detailed descriptions of
the uncertainty assessment of these trends, we refer to Appendix E.
We estimate the net contribution of terrestrial sources to be slightly positive during
the early decades of the 20th century (see Figure 8.3a). After that, the contribution
becomes consistently negative and an order of –0.15 (±0.09) mm yr−1 during 19701990 as a result of water impoundment behind dams. As dam building has been
tapering off since the 1990s, while groundwater depletion steadily increasing, the net
contribution has become positive of order +0.25 (±0.09) mm yr−1 over the period
1990-2000 and is projected to increase to +0.87 (±0.14) mm yr−1 by the year 2050.
Considering the cumulative contribution (see Figure 8.3b), the negative effect of dam
building reaches a maximum of –31 (±3.1) mm in 2010 and, taking the mean of the
scenarios, is projected to be compensated by positive contributions by around the
year 2015 and to reach a value of +31 (±11) mm by the year 2050 (see Table E.2 in
Appendix E).
We note that our estimates and projections are inherently uncertain, as a result of
the data and methods used and the imposed scenarios of climate and socio-economic
development as depicted by the estimated uncertainty bands (Figure 8.3a). A series
of assumptions were employed to overcome the lack of input data (see Appendix E).
Notwithstanding, our results compare well with independent estimates for the present
groundwater depletion rates (Figure 8.1) and show that groundwater depletion is
likely to be the major component of terrestrial contribution to sealevel change in the
coming decades.

Acknowledgements
We are grateful to two anonymous reviewers for their constructive comments and
thoughtful suggestions, which substantially helped to improve the quality of this
manuscript. We are also thankful to Jac van der Gun for sharing his thoughts on the
estimation of groundwater depletion and to Yi-Hsiang Li for helping us to obtain the
global reservoir data. This study benefited greatly from the availability of invaluable
data sets as acknowledged in the references and Appendix E. This study was financially supported by Research Focus Earth and Sustainability of Utrecht University
(Project FM0906: Global Assessment of Water Resources).
The Editor thanks two anonymous reviewers for assisting in the evaluation of this
paper.

217

9

Water balance of global aquifers
revealed by groundwater footprint

Based on: Gleeson, T., Wada, Y., van Beek, L. P. H., Bierkens, M. F. P.
(2012) Water balance of global aquifers revealed by groundwater footprint, Nature
488, 197-200, doi:10.1038/nature11295.
Abstract
Groundwater is a life-sustaining resource that supplies water to billions of people, plays a
central part in irrigated agriculture and influences the health of many ecosystems (Giordano, 2009; Siebert et al., 2010). Most assessments of global water resources have focused
on surface water (Postel et al., 1996; Vörösmarty et al., 2000b; Alcamo and Henrichs, 2002;
Oki and Kanae, 2006), but unsustainable depletion of groundwater has recently been documented on both regional (Rodell et al., 2009; Famiglietti et al., 2011) and global scales
(Wada et al., 2010, 2012a; Konikow, 2011). It remains unclear how the rate of global
groundwater depletion compares to the rate of natural renewal and the supply needed to
support ecosystems. Here we define the groundwater footprint (the area required to sustain
groundwater use and groundwater-dependent ecosystem services) and show that humans are
overexploiting groundwater in many large aquifers that are critical to agriculture, especially
in Asia and North America. We estimate that the size of the global groundwater footprint
is currently about 3.5 times the actual area of aquifers and that about 1.7 billion people
live in areas where groundwater resources and/or groundwater-dependent ecosystems are
under threat. That said, 80 per cent of aquifers have a groundwater footprint that is less
than their area, meaning that the net global value is driven by a few heavily overexploited
aquifers. The groundwater footprint is the first tool suitable for consistently evaluating
the use, renewal and ecosystem requirements of groundwater at an aquifer scale. It can be
combined with the water footprint and virtual water calculations (Hoekstra et al., 2011;
Hoekstra, 2009; Allan, 1998), and be used to assess the potential for increasing agricultural
yields with renewable groundwater (Foley et al., 2011). The method could be modified to
evaluate other resources with renewal rates that are slow and spatially heterogeneous, such
as fisheries, forestry or soil.

9.1

Introduction

The ecological footprint and the water footprint are powerful, popular and complementary tools for planning, education and public awareness, but their methodologies
are fundamentally different (Hoekstra, 2009). The ecological footprint is the land area
(in km2 ) required to sustain a population (Wackernagel and Rees, 1996), whereas the
water footprint is the volume (in m3 yr−1 ) of freshwater required (Hoekstra et al.,
2011). The ecological footprint directly defines the ecological impact of human con219

sumption by comparing the available bioproductive area to the area required for the
consumption of specific goods and services. The water footprint tracks the volume of
virtual water used by a population, where virtual water is the volume of freshwater
used to produce a commodity, good or service along the various steps of production
(Hoekstra, 2009; Allan, 1998; Hoekstra and Mekonnen, 2012). The water footprint
quantifies the components of virtual water: green water (soil water), blue water (surface water and groundwater) and grey water (polluted water). However, until recently
(Hoekstra et al., 2012) the water footprint was not able to assess the impact of our
water consumption on natural stocks and flows (Hoekstra et al., 2009) because it
generally focused on the volumes of water required without quantifying the volume
of water available. The groundwater footprint, as proposed here, is complementary
to the well-established water footprint method and can be used to assess the impact
of our groundwater consumption on natural stocks and flows. Here, we apply the
groundwater footprint methodology globally to regional-scale, hydrologically active
aquifers (Bundesanstalt für Geowissenschaften und Rohstoffe (BGR)/ United Nations
Educational, Scientific and Cultural Organization (UNESCO), 2008) (see Appendix F
for a definition). The focus of the method is currently on groundwater quantity rather
than quality, which is a conservative assumption that results in smaller groundwater footprints for aquifers affected by groundwater contamination. The groundwater
footprint method can be applied to a variety of scales and contexts like the ecological
footprint, water footprint and virtual water concepts (Hoekstra et al., 2011; Hoekstra,
2009; Allan, 1998).
We define the groundwater footprint as the area required to sustain groundwater
use and groundwater-dependent ecosystem services of a region of interest, such as an
aquifer, watershed or community. The groundwater footprint (GF) is defined more
formally as GF = A[C /(R – E )], where C, R and E are respectively the areaaveraged
annual abstraction of groundwater, recharge rate, and the groundwater contribution
to environmental streamflow, all in units with dimensions of length/time, such as
m d−1 (Figure F.1 in Appendix F). A (in units of length2 , such as m2 ) is the areal
extent of any region of interest where C, R and E can be defined. The groundwater
footprint is essentially a water balance between aquifer inflows (R) and outflows
(C and E ) which can be derived from observations and/or model output. C is
derived directly from the use of groundwater at the scale of interest although actual
groundwater abstraction is often poorly known (Wada et al., 2010; Konikow, 2011).
R is the long-term natural areal flux into the system plus the additional recharge from
irrigation, and can be derived from geochemical tracer methods or hydrologic models
(Döll, 2009; Van Beek et al., 2011). E is the quantity of groundwater that needs
to be allocated to surface water flow to sustain ecosystem services, which is most
important during low flow conditions (Smakhtin, 2001; Smakhtin et al., 2004). Thus,
the groundwater footprint method emphasizes the contribution of groundwater to the
environmental requirements during low flows, although natural streamflow variability
is also essential to maintaining the environmental integrity of surface water systems
(Poff et al., 2010). Environmental flow requirements for specific aquifers or watersheds
are most accurately determined by detailed hydroecological data and multidisciplinary
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expert consultation at the scale of specific aquifers or watersheds (Smakhtin et al.,
2004; Poff et al., 2010). Appendix F contains the mathematical relationship of the
groundwater footprint to the ecological footprint (Wackernagel and Rees, 1996) and
previous water stress indicators (Vörösmarty et al., 2000b; Alcamo and Henrichs,
2002; Oki and Kanae, 2006; Smakhtin et al., 2004), as well as other forms of the
groundwater footprint equation that may be useful for local calculations with different
data sources.
We calculated the global groundwater footprint as the sum of the groundwater
footprints of large aquifers worldwide using spatially distributed recharge rates and environmental flows derived from PCR-GLOBWB and gridded groundwater consumption estimates (Wada et al., 2011b) (see Section 9.4 and Figure 9.1). PCR-GLOBWB
is a conceptual, process-based global hydrologic model that simulates the daily water balance for 1958-2000 at 0.5◦ resolution (that is, ∼50km at the Equator) and is
validated to GRACE satellite observations and global streamflow estimates (Wada
et al., 2011b; Van Beek et al., 2011; Wada et al., 2012a). Recharge (R) is the longterm natural groundwater recharge and additional recharge from irrigation derived
from Wada et al. (2012a). For global-scale assessment of water resources, low flow
requirements based on consistent hydrologic criteria are useful (Hoekstra and Mekonnen, 2012). Therefore, following Smakhtin et al. (2004), environmental flows (E)
were taken to be equal to Q 90 , the monthly streamflow that is exceeded 90% of the
time during the period 1958-2000.Wecalculated environmental flows at the basin scale
and the associated groundwater requirement expressed as a uniform fraction of total
recharge (see Section 9.4 and Figure F.2 in Appendix F). This basin-scale fraction
was then multiplied with the grid-based recharge to obtain E. We derived grid-based
groundwater abstraction, C, for the year 2000 (Wada et al., 2011b, see Appendix F)
and subsequently aggregated the fluxes C, R and E over hydrologically active regional aquifers (Bundesanstalt für Geowissenschaften und Rohstoffe (BGR)/ United
Nations Educational, Scientific and Cultural Organization (UNESCO), 2008) to calculate their groundwater footprint. Aggregation at the scale of regional aquifers is
justifiable given the resolution of the input data while naturally integrating lateral
groundwater flow that might occur due to abstraction wells.

9.2

Groundwater footprint

Figure 9.1 is, to our knowledge, the first spatially explicit comparison of groundwater
use, availability and environmental flow for aquifers globally. We acknowledge that
each of the regional aquifers has significant internal heterogeneity and that groundwater extractions often acutely affect smaller regions within aquifers, although we
partly account for this heterogeneity by using the highest available resolution of regional aquifers (Bundesanstalt für Geowissenschaften und Rohstoffe (BGR)/ United
Nations Educational, Scientific and Cultural Organization (UNESCO), 2008) as the
basis for aggregation.
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Figure 9.1 Groundwater footprints of aquifers that are important to agriculture are significantly larger than their geographic areas.
Aquifers are major groundwater basins with recharge of >2mm yr−1 in the global inventory of groundwater resources (Bundesanstalt
für Geowissenschaften und Rohstoffe (BGR)/ United Nations Educational, Scientific and Cultural Organization (UNESCO), 2008,
see Appendix F). At the bottom of the figure, the areas of the six aquifers (Western Mexico, High Plains, North Arabian, Persian,
Upper Ganges and North China plain) are shown at the same scale as the global map; the surrounding grey areas indicate the
groundwater footprint proportionally at the same scale. The ratio GF/AA indicates widespread stress of groundwater resources
and/or groundwater-dependent ecosystems. Inset, histogram showing that GF is less than AA for most aquifers.

A few aquifers with well-documented histories of groundwater depletion have large
groundwater footprints (for example, the Upper Ganges, High Plains, North China
plain and Central Valley (Rodell et al., 2009; Famiglietti et al., 2011; Sophocleous,
2010; Foster et al., 2004, Table 9.1). A number of other aquifers with large groundwater footprints (for example, the Persian, Arabian and Western Mexico aquifers)
are not as well documented, although evidence of groundwater depletion in these
aquifers is discussed in non-peer-reviewed literature (see Appdendix F). It is instructive to compare the ratio of groundwater footprint (GF) to aquifer area (AA ),
which is a groundwater stress indicator (see Appendix F). GF/AA >1 indicates where
unsustainable groundwater consumption could affect groundwater availability and
groundwater-dependent surface water and ecosystems. The ratio GF/AA is  1 for
the aquifers with large groundwater footprints mentioned above, indicating unsustainable groundwater mining, often of fossil groundwater recharged under past climatic
conditions (Table 9.1). However, the majority of aquifers in the world have GF < 106
or million km2 and 80% of aquifers have GF/AA < 1, suggesting that groundwater
depletion is not ubiquitous (Figure 9.1).
The size of the global groundwater footprint is currently (131.8 ±24.9) × 106 km2 ,
or 3.5 ±0.7 times the actual area of hydrologically active aquifers (Bundesanstalt für
Geowissenschaften und Rohstoffe (BGR)/ United Nations Educational, Scientific and
Cultural Organization (UNESCO), 2008). Even if no groundwater is allocated for environmental flows (E = 0), the global groundwater footprint is still (76.5 ±15.7) × 106
km2 or 2.0 ±0.4 times the actual aquifer area (Table F.2 in Appendix F). The global
groundwater footprint is dominated by a handful of countries, including the United
States, China, Pakistan, Iran, India, Mexico and Saudi Arabia (Table 9.1). The ratio of global groundwater consumption to the difference between global recharge and
global environmental streamflow is ∼0.2. High recharge rates in some ecologically
sensitive areas, such as theAmazon, are included in this calculation but practically
cannot be used to balance overexploitation in arid regions. 1.7 ±0.4 billion people live
in regions with GF/AA >1, where groundwater consumption could affect groundwater availability and/or groundwater-dependent surface water and ecosystems in the
future. Approximately 60% of the people (Center for International Earth Science
Information Network (CIESIN), 2011) living in regions with GF/AA >1 are located
in India and China (Figure 9.2).
The groundwater footprint can be used to assess the potential to increase agricultural yields with renewable groundwater, or can be combined with water footprint
and virtual water calculations. Foley et al. (2011) calculated the global distribution of
potential new calories that could be derived by bringing the worlds agricultural yields
to within 95% of their potential for 16 major crops. Crop yields may be limited by
a number of factors, including water or nutrient availability and management(Foley
et al., 2011), but increasing agricultural yields generally leads to increased water demand. Because groundwater is critical for irrigation in many agricultural regions,
it is useful to assess how the spatial distribution of groundwater stress (Figure 9.1)
compares to the potential for new calories (Figure 3 in Foley et al., 2011).
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Table 9.1

Properties of aquifers with the largest groundwater footprints.

Aquifer

Country

Upper Ganges
North Arabian
South Arabian
Persian
South Caspian
Western Mexico
High Plains
Lower Indus
Nile delta
Danube Basin
Central Mexico
North China Plain
Northern China
North Africa
Central Valley

India, Pakistan
Saudi Arabia
Saudi Arabia
Iran
Iran
Mexico
USA
India, Pakistan
Egypt
Hungary, Austria, Romania
Mexico
China
China
Algeria, Tunisia, Libya
USA

Groundwater footprint Aquifer area (AA )
(GF ) 106 km2
106 km2

GF/AA

26.1 ± 7.5
17.3 ± 4.7
9.5 ± 3.6
8.4 ± 3.7
5.9 ± 2.0
5.5 ± 2.0
4.5 ± 1.2
4.2 ± 1.5
3.1 ± 0.8
2.4 ± 0.8
1.8 ± 0.5
1.8 ± 0.6
1.4 ± 0.6
0.9 ± 0.3
0.4 ± 0.2

0.48
0.36
0.25
0.42
0.06
0.21
0.50
0.23
0.10
0.32
0.20
0.23
0.31
0.36
0.07

54.2 ± 15.6
48.3 ± 13.5
38.5 ± 14.7
19.7 ± 8.6
98.3 ± 32.6
26.6 ± 9.4
9.0 ± 2.4
18.4 ± 6.5
31.7 ± 7.9
7.4 ± 2.6
9.1 ± 2.6
7.9 ± 2.8
4.5 ± 1.8
2.6 ± 0.9
6.4 ± 2.4

Other aquifers

38.6 ± 10.8

34.17

1.1 ± 0.3

All aquifers

131.8 ± 24.9

38.27

3.5 ± 0.7

Figure 9.2b shows that some areas with potential new calories coincide with
aquifers that are less stressed, suggesting there is potential that renewable groundwater could be used sustainably to increase crop yields. However, aquifers that are
significantly stressed (GF/AA is 1) also underlie areas with potential new calories,
and in these regions groundwater cannot be used sustainably to increase yields. These
analyses only consider the groundwater footprint and agricultural yields, and should
be placed in a broader socioeconomic context.
We now show how the groundwater footprint can be used to assess the impact of
transferring groundwater consumption between regions: the Upper Ganges aquifer in
northwestern India and Pakistan has the largest groundwater footprint and a large
GF/AA ratio (Table 9.1), but the Lower Ganges aquifer has a GF/AA ratio of less than
one owing to low groundwater consumption and high recharge rates (Figure F.3 in
Appendix F). Transferring even a small percentage of the groundwater consumption
of the Upper Ganges to the Lower Ganges leads to a significant decrease in the
combined groundwater footprint and GF/AA ratio, because the aquifer-scale recharge
rate to the Lower Ganges aquifer is approximately ten times higher than to the Upper
Ganges aquifer (Figure F.3 in Appendix F). However, even if all the groundwater
consumption of the Upper Ganges is transferred, the combined GF/AA ratio remains
greater than one, indicating that the current groundwater consumption in the region
cannot be made sustainable by transferring groundwater consumption. In the future,
the groundwater footprint could potentially serve as a metric to assess to what extent
renewable groundwater could be exploited in virtual water trade schemes.

9.3

Discussion and Conclusions

We stress that all variables used in our calculations, except for area, are subject to
uncertainty. Least known are the environmental flow requirements, which are dependent on expert consultation and detailed hydroecological relationships that are often
poorly defined. However, in our global calculations we kept the environmental flow
conditions constant, as it is primarily a management decision at regional to national
scales and we explicitly incorporated the uncertainty due to recharge and groundwater
consumption using a Monte Carlo analysis with 10,000 realizations (see Section 9.4).
In the future, other data sets, including sub-national groundwater consumption data
(Figure F.4 in Appendix F), could be used, where available, to calculate the groundwater footprint at different scales or for different administrative units.
The groundwater footprint is a powerful and hydrologically grounded tool for
groundwater analysis and policy that complements and extends the ecological footprint, water footprint and virtual water methods. It is an advance on previous work
on groundwater depletion (Oki and Kanae, 2006; Rodell et al., 2009; Famiglietti
et al., 2011; Wada et al., 2010) as it explicitly includes environmental flows, it considers aquifers as a hydrologically grounded scale of analysis, it is more intuitive to
water managers and the general public than depletion volumes, and it is based on improved estimates of recharge and abstraction. As exemplified above, the groundwater
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Figure 9.2 Groundwater stress may be affecting 1.7 billion people and could limit the
potential to increase agricultural production. The ratio GF/AA is used to differentiate
areas with less groundwater stress (GF/AA <1) and more groundwater stress (GF/AA >1).
a. Population densities, derived from the gridded population of the world for year 2000
(Center for International Earth Science Information Network (CIESIN), 2011). Areas that
do not have underlying regional aquifers, or that have very low population density are shown
in white. b. Potential for increased calories (see main text). Some areas with potential new
calories (Foley et al., 2011) coincide with stressed aquifers and some areas coincide with
aquifers that are less stressed. Areas with potential new calories that are not underlain by
a regional aquifer are shown in white.
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footprint refocuses the discussion to solutions, making it a valuable water management and policy tool. Practically, it allows short-term water resource monitoring and
management measures to focus on the handful of aquifers with egregious groundwater
footprints rather than dissipating efforts across all aquifers. Additionally, the groundwater footprint can be used to assess the potential to achieve increased agricultural
yields with sustainable groundwater. Also, as satellite-based groundwater depletion
data sets (GRACE) are emerging (Rodell et al., 2009; Famiglietti et al., 2011), the
groundwater footprint offers a useful framework for analysing these global depletion
data sets in a broader framework of groundwater resource use, availability and environmental flows. Last, because the groundwater footprint method is flexible and
spatially distributed, it could be modified for other resources whose renewal is slow
and spatially heterogeneous, such as fisheries, forestry or soil.

9.4

Methods Summary

Global, spatially distributed estimates of the recharge rate, R, were obtained from
the hydrological model PCR-GLOBWB (Van Beek et al., 2011) using a global permeability map (Gleeson et al., 2011). Annual fields were averaged (Wada et al., 2010)
to obtain the average recharge rate over the period 1958-2000 with a spatial resolution of 0.5◦ . Artificial recharge due to irrigation water was added10. In the absence
of global information on environmental flow requirements, the monthly streamflow
exceeded 90% of the time (Q 90 ) was adopted (Van Beek et al., 2011). Per basin,
Q 90 was determined at the basin outlet for the entire simulation period. A basinwide uniformfraction was computed by which the groundwater recharge contributes
to the environmental flow requirement E. Grid-based annual groundwater abstraction, C, was derived from reported country statistics for the year 20001 , which were
downscaled spatially relative to the local surface water deficit or total water demand
depending on the situation per country (Wada et al., 2011b). The above quantities
of R, E and C were aggregated over hydrologically active, regional aquifers (Bundesanstalt für Geowissenschaften und Rohstoffe (BGR)/ United Nations Educational,
Scientific and Cultural Organization (UNESCO), 2008) to compute the aquifer-scale
groundwater footprint. To account for uncertainty, we made use of the uncertainty
estimates for recharge and groundwater abstraction of Wada et al. (2010). E was
excluded from the uncertainty analysis, as it is often defined a priori as a management decision at regional to national scales. Following Wada et al. (2010), a Monte
Carlo simulation with 100 independent realizations of R and C returned 10,000 values
for the groundwater footprint for the hydrologically active aquifers, from which the
mean and standard deviation were computed. The groundwater footprints were (1)
summed globally to compare to the actual aquifer area, (2) used to calculate the affected population numbers using the gridded global population for year 2000 (Center
for International Earth Science Information Network (CIESIN), 2011) and (3) compared to the spatial distribution of potential new calories (Foley et al., 2011). See
1

http://www.un-igrac.org/
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Appendix F for details on methods and data sets, as well for additional validation,
including regional groundwater abstraction (Figure F.4 and Table F.3 in Appendix F).
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Assessment of transboundary
aquifers of the
world–vulnerability arising from
human water use

Based on: Wada, Y., Heinrich, L. (2013) Assessment of transboundary aquifers
of the world – vulnerability arising from human water use, Environmental Research
Letters 8, 024003, doi:10.1088/1748-9326/8/2/024003.
Abstract
Internationally shared, or transboundary, aquifers (TBAs) have long played an important
role in sustaining drinking water supply and food production, supporting livelihoods of
millions of people worldwide. Rapidly growing populations and their food demands cast
significant doubt on the sustainability of TBAs. Here, this study provides a first quantitative
assessment of TBAs worldwide with an aquifer stress indicator over the period 1960-2010
using groundwater abstraction, groundwater recharge, and groundwater contribution to
environment flow. The results reveal that 8% of TBAs worldwide are currently stressed due
to human overexploitation. Over these TBAs the rate of groundwater pumping increased
substantially during the past fifty years, which worsened the aquifer stress condition. In
addition, many TBAs over Europe, Asia and Africa are not currently stressed, but their
aquifer stress has been increasing at an alarming rate (>100%) for the past fifty years, due
to the increasing reliance on groundwater abstraction for food production. Groundwater
depletion is substantial over several TBAs including the India River Plain (India, Pakistan),
the Paleogene and Cretaceous aquifers (the Arabian Peninsula), and a few TBAs over the
USA-Mexico border. Improving irrigation efficiency can reduce the amount of groundwater
depletion over some TBAs, but it likely aggravates groundwater depletion over TBAs where
conjunctive use of surface water and groundwater is prevalent.
Keywords: Transboundary aquifers; Aquifer stress; Groundwater recharge; Groundwater
abstraction; Groundwater depletion; Irrigation
Online supplementary data available from stacks.iop.org/ERL/8/024003/mmedia/

10.1

Introduction

Internationally shared, or transboundary, groundwater resources have long played an
important role in sustaining human water needs, e.g. agriculture and other uses, and
natural ecosystems (Bittinger, 1972; Margat, 1985; Hayton and Utton, 1989; Foster
and Chilton, 2003; Puri and Aureli, 2005; Llamas and Martı́nez-Santos, 2005; Ahmad
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et al., 2005; Davies et al., 2013). Yet, they have received significantly less attention
compared to transboundary river basins (Puri, 2001; Eckstein and Eckstein, 2005;
Puri and Aureli, 2005) that have been extensively studied worldwide since the first
compilation of the Register of International Rivers in 1978 (United Nations, 1978;
Wolf et al., 1999). In 2000, Internationally Shared Aquifer Resources Management
(ISARM) was established at the 14th Session of the Intergovernmental Council of
the International Hydrological Programme of UNESCO. Since then, substantial efforts have been made to identify transboundary aquifer or aquifer systems in various
regions, e.g. Africa, Europe, the Americas, and to raise awareness of their societal
and environmental importance (Eckstein and Eckstein, 2005; Puri and Aureli, 2005;
Davies et al., 2013).
Transboundary aquifers (TBAs) traverse international political boundaries, such
that groundwater transfers from one country to the others. For instance, most of the
groundwater recharge may occur in one country, whereas the groundwater may be
extensively abstracted in the other countries. Given the complex nature, TBAs can
be classified into different types. Eckstein and Eckstein (2005) defined six different
types of TBAs according to the hydrogeological conditions, e.g. physical boundary,
(un)confined condition, and hydraulic connectivity with surface water bodies such as
river, lakes and wetlands. Davies et al. (2013) highlighted the importance of socioeconomic factors (e.g., water demand, land use, human activities), environmental
issues (e.g., sustainability) and institutional elements (e.g., the degree of cooperation,
governance capability) together with the hydrological conditions.
Despite the significance, few quantitative assessments of TBA(s) are present. Cobbing et al. (2008) analyzed the groundwater resources availability and the corresponding water demand over a few TBAs shared by South Africa and the neighboring
countries. Regional studies by Rodell et al. (2009) and Tiwari et al. (2009), using
the Gravity Recovery and Climate Experiment (GRACE), revealed a considerable
amount of groundwater depletion, i.e. the persistent removal of groundwater from
aquifer storage owing to groundwater abstraction in excess of groundwater recharge,
from the aquifer underlying India, Pakistan, and Bangladesh, most of which is used
for irrigation for food production. A recent study by Gleeson et al. (2012) calculated
the groundwater footprint, i.e. the area required to sustain groundwater abstraction
and groundwater-dependent ecosystem services, for major groundwater basins (Bundesanstalt für Geowissenschaften und Rohstoffe (BGR)/ United Nations Educational,
Scientific and Cultural Organization (UNESCO), 2008). These studies suggest that
some TBAs are under substantial stress, yet no comprehensive overview of aquifer
stress of global TBAs is available.
Here, a first quantitative assessment of TBAs is provided worldwide with an
aquifer stress indicator over the period 1960-2010 that extends beyond most global
analyses. The aquifer stress indicator (AQSI) is calculated with groundwater abstraction (GWA ), natural groundwater recharge (R N at ), and additional recharge from
irrigation as return flow (R Irr ). In addition, groundwater contribution to environment
flow (R Env ) is incorporated. In many regions, groundwater provides a reliable source
of water to environment, such as baseflow in streamflow. This term, thus, encompasses
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the broad meaning of environmental significance of groundwater recharge, not only
sustaining groundwater-dependent ecosystems in streamflow, wetlands, springs, and
marine environments, but also contributing to evapotranspiration from vegetation,
e.g. forest. The AQSI is defined as GWA /[(R N at + R Irr ) – R Env ] [all in volume per
time such as km3 yr−1 ] that essentially expresses how much fraction of the available
groundwater recharge is used for human water use. The AQSI used a similar concept
as groundwater footprint (GF) developed by Gleeson et al. (2012), but it is expressed
as a dimensionless unit rather than area (AA ; m2 ), thus equals to GF/AA . The AQSI
above 1 is possible at the expense of groundwater contribution to environmental flow
and groundwater mining or groundwater depletion. It should be noted that to estimate the amount of groundwater depletion, the difference between abstraction and
recharge or GWA – (R N at + R Irr ) is used, which approximately expresses the change
in aquifer storage. The fluxes over each TBA is aggregated to calculate the AQSI
and the amount of groundwater depletion, integrating lateral groundwater flow that
may naturally occur due to the difference in groundwater heads and might occur due
to groundwater pumping. In this study, the term ‘aquifer’ refers solely to groundwater resources and the term ‘TBAs’ refer to groundwater resources that traverse
international political boundaries among multiple countries.
In Section 10.2, the data, model and methods used are described. The results
are presented in Section 10.3 and in Section 10.4 the discussion is presented and the
conclusions are drawn.

10.2

Data, model and methods

10.2.1 Transboundary Aquifers of the World
A global inventory of TBAs was obtained from Transboundary Aquifers of the World–
Update 20121 compiled by the International Groundwater Resources Assessment Centre (IGRAC2 ). Transboundary Aquifers of the World – Update 2012 provides, to our
knowledge, the first spatially explicit and the most comprehensive information on
TBAs worldwide. At present, it identifies 445 TBAs and delineates aquifer boundaries. The number of TBAs was 380 in 2009 (Transboundary Aquifers of the World
20093 ), but substantially increased as a result of various international efforts identifying TBAs. It should be noted that in the TBA polygons obtained from the IGRAC,
some small TBAs are being merged and the number of TBAs totals 408. The IGRAC
brings together regional and continental information of TBAs provided by various institutions, e.g. BGR/WHYMAP4 , UNESCO5 , UNECE6 , and ISARM7 . The aquifer
boundaries of the TBAs remain as close as the original sources provided by these
1

www.un-igrac.org/publications/456/
www.un-igrac.org/
3
www.un-igrac.org/publications/323/
4
www.whymap.org/
5
www.unesco.org/
6
www.unece.org/
7
www.isarm.org/
2

231

institutions. In case the exact aquifer boundaries are not known, rough boundaries
with the highest level of certainty are delineated highlighting their approximate extent. The boundaries are not properly delineated for some TBAs, e.g. in Asia and
Africa, and ongoing efforts are underway to further identify TBAs and delineate their
proper boundaries. Figure 10.1 shows the 408 TBAs with the aquifer boundaries
delineated.
10.2.2 Global groundwater abstraction
Country groundwater abstraction rates for 2000 were obtained from the IGRAC GGIS
data base8 . Since the IGRAC GGIS data base has missing values for some countries
(e.g., Afghanistan, several African countries), additional country groundwater abstraction rates for 15 countries were obtained from the WRI EarthTrends9 , Foster and
Loucks (2006), and Shah (2005). The country groundwater abstraction rates change
in proportion to country total water demand over the years (Wada et al., 2010). The
country groundwater abstraction rates were then distributed to 0.5◦ grid cells, i.e.
50 km at the Equator, where surface water availability, i.e. water in rivers, lakes,
reservoirs, and wetlands, is insufficient to meet the total water demand, i.e. water demand in excess of surface water availability, as the main locations where groundwater
is abstracted to satisfy the deficiency over countries (Wada et al., 2012a).
10.2.3 Total water demand and surface water availability
The total water demand was calculated at a 0.5◦ global grid for agricultural (livestock and irrigation), industrial and domestic sectors using the latest available data
on socio-economic (e.g., population and Gross Domestic Product), technological (e.g.,
energy and household consumption and electricity production) and agricultural (e.g.,
the number of livestock, irrigated areas and irrigation efficiency) drivers. We refer
to Wada et al. (2011a,b) for the detailed methodologies. The surface water availability was simulated using the global hydrological and water resources model PCRGLOBWB (Wada et al., 2010; Van Beek et al., 2011). PCR-GLOBWB calculates
for each grid cell (0.5◦ × 0.5◦ globally) and for each time step (daily) the water storage in two vertically stacked soil layers and an underlying groundwater layer, as well
as the water exchange between the layers and between the top layer and the atmosphere (rainfall, evapotranspiration and snow melt). Sub-grid variability is taken into
account by considering separately tall and short vegetation, open water (lakes, reservoirs, floodplains and wetlands), different soil types (FAO Digital Soil Map of the
World; Food and Agriculture Organization of the United Nations (FAO), 2003), and
the area fraction of saturated soil calculated by Improved ARNO scheme (Hagemann
and Gates, 2003) as well as the frequency distribution of groundwater depth based
on the surface elevations of the 1 km × 1 km Hydro1k data set.

8
9
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www.un-igrac.org/publications/104/
www.wri.org/project/earthtrends/
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Figure 10.1 Transboundary aquifers (TBAs) of the world (source: International Groundwater Resources Assessment Centre; www.
un-igrac.org/publications/456/).

The third groundwater layer represents the deeper part of the soil that is exempt
from any direct influence of vegetation and constitutes a groundwater reservoir fed by
active recharge, and is explicitly parameterized and represented with a linear reservoir
model (Kraaijenhoff van de Leur, 1958).
The model includes surface water routing considering storage in rivers, lakes,
reservoirs and wetlands. The model was forced with daily fields of precipitation,
temperature, and reference (potential) evapotranspiration. For the period 1960-2000,
precipitation and temperature were prescribed by the CRU TS 2.1 monthly data set
(Mitchell and Jones, 2005), which was subsequently downscaled to daily fields by
using the ERA-40 re-analysis data (Uppala et al., 2005; Kållberg et al., 2005). The
precipitation data was corrected for snow undercatch bias over the Northern Hemisphere (Adam and Lettenmaier, 2003). The prescribed reference evapotranspiration
was calculated based on the Penman-Monteith equation according to the FAO guidelines (Allen et al., 1998) using the time series data of CRU TS 2.1 with additional
inputs of radiation and wind speed from the CRU CLIM 1.0 climatology data set
(New et al., 2002). This was subsequently downscaled to daily fields on the basis of
the daily temperature from the ERA-40 re-analysis data. To extend our analysis to
the year 2010, the model was forced by a comparable daily climate fields taken from
the ERA-Interim re-analysis data (Dee et al., 2011). Daily fields of GPCP-corrected
precipitation and temperature (GPCP: Global Precipitation Climatology Project10 )
were obtained, and reference evapotranspiration was calculated by the same method
retrieving relevant climate fields from the ERA-Interim climate dataset. For compatibility with our overall analysis, this climate dataset, i.e. precipitation, reference
evapotranspiration, and temperature, was bias-corrected by scaling the long-term
monthly means of these fields to those of the CRU TS 2.1 data set, wherever station
coverage by the CRU is adequate. Otherwise the original ERA-Interim data were
returned by default. The calculated water demand and simulated surface water availability have been extensively validated in earlier work (Van Beek et al., 2011; Wada
et al., 2011a, 2012a).
10.2.4 Natural, artificial, and environmental groundwater recharge
Natural groundwater recharge, additional recharge from irrigation as return flow,
and groundwater contribution to environmental flow were simulated using the PCRGLOBWB at a 0.5◦ spatial resolution and at a daily time step. Natural groundwater
recharge is simulated as the net flux from the lowest soil layer to the groundwater layer, i.e. deep percolation minus capillary rise. Note that simulated natural
groundwater recharge is not reconciled to local observations and underlying geology.
However, recharge interacts with groundwater storage as it can be balanced by capillary rise if the top of the groundwater level is within 5 m of the topographical surface
(calculated as the height of the groundwater storage over the storage coefficient on
top of the streambed elevation and the sub-grid distribution of elevation). Groundwater storage is fed by the recharge but drains by a reservoir coefficient that includes
10
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www.gewex.org/gpcp.htm/

information on lithology and topography (e.g., hydraulic conductivity of the subsoil).
The ensuing capillary rise is calculated as the upward moisture flux that can be sustained when an upward gradient exists and the moisture content of the soil is below
field capacity. Also, it cannot exceed the available storage in the underlying groundwater reservoir. Additional recharge from irrigation is formulated from the fact that
in irrigation practice water is supplied to wet the soil to field capacity during the
application and the amount of irrigation water in excess of the field capacity can
percolate to the groundwater system (Wada et al., 2012a). The additional recharge
rate thus equals the unsaturated hydraulic conductivity of the deeper soil layer at
field capacity, assuming gravitational drainage. However, the total percolation losses
are further constrained by the reported country-specific loss factor based on Rohwer
et al. (2007). Groundwater contribution to environmental flow, being an important
component during low flow conditions (Smakhtin, 2001; Smakhtin et al., 2004), was
estimated using the fraction of Q 90 , i.e. the monthly streamflow that is exceeded 90%
of the time, to Q Avg or the long-term average streamflow at the basin scale conforming
to Gleeson et al. (2012).
10.2.5 Uncertainty assessment
An uncertainty analysis of groundwater abstraction and groundwater recharge was
performed according to Wada et al. (2010). In brief, the uncertainty was identified
by comparing the country-based abstraction rates used in this study to alternative
sources such as those reported in the FAO AQUASTAT data base11 . Given the highly
uncertain nature, a conservative approach was chosen by attributing the difference
between the two sources completely to our data. We identified an uncertainty model
for groundwater recharge by comparing the PCR-GLOBWB recharge estimate with
an independent estimate (Döll and Fiedler, 2008) and the PCR-GLOBWB streamflow estimates with the GRDC observed streamflow data12 ). Using these uncertainty
models we performed a Monte-Carlo simulation, generating 100 equiprobable realizations of groundwater abstraction and 100 equiprobable realizations of groundwater
recharge, thus resulting in 10,000 possible realizations of AQSI and groundwater depletion (assuming errors in groundwater recharge and groundwater abstraction to be
independent). From these, the mean and the standard deviations of groundwater
abstraction, groundwater recharge, AQSI, and groundwater depletion were estimated
for each TBA.

10.3

Results

10.3.1 Aquifer stress and the trends over the period 1960-2010
Figure 10.2 shows calculated aquifer stress for each TBA and the increase in per cent
between 1960 and 2010 (see also Table 10.1 for the aquifer characteristics for stressed
TBAs). Overexploited TBAs locate primarily over (semi-)arid or intense irrigated
11
12

www.fao.org/nr/water/aquastat/main/index.stm/
www.bafg.de/cln031/nn293894/GRDC/
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regions including India, Pakistan, Central Asia, the Arabian Peninsula, the southern
USA, and northern Mexico. In these regions, groundwater pumping exceeds the rate
of groundwater recharge (AQSI ≥ 1), which indicates groundwater mining primarily
for irrigation. Declining groundwater levels or groundwater depletion have also been
reported over these regions in recent literature (Konikow and Kendy, 2005; Karami
and Hayati, 2005; Shah, 2005; Foster and Loucks, 2006; Rodell et al., 2009; Tiwari
et al., 2009; Konikow, 2011). Over the last 50 years, the aquifer stress substantially
increased for these presently stressed TBAs. For example, the aquifer stress of a few
TBAs over the USA-Mexico borders increased by 41-114% primarily due to expansion
of irrigated areas. Over the India River Plain (India, Pakistan), regardless of a large
expansion of irrigated areas, and sharp rise in population and their drinking water
requirements, the aquifer stress increased by only 48% due to substantial contribution
of additional recharge or return flow from surface water irrigation, which cancelled out
increased groundwater abstraction for irrigation. However, the amount of groundwater depletion increased substantially over the India River Plain for the last 50 years
(see Section 10.3.2). Over the Paleogene and Cretaceous aquifers (the Arabian Peninsula) where irrigation is sustained by non-renewable groundwater, i.e. groundwater
resources that are not replenished, (Foster and Loucks, 2006; Wada et al., 2012a),
large increases in irrigation water use exacerbated the aquifer stress by more than
392%. The same holds for the Mourzouk (Algeria, Libya, Niger) and the Punenos
(Argentina, Bolivia) where precipitation is extremely low and almost no groundwater
recharge occurs from the precipitation. It should be noted that many of currently
non-stressed TBAs with 0.1 ≤ AQSI < 1.0 have also experienced substantial increase
in aquifer stress. The aquifer stress increased by more than 250% for many TBAs
over eastern Europe, Central Asia, northern Africa, and southern South America due
to a rapidly growing population and their food demand met by increased irrigation
(see supplementary data available at stacks.iop.org/ERL/8/024003/mmedia/ for
aquifer stress of all TBAs).
10.3.2 Groundwater depletion
Groundwater use is highly unsustainable over some of the major TBAs due to human
overexploitation (see Table 10.1). To reduce the aquifer overdraft to the sustainable
rate, the groundwater abstraction has to fall substantially over these TBAs. For
example, over the India River Plain (India, Pakistan) about 11.7 ±3.6 km3 yr−1 or
about 20% of the groundwater abstraction needs to be reduced or supplied from other
water resources, e.g. the Indus, aqueducts. However, given the fact that surface water
resources are very scarce in the region, it is not realistic to withdraw more surface
water unless additional reservoirs are constructed to store more water and release it
during the growing season of irrigated crops. This amount equals nearly 10% of the
irrigation water demand over the aquifer.
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Aquifer stress (-)
< 0.5
0.5 - 1.0
1.0 - 5.0
5.0 - 10.0
> 10.0

B
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> 10
10 - 50
50 - 100
100 - 250
> 250

Figure 10.2 (a) Aquifer stress [AQSI; dimensionless] for each TBA and (b) the increase of
aquifer stress [percent] between 1960 and 2010.
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Table 10.1

Aquifer characteristics for stressed TBAs.

TBA

Country

Iraq, Jordan, Kuwait,
Oman, Qatar, Saudi
Arabia, Syria, UAE,
Yemen, Baharain
India River Plain
India, Pakistan
Mourzouk
Algeria, Libya, Niger
Tacheng Basin/Alakol China, Kazakhstan
Sonoyta-Pápagos
Mexico, USA
Cuenca Baja del Rı́o
Mexico, USA
Colorado
Puneños
Argentina, Bolivia
Dobrudja Neogene –
Bulgaria, Romania
Sarmatian aquifer
Bolsón del Hueco-Valle
Mexico, USA
de Juárez
Ollague-Chiguana
Bolivia, Chile
Paleogene and
Cretaceous aquifers

a
b
c
d

Areaa
Populationb Water demandc
[million
[millions] [irr.; km3 yr−1 ]
km2 ]

24.2 (21.8)

GW Depletionc
[km3 yr−1 ]

AQSIc
[increase; %]

Recharge per Capita
R N at (R N at +R Irr )d
[m3 capita−1 yr−1 ]

12.0 ± 3.2

3.5 ± 0.84 (392%)

233.2 (304.4)

11.7 ± 3.6
0.4 ± 0.1
0.8 ± 0.3
0.5 ± 0.2

1.3 ± 0.4 (48%)
4.7 ± 1.5 (49%)
3.1 ± 0.9 (27%)
33.1 ± 11.8 (114%)

63.5 (265.0)
70.2 (266.9)
251.3 (1351.8)
9.2 (198.8)

2.1

30.0

0.77
0.29
0.05
0.02

173.2
0.31
0.62
0.08

0.02

1.8

4.9 (4.4)

3.4 ± 0.8

5.0 ± 1.8 (41%)

26.1 (500.1)

0.02

0.07

0.06 (0.04)

0.05 ± 0.02

6.1 ± 2.3 (40%)

14.5 (41.3)

0.01

0.21

5.1 (2.0)

0.8 ± 0.3

2.4 ± 0.7 (279%)

750.7 (821.2)

0.01

2.2

1.5 (0.6)

0.2 ± 0.07

4.0 ± 1.8 (65%)

2.0 (32.5)

0.006

0.006

0.03 (0.02)

0.01 ± 0.004

3.6 ± 1.1 (121%)

13.8 (26.5)

143.3
0.5
3.4
0.6

(135.4)
(0.4)
(3.2)
(0.6)

Area is obtained from the Transboundary Aquifers of the World – Update 2012.
Population numbers were estimated from the FAOSTAT (http://faostat.fao.org/) and Klein Goldewijk and van Drecht (2006).
Water demand, groundwater depletion, and AQSI were taken from the results of this study. Values for the year 2010 are provided.
Recharge per Capita were taken from the results of this study. Values for the long-term average 1960-2010 are provided.

For the Paleogene and Cretaceous aquifers (the Arabian Peninsula), withdrawing
more surface water resources are not physically feasible due to arid climate and extremely low precipitation. Groundwater is the predominant water resource to sustain
the large irrigation water demand for food production over the region (21.8 km3 yr−1 ).
Groundwater depletion amounts 12.0 ±3.2 km3 yr−1 and nearly half of the water demand over the aquifer. Groundwater depletion also amounts more than half of the
water demand for the Cuenca Baja del Rı́o Colorado and the Sonoyta-Pápagos over
the USA-Mexico border.
10.3.3 Groundwater recharge per capita
Figure 10.3 shows over each TBA a long-term mean groundwater recharge per capita.
Per capita recharge is extremely low (<250 m3 ) for several TBAs notably over India
and Pakistan, the Central Asia, the Middle East and North Africa and the USA and
Mexico. Since only groundwater recharge is considered here, it is not directly comparable, but it is worth mentioning that annual total renewable water resources (blue
water) below 500 m3 capita−1 is considered as absolute water scarcity (Rijsberman
2006). Some TBAs have a per capita recharge lower than 50 m3 , for example the
Puneños (Argentina, Bolivia) and the Bolsón del Hueco-Valle de Juárez (USA, Mexico). These TBAs receive low precipitation, most of which evapotranspirates before
percolating to the water table. The Lower Ganges receives much higher precipitation,
yet the per capita recharge is low (≈500 m3 ) due to a large population size. When
including additional recharge from irrigation, per capita recharge increases substantially over a few TBAs. Return flow from surface water irrigation increases recharge
over India and Pakistan, Central Asia, and the USA and Mexico (Döll et al., 2012),
whereas increase in recharge is predominantly induced from mining groundwater over
the Middle East and North Africa.
10.3.4 Groundwater depletion and irrigation efficiency
Figure 10.4 shows approximately the relationship among improved irrigation efficiency, irrigation water demand, groundwater abstraction, irrigation return flow and
groundwater depletion for the selected TBAs. The irrigation efficiency taken from
Rohwer et al. (2007) (see Section 10.2.3) was adjusted, and all the amounts, i.e. irrigation water demand, groundwater abstraction, irrigation return flow, groundwater
depletion, were recalculated. For example, the irrigation efficiency improvement of
0% indicates that the irrigation efficiency remains as reported in Rohwer et al. (2007),
whereas that of 100% indicates the condition in which irrigation water supply equals
irrigation water demand, or no losses during the irrigation water application. For
the Cuenca Baja del Rı́o Colorado (USA, Mexico), improving irrigation efficiency
can reduce the amount of groundwater depletion due to the fact that the farmers
predominantly rely on groundwater resources for irrigation. For instance, improving irrigation efficiency by 30% can decrease 5% of groundwater depletion for these
aquifers. The same holds for the Paleogene and Cretaceous aquifers (the Arabian
Peninsula). However, for the India River Plain (India, Pakistan) where conjunctive
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Aquifer recharge
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> 1500

B

Figure 10.3 Long-term average (1960-2010) groundwater recharge per capita
[m3 capita−1 yr−1 ] based on (a) natural groundwater recharge and (b) natural groundwater
recharge with additional recharge from irrigation over each TBA.
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Figure 10.4 The relationship among improved irrigation efficiency, irrigation water demand, groundwater abstraction, irrigation return flow and groundwater depletion for the
India River Plain (India, Pakistan), and the Cuenca Baja del Rı́o Colorado (USA, Mexico).

water use of surface water and groundwater is prevalent to meet crop demand, improving irrigation efficiency does not necessarily decrease the amount of groundwater
depletion such that it also reduces additional recharge from surface water irrigation
or return flow to groundwater. As shown in Figure 10.4 the relationship among improved irrigation efficiency and groundwater depletion exhibits a very different trend
for the India River Plain compared to that of the Cuenca Baja del Rı́o Colorado.
The irrigation water demand and groundwater abstraction decreases as the irrigation
efficiency improves. However, the groundwater depletion increases as the irrigation
return flow decreases more rapidly than decrease in abstraction as a result of improved
irrigation efficiency.
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10.3.5

Country share of groundwater abstraction and recharge for stressed
TBAs
Figure 10.5 shows the proportion of groundwater abstraction and groundwater recharge
of countries sharing stressed TBAs. For the India River Plain (India, Pakistan), the
country share of groundwater abstraction and groundwater recharge is rather homogeneous, for which about a quarter of groundwater abstraction and groundwater
recharge comes from India, whereas the three-fourth attributes to Pakistan. However,
the proportion of groundwater abstraction and groundwater recharge among countries is heterogeneous over other TBAs. For instance, over the Tacheng Basin/Alakol
(China, Kazakhstan) almost all groundwater abstraction attributes to China, whereas
nearly half of groundwater recharge comes from Kazakhstan. For the TBAs over the
USA-Mexico borders, most of groundwater abstraction occurs within the USA, except the Bolsón del Hueco-Valle de Juárez where the USA and Mexico abstract the
similar amount of groundwater. Over these TBAs, groundwater pumping is much
faster than the rate of groundwater recharge, which indicates a substantial amount
of groundwater mining and decreasing groundwater storage.

10.4

Discussion and conclusions

This study provides a first comprehensive and quantitative assessment of aquifer stress
of TBAs worldwide. The results reveal that 31 TBAs or 8% of the TBAs are currently
stressed due to human overexploitation. Groundwater depletion is substantial over
several TBAs including the India River Plain (India, Pakistan), the Paleogene and
Cretaceous aquifers (the Arabian Peninsula), and a few TBAs over the USA-Mexico
border. Fossil groundwater, not being an active part of the current hydrological cycle,
is used as an additional, albeit non-renewable, source of major irrigation water. Over
these TBAs the rate of groundwater pumping increased substantially during the past
50 years, primarily due to the expansion of irrigated areas and the increased standard
of living, which worsened the aquifer stress condition by 27%-392%. In addition, many
TBAs over Europe, Asia and Africa are not currently stressed (0.1 ≤ AQSI < 1.0 in
2010), but their aquifer stress has been increasing at an alarming rate (>100%) for
the past 50 years, due to the increasing reliance on groundwater abstraction for food
production. Further increase in groundwater abstraction likely aggravates the aquifer
stress conditions (AQSI ≥ 1) for many of those TBAs. Human exploitation likely
has a larger impact on the sustainability of these TBAs compared to anticipating
climate change that has little influence on groundwater recharge over these regions
(Döll, 2009).
The AQSI used in this study is a simple and first-order approximation to depict
the consequences of human water use over TBAs. This indicator is well suited for
shared aquifers that physically transgress international political boundaries but is not
easily applicable to different types of shared aquifers: (1) an aquifer that is within
the territory of one country but is hydraulically connected to surface water bodies
that are transboundary (e.g., transboundary river basins), and (2) a confined aquifer
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Groundwater abstraction (cubic kilometer)
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Pakistan/Kazakhstan/Mexico

Figure 10.5 The country share of groundwater abstraction and groundwater recharge
[km3 yr−1 ] for 2010 over the selected stressed TBAs.

that traverses international political boundaries with the recharge zone in another
country (Eckstein and Eckstein, 2003, 2005). Such shared aquifers need careful attention that requires a comprehensive assessment of surface water and groundwater
resources, and their use considering substantial internal heterogeneity within a shared
aquifer or transboundary water bodies. Furthermore, the indicator addresses the sustainability from the water quantity point of view, but does not account for water
quality issues such as groundwater contamination that affects the amount of readily
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available groundwater in the aquifer. Therefore, the assessment presented here may
be considered as the lower end of aquifer stress.
Although the uncertainty assessment was performed, groundwater abstraction is
highly uncertain (Ahmad et al., 2005). Several global estimates exist for the present
condition, varying between 545 and 1100 km3 yr−1 (Zektser and Everett, 2004; Shah,
2005; Döll, 2009; Siebert et al., 2010). Siebert and Döll (2010) quantified the amount
of groundwater consumed through current irrigation practice to be 545 km3 yr−1 .
Döll (2009) used a global hydrological model and subnational statistics of a fraction
of groundwater to total water use to calculate groundwater abstraction to be 1100
km3 yr−1 . Our estimate (∼800 ±∼150 km3 yr−1 ) obtained from the IGRAC GGIS
database lies in the middle among these estimates. As a limited validation exercise,
we compared our groundwater abstraction estimate to available reported estimates
over subnational units of a few major groundwater users, India, USA, China and
Mexico (see Figure 10.6). The comparison generally show good agreement for these
countries with R 2 (the coefficient of determination) ranging from 0.8 to 0.95 (p-value
< 0.001). We slightly overestimated the groundwater abstraction for Mexico and the
USA (slope ≈ 0.85-0.98), particularly for the central Mexico and the western USA.
In contrast, we slightly underestimated the groundwater abstraction for India and
China (slope ≈ 1.03-1.05), but the deviations between the reported and estimated
abstraction are rather small and mostly within the uncertainty range.
Groundwater recharge is difficult to estimate and is also subject to large uncertainties, particularly in (semi-)arid environment where annual average potential
evapotranspiration exceeds annual average rainfall, and groundwater recharge is often
restricted to episodic rainfall events (Crosbie et al., 2012). As it is rarely observed directly, especially at the scale at which it is modeled in this study, we assessed its uncertainty by comparing two independent sources including our estimate. Our simulated
long-term average global groundwater recharge flux (1960-2010) including additional
recharge from irrigation amounts to ∼17.0×103 ±5.0×103 km3 yr−1 (∼40 ±∼10% of
our simulated total runoff). Our estimate is about 30% larger than that of (Döll and
Fiedler, 2008) who estimated the long-term average global groundwater recharge to
be 12.7×103 km3 yr−1 (∼35% of their simulated total runoff). The difference is partly
attributed to the fact that Döll and Fiedler (2008) did not account additional recharge
from irrigation. Although the difference may be large, when accounting the uncertainty of groundwater recharge, a conservative approach was adopted attributing the
difference between the two estimates fully to our estimate (as opposed to viewing the
two model results as two independent samples of the true but unknown groundwater
recharge), which contains errors in the model structure and climate forcing from the
two estimates.
Furthermore, additional recharge from irrigation (R Irr ) and groundwater contribution to environment flow (R Env ) are currently estimated with a simplistic approach.
R Irr equals the amount of water surplus from the soils in irrigated areas and represents potential recharge fluxes to aquifers, taking into account time lags and natural
flow processes that may take years to decades when the water actually reaches to the
groundwater system as groundwater recharge (Scanlon et al., 2010a; Taylor et al.,
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Figure 10.6 Comparison of reported (y-coordinate) and estimated groundwater abstraction (x-coordinate) for (a) Mexico per state (N = 32), (b) India per state (N = 35), (c)
China per province (N = 30), (d) conterminous USA per state (N = 48) in log-log plots,
and (e) conterminous USA per county (N = 2751) in log-log plots. All abstractions are
given in km3 yr−1 except the conterminous USA per county given in million m3 yr−1 . Estimated groundwater abstraction at 0.5◦ was spatially aggregated to county, and state or
provincial level if applicable. Error bars show standard deviation (σ) for each state or
province and county from the uncertainty assessment. R 2 denotes the coefficient of determination. The dashed lines represent the 1:1 line. The reported groundwater abstraction
was obtained from the CONAGUA (Statistics on Water in Mexico; www.conagua.gob.mx/
english07/publications/StatisticsWaterMexico2008.pdf/) for Mexico, from the Central Ground Water Board; www.cgwb.gov.in/ for India, from the Ministry of Environmental
Protection (Freshwater Environment; http://english.mep.gov.cn/standardsreports/
EnvironmentalStatistics/yearbook2006/200712/t20071218115211.htm/) for China,
and from the US Geological Survey (Water Use in the United States; http://water.usgs.
gov/watuse/).
245

2013). Therefore, the calculated AQSI may be somewhat overestimated for TBAs
with a deep aquifer system with additional porosity, providing the necessary storage
to create the longer recession period (Scanlon et al., 2010a). R Env sustains ecosystems
in many places, and can be a major factor determining the distribution of ecosystem
types over the regions. However, not all groundwater-dependent ecosystems rely on
groundwater directly and not all are solely reliant on groundwater. The degree and nature of their dependency on groundwater is valuable information to define the amount
of R Env . Such information is, however, rarely available, but this term requires further
consideration that needs to be constrained by available local information. Increasing
aquifer stress pose a serious threat to groundwater-dependent ecosystems, but further
efforts are needed to more realistically quantify the amount of R Env , which improves
our understanding how groundwater-dependent ecosystems should be managed.
Our results highlight the increasing reliance of irrigation on groundwater resources
over many TBAs with time. The increase is attributable to the rapid expansion of
irrigated areas during the past 50 years (Wisser et al., 2010) and fast population
growth. Scarce surface water resources and drought conditions worsen the sustainability of groundwater resources (Famiglietti et al., 2011; Scanlon et al., 2012a,b;
Aeschbach-Hertig and Gleeson, 2012) particularly for TBAs in (semi-)arid regions
(Gleick, 2010). Groundwater abstraction may be reduced by withdrawing additional
surface water, however, surface water is very scarce in the regions where most stressed
TBAs are present. Improving irrigation efficiency can increase water productivity, i.e.
amount of crop yield per volume of water supplied [e.g., kg m3 or kg ha−1 mm−1 ], and
reduces the amount of water supplied for irrigation (Passioura, 2006; Perry et al.,
2009; Gleick et al., 2010; Perry, 2011). In fact, over water scarce regions where irrigation predominantly relies on groundwater, improving irrigation efficiency can reduce
groundwater abstraction for irrigation decreasing the aquifer stress (AQSI). However,
in regions where conjunctive water use of surface water and groundwater is prevalent
for irrigation, improving irrigation efficiency does not necessarily decrease the aquifer
stress, rather possibly increases the aquifer stress due to the fact that improving irrigation efficiency decreases groundwater abstraction for irrigation, but also reduces
return flow or additional recharge from irrigation. Conversely, conjunctive water use
of surface water and groundwater facilitates the management of aquifers for more
sustainable use and provides pathways for minimizing aquifer stress, developing new
opportunities for groundwater development that is environmentally sustainable.
In conclusion, the aquifer stress of many TBAs has been increasing at an alarming rate (>100%) over the past 50 years. In many parts of the world, groundwater
resources are under increasing pressure from human water use, such as for irrigation.
Future population increase and their food demand will pose a serious threat to the
sustainability of these TBAs. The increasing groundwater depletion cast large uncertainties on local farmers, regional food security and countries which import food
commodities from TBAs with falling groundwater level. This study gives further evidence to the scale of the issue and its growing trend. It is urging to invest further
political efforts to limit the overdraft, however, TBAs traverse international political
boundaries over several sovereign countries, which complicates the effective manage246

ment of these groundwater resources. International laws aiming to preserve TBAs
are often limited and multi-states agreements are difficult to achieve due to conflicts
of interest among the sovereign countries (Eckstein and Eckstein, 2005). However,
in recent decades, various regional cooperative networks and agreements have been
achieved through dedicated diplomatic structures for shared aquifer management over
regions such as the Americas, Europe, and Asia7 . In order to reduce overexploitation over a TBA and to maximize the beneficial use of the groundwater resources,
effective groundwater management through further regional and international efforts
is imminent.
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Global modeling of withdrawal,
allocation and consumptive use
of surface water and
groundwater resources

Based on: Wada, Y., Wisser, D., Bierkens, M. F. P. (2013) Global modeling
of withdrawal, allocation and consumptive use of surface water and groundwater resources, Earth System Dynamic Discussion 4, 355-392, doi:10.5194/esdd-4-355-2013.
Abstract
To sustain growing food demand and increasing standard of living, global water withdrawal
and consumptive water use have been increasing rapidly. To analyze the human perturbation on water resources consistently over large scales, a number of macro-scale hydrological
models (MHMs) have been developed in recent decades. However, few models consider the
feedback between water availability and water demand, and even fewer models explicitly incorporate water allocation from surface water and groundwater resources. Here, we couple
a global water demand model with a global water balance model, and dynamically simulate
daily water withdrawal and consumptive water use over the period 1979-2010 considering
water allocation from surface water and groundwater resources and explicitly taking into account feedbacks between supply and demand, using two re-analysis products: ERA-Interim
and MERRA. We implement a new irrigation scheme, which works dynamically with daily
surface and soil water balance, and include a newly available extensive global reservoir data
set. Surface water and groundwater withdrawals simulated with our new water allocation
scheme generally show good agreement with reported national and sub-national statistics.
The results show a consistent increase in both surface water and groundwater use worldwide, with a more rapid increase in groundwater use since the 1990s. Human impacts on
terrestrial water storage (TWS) signals are evident, altering the seasonal and inter-annual
variability. This alteration is particularly large over heavily regulated basins such as the
Colorado and the Columbia, and over the major irrigated basins such as the Mississippi,
the Indus, and the Ganges. Including human water use and associated reservoir operations
generally improves the correlation of simulated TWS anomalies with those of the GRACE
observations.
Key words: Water withdrawal; Water allocation; Consumptive water use; Surface water;
Groundwater; Desalinated water; Water demand; Irrigation
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11.1

Introduction

In 1900, global population was less than 1.7 billion, but grew by more than 4 times
during the 20th century, currently exceeding 7 billion. To sustain growing food demand and increasing standard of living, global water withdrawal increased by nearly 6
times from ∼500 km3 yr−1 in 1900 to ∼3000 km3 yr−1 in 2000, of which agriculture is
the dominant water user (≈70%) (Falkenmark et al., 1997; Shiklomanov, 2000a,b; Döll
and Siebert, 2002; Vörösmarty et al., 2005; Haddeland et al., 2006; Bondeau et al.,
2007; Wisser et al., 2010; Wada et al., 2013a). Soaring water withdrawal worsens
water scarcity condition already prevalent in semi-arid and arid regions (e.g., India,
Pakistan, North East China, the Middle East and North Africa), where available surface water is limited due to lower precipitation, increasing uncertainty for sustainable
food production and economic development (World Water Assessment Programme
(WWAP), 2003; Hanasaki et al., 2008a,b; Döll et al., 2009; Kummu et al., 2010;
Vörösmarty et al., 2010; Wada et al., 2011a,b). In these regions, the water demand
often exceeds the available surface water resources due to intense irrigation which
requires large volumes of water during crop growing seasons. Groundwater resources
serve as a main source of such intense irrigation, supplementing the surface water
deficit (Siebert et al., 2010; Wada et al., 2012a). Excessive groundwater pumping,
however, often leads to overexploitation, causing groundwater depletion (Rodell et al.,
2009; Wada et al., 2010; Konikow, 2011; Döll et al., 2012; Gleeson et al., 2012; Taylor
et al., 2013).
To quantify the surface water balance, i.e. water in rivers, lakes, wetlands, and
reservoirs, and analyze the human perturbation on water resources consistently over
a large scale, a number of macro-scale hydrological models (MHMs) have been developed in recent decades. Yates (1997) and Nijssen et al. (2001a,b) applied MHMs
to calculate runoff and river discharge over river basin to continental scales at a relatively coarse spatial grid (1-2◦ ). Arnell (1999, 2004) and Vörösmarty et al. (2000b)
used respectively the Macro-PDM and WBM to simulate global surface water balance
at a finer scale (0.5◦ ). Oki et al. (2001) used the TRIP (0.5◦ ) to route global local
runoff simulated by Land Surface Models (LSMs). These models, however, do not
include the effect of water withdrawal on the surface water balance. Alcamo et al.
(2003a,b) developed the WaterGAP model (0.5◦ ), which simulates the global surface
water balance and global water use, i.e. water withdrawal and consumptive water
use, from agricultural, industrial, and domestic sectors. Döll et al. (2003, 2009) used
the WGHM (0.5◦ ) to simulate globally the reduction of river discharge by human
water consumption. Hanasaki et al. (2008a,b, 2010) and Pokhrel et al. (2012a,b) developed the H08 (0.5◦ ) and MATSIRO (0.5◦ ) respectively, both of which incorporate
the anthropogenic effects (e.g., irrigation, reservoir regulation) into global surface
water balance calculation. Wada et al. (2010, 2011a,b) and Van Beek et al. (2011)
developed the PCR-GLOBWB model (0.5◦ ) to calculate the surface water balance
and monthly sectoral water demand, and incorporated groundwater abstraction at
the global scale. However, these models generally calculate water demand separately
and independent of water availability, i.e. there is no feedback between water avail251

ability and water demand, and equate water demand with either water withdrawals
or consumptive water use (Döll and Siebert, 2002; Wisser et al., 2010; Wada et al.,
2011b). In addition, water allocation or water use per source, e.g. surface water and
groundwater, has rarely been explicitly incorporated in the simulation.
Here, we couple the global water demand model developed by Wada et al. (2011a,b)
with the global water balance model PCR-GLOBWB (Wada et al., 2010; Van Beek
et al., 2011). Compared to earlier work (Wada et al., 2010, 2011a,b), we develop an
improved approach that enables to dynamically simulate daily water withdrawal and
consumptive water use considering water allocation from surface water and groundwater resources and explicitly taking into account feedbacks between supply and
demand. Moreover, we implement a new irrigation scheme, which applies irrigation
water dynamically based on the daily surface and soil water balance. This will consider the mutual feedback from irrigation water supply to the soil and groundwater
system, and the associated evapotranspiration over irrigated areas. To improve the
simulations of surface water availability, we also include a newly available extensive
global reservoir data set. In addition, we update the climate forcing and use the newly
available climate datasets of the ERA-Interim re-analysis data and the MERRA reanalysis product over the period 1979-2010, extending beyond most global analyses.
The overall objectives of this study are: (1) to develop a coupled global hydrological
and water demand model, (2) to evaluate the performance of the integrated modeling
approach in terms of simulated water withdrawal and consumptive water use from
surface water and groundwater resources, and (3) to quantify the impact of human
perturbation (human water use and reservoir regulation) on terrestrial water resources
consistently across large scales (e.g., basin).
Section 11.2 of this paper presents the integrated modeling framework which describes the coupling of the global hydrological model and the global water demand
model at a daily temporal resolution. The section includes a brief introduction of
the global hydrological model, but the other parts of the section are limited to our
improved approaches modeling daily water demand or requirement for irrigation and
other sectors, routing and surface water retention, and water allocation from surface
water and groundwater resources and associated return flow. After an introduction
of the simulation protocol in Section 11.3, Section 11.4 presents the simulation results and evaluates their performance by comparing them to available statistics and
satellite information. Section 11.5 discusses the advantages and the limitations of our
modeling framework and the associated uncertainties, and provides conclusions from
this study.
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Figure 11.1 Shematic diagram of the integrated modeling framework.

11.2

Methods

11.2.1 Water Balance
The global water balance model PCR-GLOBWB simulates for each grid cell (0.5◦
× 0.5◦ globally over the land) and for each time step (daily) the water storage in
two vertically stacked soil layers and an underlying groundwater layer, as well as the
water exchange between the layers (infiltration, percolation, and capillary rise) and
between the top layer and the atmosphere (rainfall, evapotranspiration, and snow
melt). The model also calculates canopy interception and snow storage. Sub-grid
variability is taken into account by considering separately tall and short vegetation,
open water (lakes, reservoirs, floodplains and wetlands), different soil types based on
the FAO Digital Soil Map of the World (Food and Agriculture Organization of the
United Nations (FAO), 2003), and the area fraction of saturated soil calculated by
Improved ARNO scheme (Todini, 1996; Hagemann and Gates, 2003) as well as the
frequency distribution of groundwater depth based on the surface elevations of the
HYDRO1k Elevation Derivative Database (U.S. Geological Survey Center for Earth
Resources Observation and Science1 ). The groundwater layer represents the deeper
part of the soil that is exempt from any direct influence of vegetation and constitutes
a groundwater reservoir fed by active recharge. The groundwater store is explicitly
parameterized based on lithology and topography, and represented as a linear reservoir model (Kraaijenhoff van de Leur, 1958). Natural groundwater recharge fed by
net precipitation and additional recharge from irrigation, i.e. return flow, fed by irrigation water (see Section 11.2.2) occurs as the net flux from the lowest soil layer to the
groundwater layer, i.e. deep percolation minus capillary rise. Groundwater recharge
interacts with groundwater storage as it can be balanced by capillary rise if the top
of the groundwater level is within 5 m of the topographical surface (calculated as the
height of the groundwater storage over the storage coefficient on top of the streambed
elevation and the sub-grid distribution of elevation). Groundwater storage is fed by
groundwater recharge and drained by a reservoir coefficient that includes information
on lithology and topography (e.g., hydraulic conductivity of the subsoil). The ensuing
capillary rise is calculated as the upward moisture flux that can be sustained when
an upward gradient exists and the moisture content of the soil is below field capacity.
Also, it cannot exceed the available storage in the underlying groundwater reservoir.
The detailed description of the basic hydrologic model structure, and associated calculation and parameterisation is given in Appendix A, and only newly developed parts
of the model are described in the following sections. Figure 11.1 shows a schematic
diagram of the integrated modeling framework that couples the hydrological model
with human activities including water use and reservoir regulation.

1
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Table 11.1

Previous global studies to simulate irrigation water requirement (IWR)
Climate input

Döll and
CRU TS 1.0
Siebert (2002) (New et al., 2000)
Hanasaki et al.
ISLSCP
(2006)
(Meeson et al., 1995)

Reference
evapotranspiration
Priestley and Taylor
FAO
Penman-Monteith

Rost et al.
(2008)

CRU TS 2.1
(Mitchell and Jones,
2005)

Wisser et al.
(2008)

CRU TS 2.1CRU
NCEP/NCARN CEP
(Kalnay et al., 1996)

FAO
Penman-Monteith

CRU TS 2.1

FAO
Penman-MonteithP M
Priestley and
TaylorP T

Siebert and
Döll (2010)

Gerten et al. (2007):
Priestley and Taylor

Irrigated
area
Döll
Siebert
Döll
Siebert

and
(2000)
and
(2000)

Siebert et al.
(2007)
Evans (1997)

Crop
Paddy
Non-paddy
Paddy
Non-paddy
11 crops
pasture

Siebert et al.
(2005,
2007)F AO Monfreda et al.
(2008)
Thenkabail
et al.
(2006)IW M I
Portmann
et al. (2010)

Sulser et al.
(2010)

CRU TS 2.1

Priestley and Taylor

Wada et al.
(2011b)

CRU TS 2.1

FAO
Penman-Monteith

Pokhrel et al.
(2012a)

JRA-25 Reanalysis
(Kim et al., 2009;
Onogi et al., 2007)

FAO
Penman-Monteith

Additional components

IWR [km3 yr−1 ]

Optimal growth

Irrigation efficiency
Cropping intensity

2452

Optimal growth

Irrigation efficiency

2254

Simulate
vegetation/crop
growth by LPJmL
(Bondeau et al., 2007)

IPOT and ILIM
Green water use
Irrigation efficiency

2555IP OT
1161ILIM

Avg.
1971-2000

0.5◦

Optimal growth

Irrigation efficiency
Flooding applied to paddy
irrigation

3000-3400CRU F AO
3700-4100CRU IW M I
2000-2400N CEP F AO
2500-3000N CEP IW M I

Avg.
1963-2002

0.5◦

Green water use

2099P M
2404P T

Irrigation efficiency
Virtual water flow

1530

Avg.
1985-1999

0.5◦

31282000
40602025
43962050

2000
2025
2050

281 Food
Producing
Units

2057

Avg.
1958-2001

0.5◦

2158(±134)a
2462(±130)b

Avg.
1983-2007a
2000b

1.0◦

26 crops
Portmann Portmann et al. (2010)
et al. (2010)

NCC-NCEP/NCAR
Hanasaki et al.
Bulk formula
Siebert et al. Monfreda et al.
reanalysis CRU corr.
(2010)
(Robock et al., 1995)
(2005)
(2008)
(Ngo-Duc et al., 2005)

Spatial
resolution

Crop calendar

Simulate a cropping
calendar by H07
(Hanasaki et al.,
2008a,b)

Future scenarios
Siebert et al. 20 crops (You FAO CROPWAT with
(TechnoGarden, SRES B2
(2007)
et al., 2006)
some adjustments
HadCM3 climate)
26 crops
Portmann et al. (2010)
Portmann
Green water use Irrigation
Portmann
Siebert and Döll
et al. (2010)
efficiency
et al. (2010)
(2010)
Siebert et al.
SWIM model
Energy balance
(2007)
18 crops (Leff
(Krysanova et al.,
Soil moisture deficit
Freydank and et al., 2004)
1998)
Preplanting irrigation
Siebert (2008)

Year
Avg.
1961-1990
Avg.
1987-1988

0.5◦
0.5◦

Avg.
0.083333◦
1998-2002
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11.2.2 Irrigation Water Requirement
A new irrigation scheme was implemented that separately parameterizes paddy and
non-paddy crops and that dynamically links with the daily surface and soil water
balance considering the feedback between the application of irrigation water and the
corresponding changes in surface and soil water balance. This in turn affects the
amount of soil moisture and irrigation water requirement over the paddy and nonpaddy fields in following days. This enables to simulate more realistically the state of
daily soil moisture condition, and associated evaporation and crop transpiration over
irrigated areas. Previous studies used various methods simulating irrigation water
requirement (IWR) as shown in Table 11.2. However, few models separately parameterize paddy and non-paddy crops, and explicitly consider the feedback between
irrigation water application, and associated change in surface and soil water balance.
IWR including evaporative and percolation losses per unit crop area was estimated by simulating the daily soil and surface water balance with crop-related parameters. Crop-specific calendars and growing season lengths were obtained from
the MIRCA2000 data set (Portmann et al., 2010), which accounts for various growing seasons of different crops and regional cropping practices under different climatic
conditions, and distinguishes up to nine sub-crops that represent multi-cropping systems in different seasons in different areas per grid cell. The corresponding crop
coefficient per crop development stage and maximum crop rooting depth were additionally obtained from the Global Crop Water Model (Siebert and Döll, 2010).
Although the MIRCA2000 data set considers 26 crop classes, we aggregated these to
paddy and non-paddy crop classes since distinct flooding irrigation is applied over
most of paddy fields. The crop-specific parameters were aggregated by weighing the
area of each crop class.
Daily (potential) crop evapotranspiration, ET c [m d−1 ], was calculated combining a crop coefficient, kc [dimensionless], that accounts for crop-specific transpiration
and bare soil evaporation over the surface, with reference (potential) evapotranspiration, ET 0 [m d−1 ], computed with the Penman-Monteith equation according to FAO
guidelines (Doorenbos and Pruitt, 1977; Allen et al., 1998):
ETc = kc ET0

(11.1)

Irrigation water [m d−1 ] was applied over the paddy, IWR paddy , and non-paddy,
IWR nonpaddy , fields to ensure optimal crop growth. To represent flooding irrigation
over the paddy fields, we maintained a 50 mm surface water depth, Smax , (Wisser
et al., 2008, 2010) until the late crop development stage (∼20 days) before the harvest. We opted for no irrigation approximately 20 days before the harvest based on
irrigation practices that generally occur over paddy fields (Allen et al., 1998; Aslam,
1998). The duration of the non-irrigation period (∼late crop development stage)
varies depending on a region and local practices. For some regions (e.g., Africa),
water is drained from the paddy field ∼10 days before the expected harvest date as
draining hastens maturity and improves harvesting conditions. It is also common that
irrigation is ceased a few weeks before harvest over the paddy fields to dry and for
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the rice to transfer maximum nutrients into the grains (e.g., Asia). Paddy irrigation
water requirement and associated surface water balance are estimated as:
IW Rpaddy,t = max(0, Smax − (S0,t−1 + Pnet,t ))

(11.2)

S0,t = S0,t−1 + Pnet,t + IW Rpaddy,t − qi,S0 →S1 ,t − EWS0 ,t

(11.3)

where S0,t is the surface water layer [m] over the paddy fields at a given time, t,
and Pnet is the net liquid precipitation [m d−1 ], precipitation reduced by interception
losses and snowfall. qi is the infiltration from the surface water layer, S0 , to the first
soil layer, S1 , at a rate of saturated hydraulic conductivity of the first soil layer (ksat )
[m d−1 ]. The saturated hydraulic conductivity was reduced by a factor ∼10 considering compacted soil preventing high percolation losses that is commonly practiced
over paddy fields (Bhadoria, 1986). EW is the open water evaporation from the
surface water layer (S0 ) [m d−1 ], assumed to occur at the potential rate over shallow
water (Allen et al., 1998). t denotes time step [day]. We assumed that no direct
runoff occurs over the paddy fields as farmers tend to irrigate much less before expected (heavy) rainy days or periods. However, this may underestimate direct runoff
that occurs over flooded paddy fields during substantial rainfall particularly in humid
regions (e.g., Southern China, Indonesia, Bangladesh).
For the non-paddy crop type, we estimated IWR nonpaddy by taking the difference
between total (TAW ) and readily available water (RAW ) in the first and second soil
layer with no surface water layer (Allen et al., 1998):

T AW − RAW
(RAW < p × T AW )
IW Rnonpaddy =
(11.4)
0
(RAW > p × T AW )
where TAW is the total soil moisture available to irrigated crops in the soil column
and RAW is for each time step the actual soil moisture available in the root zone (see
Figure 11.1).
p = pref + 40 × (0.005 − ETc )

(11.5)

T AW = {(θE F CS1 − θE wpS1 ) × (θsatS1 − θresS1 ) × min (SCS1 , Zr )}
+ {(θE F CS2 − θE wpS2 ) × (θsatS2 − θresS2 ) × min (SCS2 , max (Zr − SCS1 ))}

(11.6)

RAW = {(θES1 − θE wpS1 ) × (θsatS1 − θresS1 ) × min (SCS1 , Zr )}
+ {(θES2 − θE wpS2 ) × (θsatS2 − θresS2 ) × min (SCS2 , max (Zr − SCS1 ))}

(11.7)

where θE is the effective degree of saturation, θE F C is the effective degree of saturation
at field capacity, and θE wp is the effective degree of saturation at wilting point [all
in dimensionless]. θsat is the saturated (volumetric) water content, and θres is the
residual (volumetric) water content [all in m3 m−3 ]. SC is the storage capacity of
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the soil layer, and Zr is the rooting depth assuming an exponential growth to the
maximum rooting depth over the growing season (Jackson et al., 1996) [all in m]. S1
and S2 denote the first and second soil layer respectively.
The parameter, p, is the soil water depletion fraction that is a function of daily
crop evapotranspiration [m d−1 ], and pref is the reference soil water depletion fraction
per crop type (0.2 for paddy and 0.5 for non-paddy). Although water in root zone
is theoretically available until wilting point, crop water uptake is reduced well before
wilting point is reached (Allen et al., 1998). When the soil is sufficiently wet, the
soil supplies water fast enough to meet the atmospheric demand of the crop, and
water uptake equals ET c (crop evapotranspiration; Equation 11.5), however, as the
soil water content decreases, water becomes more strongly bound to the soil matrix
and is more difficult to extract (Allen et al., 1998). Thus, when the soil water content
drops below a threshold value, soil water can no longer be transported quickly enough
towards the roots to respond to the transpiration demand and the crop begins to
experience stress. The soil water depletion fraction determines the fraction of TAW
that a crop can extract from the root zone without suffering the water stress (∼RAW ;
Equation 11.4).
Historical growth of irrigated areas (1979-2010) was estimated using countryspecific statistics of irrigated areas for ∼230 countries (FAOSTAT2 ) and by downscaling these to 0.5◦ using the spatial distribution of the gridded irrigated areas from
the MIRCA2000 data set (Portmann et al., 2010).
11.2.3 Other Sectoral Water Demands
Other sectoral water demands includes those from livestock, industry, and households
[all in m d−1 ]. Livestock water demand was calculated by multiplying the number of
livestock in a grid cell with its corresponding daily drinking water requirement that
is a function of daily air temperature (Wada et al., 2011a). The gridded global livestock densities of cattle, buffalo, sheep, goats, pigs and poultry in 2000, and their
corresponding drinking water requirements were obtained from Food and Agriculture Organization of the United Nations (FAO) (2007) and Steinfeld et al. (2006)
respectively. For the other years (1979-2010), the numbers of each livestock type per
country (FAOSTAT2 ) were downscaled to a grid scale using the distribution of each
gridded livestock densities of 2000.
Gridded industrial water demand data for 2000 was obtained from Shiklomanov
(1997), World Resources Institute (WRI) (1998), and Vörösmarty et al. (2005). Due
to limited available data in order to identify the seasonal trends, daily industrial
water demand was kept constant over the year similar to the study of Hanasaki
et al. (2006, 2008a,b) and Wada et al. (2011a). However, in reality daily industrial
water demand likely fluctuates over the year, although the seasonal amplitude may
not be large. To calculate time series (1979-2010) of industrial water demand, we
multiplied the gridded industrial water demand for 2000 with water use intensities
calculated with an algorithm developed by Wada et al. (2011b). This algorithm calcu2
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lates country-specific economic development based on four socio-economic variables:
Gross Domestic Product (GDP), electricity production, energy consumption, and
household consumption. Associated technological development per country was then
approximated by energy consumption per unit electricity production, which accounts
for industrial restructuring or improved water use efficiency.
Household water demand was estimated multiplying the number of persons in a
grid cell with the country-specific per capita domestic water withdrawal. The daily
course of household water demand was estimated using daily air temperature as a
proxy (Wada et al., 2011b). The country per capita domestic water withdrawals in
2000 were taken from the FAO AQUASTAT data base3 and Gleick et al. (2009), which
were multiplied with water use intensities to account for economic and technological
development. Available gridded global population maps per decade (Klein Goldewijk
and van Drecht, 2006) were used to downscale the yearly country population data
(FAOSTAT) to produce gridded population maps for each year.
11.2.4 Routing and Surface Water Retention
The simulated local direct runoff, interflow, and baseflow (see Appendix A) were
routed along the river network based on the Simulated Topological Networks (STN30;
Vörösmarty et al., 2000a). The routing is based on the characteristic distances, where
volumes of water are transported over a distance, Rcd , along the drainage network.
Rcd is given by:
bz 2/3 G0.5
(11.8)
×
Rcd =
b + 2z
n
where b and z are the channel width and channel depth respectively [m], G is the
gradient derived from the elevation and the drainage network, and n is the Manning’s
roughness coefficient.
Reservoirs are located on the drainage or river network based on the newly available and extensive Global Reservoir and Dams Dataset (GRanD) (Lehner et al., 2011)
that contains 6,862 reservoirs with a total storage capacity of 6,197 km3 . The reservoirs were placed over the river network based on the years of their construction. If
more than one reservoir fell into the same grid cell, we aggregated the storage capacities and modeled a single reservoir. In case no reported value was available, reservoir
surface area [m2 ], A, was calculated using the storage volume (V ) – reservoir depth
(h) relationship (Campos, 2010):
V (h) = αh3

(11.9)

dV (h)
= 3αh2
(11.10)
dh
where α is the reservoir specific shape factor [dimensionless], computed from the
reported dam height and the reported storage capacity or Smax .
A (h) =

3

http://www.fao.org/nr/water/aquastat/main/index.stm/
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Similar to Hanasaki et al. (2006), reservoir release was simulated to satisfy local
and downstream water demands that could be reached within ∼600km (∼a week with
an average discharge velocity of 1 m s−1 ) or a next downstream reservoir if present.
In case of no water demand, the reservoir release, Rr [m3 day−1 ], was simulated as a
function of minimum, Smin (set to ∼10% of storage capacity), maximum, Smax (set
to ∼100% of storage capacity), and actual reservoir storage [all in m3 ], Sr , and mean
average inflow, Iavg [m3 day−1 ]:
Rr =

Sr − Smin
× Iavg
Smax − Smin

Sr,t = max (Smax , Sr,t−1 + I + Plocal − Rr − EWr )

(11.11)
(11.12)

where I is the inflow to the reservoir, Plocal is the local precipitation over the reservoir
surface, and EW r is the open water evaporation from the reservoir surface, assumed
to occur at a rate of potential evapotranspiration [all in m3 ]. Reservoir spills occur
when the reservoir storage exceeds the maximum reservoir storage.
11.2.5 Water Allocation and Return Flow
Water demands for irrigation, livestock, industry, and households can be met from
three water resources; 1) desalination, 2) groundwater, and/or 3) surface water.
Around the globe, more than 10,000 desalination plants in 120 countries are in operation (World Water Assessment Programme (WWAP), 2003). Although energy and
economic costs to process sea water to produce purified water is still much higher
than conventional water supply measures such as groundwater pumping, the amount
of desalinated water use has been rising since the 1990s. Desalinated water use is generally limited to coastal areas and provides a stable amount of water supply over arid
regions such as the Middle East and North Africa, where over 70% of the global desalination capacity is installed and people receive ∼1% of the global runoff. We used
available country statistics of desalination water withdrawal for the period 1960-2010
from two data sources. The country statistics were primarily obtained from the FAO
AQUASTAT database, but were supplemented by the WRI EarthTrends4 (World Resources Institute (WRI), 1998) where applicable (global total ≈ 15 km3 yr−1 ). The
data are given in 5-year intervals and we linearly interpolated these to estimate annual values. We then spatially downscaled the country values onto a global coastal
ribbon of ∼40km based on the gridded population intensities considering the fact that
desalinated water is used in coastal areas (Wada et al., 2011a), and assumed constant
withdrawals of desalination over the year.
Allocation of surface water and groundwater to satisfy the remaining water demand (after subtracting desalinated water withdrawal) depends on available surface
water including local and upstream reservoirs and readily extractable groundwater reserves. Since the absolute amount of available groundwater resources is not known at
the global scale, we used the simulated daily (accumulated) baseflow, Qbase [m3 day−1 ],
4
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against the long-term average river discharge, Qavg [m3 day−1 ], as a proxy to infer the
readily available amount of groundwater reserves, WAgw [m3 day−1 ].
W Agw =

Qbase
× W Dtot
Qavg

(11.13)

WAgw was then extracted daily from groundwater storage, S3 [m3 day−1 ], to meet
part of the water demand (Equation 11.13), WD tot [m3 day−1 ]. To avoid no local
groundwater withdrawal over arid regions with negligible local baseflow, we inclined
to use accumulated baseflow over a catchment, which allows regions with no local
baseflow to extract local groundwater resources. The remaining water demand was
then withdrawn from the simulated surface water. However, in case reservoirs are
present at local or upstream grid cells over the river network, we first allocated surface water rather than groundwater (WAgw ) to meet the water demand, and the
remaining water demand was met from available groundwater storage or S3 . In case
of lack of accumulated baseflow due to extremely dry conditions, surface water availability is also expected to be very small. The unmet water demand is then imposed
on (nonrenewable) groundwater (e.g., groundwater withdrawal in excess of available
groundwater storage or S3 ). The available water is allocated proportionally to the
amount of sectoral water demands. No priority is given to a specific sector, but a
competition of water use among the sectors likely occurs over many water scarce
regions, particularly for surface water resources.
Return flow from water that is withdrawn for the industrial and domestic sectors
is assumed to occur to the river system on the same day (no retention due to waste
water treatment) from the areas where urban and rural population have access to
water (UNEP5 ) at the recycling ratios developed per country. The country-specific
water recycling was calculated according to the method developed by Wada et al.
(2011a) who interpolated recycling ratios on the basis of GDP and the level of economic development, i.e. high income (80%), middle income (65%), and low income
economies (40%). The ratio was kept at 80% if a country reached the high income
economy, and the ratio of 40% was assigned to countries with no GDP data. For
the irrigation sector, return flow occurs to the soil layers as infiltration and to the
groundwater layer as additional recharge (see Section 11.2.2). No return flow to the
soil or river system occurs from the livestock sector. For completeness, we note that
consumptive water use is equal to water withdrawal minus return flow.

11.3

Model Simulation

To simulate global water use, i.e. water withdrawal and consumptive water use, we
obtained daily climate drivers (e.g., precipitation and mean air temperature) over the
period 1979-2010. We retrieved the data from the ERA-Interim reanalysis, where the
precipitation was corrected with GPCP precipitation (GPCP: Global Precipitation
5

http://www.unep.org/
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Climatology Project6 ) (Dee et al., 2011). To account for climate uncertainty, we also
retrieved the data from the MERRA reanalysis product7 . Over the same period,
we calculated reference evapotranspiration based on the Penman-Monteith equation
according to FAO guidelines for a hypothetical grass surface with a specified height
of 0.12 m, an albedo of 0.23, and a surface resistance of 70 sec m−1 (Allen et al., 1998)
with relevant climate fields (e.g., cloud cover, vapor pressure, wind speed) retrieved
from the ERA-Interim and MERRA datasets. For compatibility with our overall
analysis, we bias-corrected these datasets (precipitation, reference evapotranspiration,
and temperature) by scaling the long-term monthly means of these fields to those of
the CRU TS 2.1 data set (Mitchell and Jones, 2005) over the overlapping period
(1979-2001), wherever at least two CRU stations are present. Otherwise the original
ERA-Interim and MERRA data were returned by default.

11.4

Results

To evaluate our modeling approach, we first compared our simulated water use to
available reported national and sub-national statistics. Since simulated river discharge, total water withdrawal and total consumptive water use have been extensively validated in earlier work (Van Beek et al., 2011; Wada et al., 2011a, 2012a),
we, here, focus on validating simulated water withdrawal per source (surface water
and groundwater), to assess our water allocation scheme. Reported statistics on consumptive water use per water source rarely exists even at a national or sub-national
level. After the validation, we provide a regional overview of water withdrawal and
consumptive water use trends over the period 1979-2010. A limited validation exercise is also provided to assess the impact of human-induced change on simulated river
discharge per river basin. We then compare our simulated terrestrial water storage
(TWS) anomalies with those of the GRACE observations over the period 2003-2010
to assess the impacts of human water use and associated reservoir operations on TWS
over the selected catchments.
11.4.1 Accuracy of Simulated Irrigation Water Requirement
Figure 11.2 compares our simulated IWR with reported country statistics obtained
from the FAO AQUASTAT database. IWR was simulated with the CRU TS2.1, ERAInterim and MERRA climate respectively. Table 11.2 shows the correlation between
the simulated IWR and reported statistics per country, and Table 11.3 shows the
reported and simulated IWR for major irrigated countries of the world. The results
show generally good agreement with R2 (the coefficient of determination) above 0.95
(p-value <0.001). Our estimates are also comparable to those of previous studies as
shown in Table 11.2. With the CRU TS2.1 climate, our model tends to overestimate
the IWR particularly in India, the USA, China, Pakistan, and Mexico. With the
ERA-Interim and MERRA climate, we slightly overestimate IWR, but the magnitude
6
7
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is less compared to that of the CRU TS2.1 climate. With the ERA-Interim climate,
IWR is generally overestimated over South and East Asia, e.g. India, Pakistan, China,
Japan, and is underestimated over Europe, Africa, and South America, e.g. Spain,
France, Germany, Egypt, South Africa, Brazil, Argentina. With the MERRA climate,
the overestimation is less obvious due to the wetter climate compared to the CRU
TS2.1 and ERA-Interim climate, and our simulated IWR is rather underestimated
over many regions, e.g. Europe, Africa, Asia except East Asia, North America. When
we use the average of the two or the three simulated IWRs, the correlation generally
improves and the deviation between the simulated and reported values decreases. We
thus used the average of the simulated results with the ERA-Interim and MERRA
climate for the following analysis.
Table 11.2 Correlation of simulated IWR to reported statistics per country for the year
2000 (N = 212). IWR was simulated with the CRU TS2.1 (C), ERA-Interim (E), and
MERRA (M) climate, respectively. Average indicates the mean of the two or three results. Reported statistics were obtained from the FAO AQUASTAT data base (Globe:
2434 km3 yr−1 ). R2 and α denote the coefficient of determination and the slope of regression line respectively. R2 was derived from the comparisons between normal values. The
value with the CRU TS2.1 climate is provided for a reference and is not included in our
overall analysis. The values of irrigation water consumption (IWC) is also provided under
each climate.

IWC
IWR
3
−1
[km yr ] [km3 yr−1 ]
CRU TS2.1 (C)
ERA-Interim (E)
MERRA (M)
Average (C, E, M)
Average (E, M)

1179
1120
994
1098
1057

2885
2614
2217
2572
2416

R2

α

0.96
0.96
0.95
0.98
0.98

0.88
0.92
0.95
0.94
0.96

11.4.2 Accuracy of Simulated Surface Water and Groundwater Withdrawal
Figure 11.3 and Table 11.4 show the comparison of our simulated water withdrawal
per water source (surface water and groundwater), to reported country and state
values for the year 2005 over the globe and for Europe, the USA, and Mexico. The
comparison shows good agreement for both surface water and groundwater withdrawal over the Globe (R2 ≥ 0.96, p-value <0.001). However, our model tends to
overestimate surface water withdrawal over South, Central, and East Asia (≈+30%),
and tends to underestimate it over Southeast Asia and Africa (≈-20%). Simulated
groundwater withdrawal shows good agreement with reported value over most of the
regions of the world except Africa where the deviation is rather large (≈±30%). Over
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Figure 11.2 Comparison of simulated IWR to reported statistics [km3 yr−1 ] per country
for the year 2000 (N = 212). IWR was simulated with the CRU TS2.1, ERA-Interim and
MERRA climate respectively. Reported statistics was obtained from the FAO AQUASTAT
database (http://www.fao.org/nr/water/aquastat/main/index.stm/). The dashed line
represents the 1:1 slope. Simulated IWR with the CRU TS2.1 is provided for a reference
and is not included in our overall analysis.
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Table 11.3 Comparison of simulated IWR to reported statistics [km3 yr−1 ] for major irrigated countries of the world for the year 2000 (N = 212). IWR was simulated with the
CRU TS2.1 (C), ERA-Interim (E) and MERRA (M) climate respectively. Reported statistics was obtained from the FAO AQUASTAT database (http://www.fao.org/nr/water/
aquastat/main/index.stm). Simulated IWR with the CRU TS2.1 climate is provided for
a reference and is not included in our overall analysis.

Country

Reported
[km3 yr−1 ]

CRU
TS2.1
(C)

ERAInterim
(E)

MERRA
(M)

Average
(C,E,M)

Average
(E,M)

India
China
Pakistan
USA
Indonesia
Iran
Bangladesh
Egypt
Mexico
Uzbekistan
Iraq
Kazakhstan
Turkmenistan
Spain
South Africa

558.4
426.9
162.7
136.5
92.8
83.8
76.4
59
56.1
54.4
52
28.6
24.1
23.7
7.9

612.7
551.7
208.4
261.8
51.3
66.7
36.1
56.9
84.3
67.1
37.5
26.6
19.5
23.8
11.2

649.1
554.1
238.5
120.9
107.8
59.1
53.6
33.2
26.0
51.1
41.0
16.1
25.8
11.0
4.7

528.2
519.4
196.8
112.6
95.7
42.4
57.4
40.0
18.9
42.7
28.1
14.6
15.7
15.2
6.6

596.7
541.7
214.6
165.1
84.9
56.1
49.0
43.4
43.1
53.6
35.5
19.1
20.3
16.7
7.5

588.7
536.8
217.7
116.8
101.8
50.8
55.5
36.6
22.5
46.9
34.6
15.4
20.8
13.1
5.7

Globe

2434.1

2885.4

2614.0

2217.2

2572.2

2415.6

Europe, the comparison shows reasonable agreement for surface water withdrawal and
groundwater use with R2 above 0.93 (p-value <0.001). However, our simulated surface water withdrawal is generally overestimated with α (the slope of regression line)
being 0.85. Conversely, our simulated groundwater withdrawal is underestimated
(α = 1.08). The overestimation of surface water withdrawal and the underestimation
of groundwater withdrawal is large for the U.K., and Central and Eastern Europe
(>±20%) respectively. Over the conterminous USA and Mexico, the correlation is
lower (R2 <0.9, p-value <0.001) compared to that over the Global average and Europe, although regional variations of surface water and groundwater withdrawal are
captured reasonably well. Our model generally overestimates both surface water and
groundwater withdrawal for Central and Eastern USA, whereas the deviation between
the simulated and reported water use is smaller over Western USA. For Mexico, the
comparison shows a contrasted trend compared to that of Europe in which surface
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water withdrawal is underestimated, but groundwater withdrawal is overestimated
over North and South Mexico.
In Figure 11.4 we compare simulated and reported trends of groundwater withdrawal per country over the period 1980-2005 in 5-year intervals when the reported
statistics are available (the statistical data is not available before 1980). The comparison for 19 countries indicates that our approach is able to capture the decadal
trends of groundwater withdrawal (R2 >0.95, p-value <0.001). The simulated trends
of groundwater withdrawal match reasonably well with the observed trends not only
for major groundwater users including the USA, China, and Mexico, but also for
other countries including Poland Greece, Spain, and Slovakia. However, the discrepancy between reported and observed trends tends to be larger for developed countries
where groundwater withdrawal may be regulated at a national or state level, that is
not accounted for in our model. These countries include France, the UK, Austria, the
Netherlands, Belgium, and Finland. This suggests a limitation of our global application in which the partitioning between surface water and groundwater withdrawal
represented by our approach needs further consideration or adjustment for developed
countries.
Table 11.4 Correlation between simulated and reported water withdrawals per source
(TWW: total water withdrawal, SWW: surface water withdrawal, GWW: groundwater
withdrawal) for the year 2005 over the Globe per country (N = 100), Europe per country
(N = 34), the U.S.A per state (N = 50), and Mexico per state (N = 32) in log-log plots. R2
and α denote the coefficient of determination and the slope of regression line respectively.
R2 was derived from the comparisons between normal values.

R2

α

TWW
SWW
GWW

0.99
0.96
0.98

0.96
0.86
0.96

Europe

TWW
SWW
GWW

0.96
0.95
0.93

0.92
0.85
1.08

USA

TWW
SWW
GWW

0.86
0.85
0.86

0.92
0.82
0.84

Mexico

TWW
SWW
GWW

0.88
0.82
0.80

0.90
1.08
0.80

Globe

266

11.4.3

Regional Trends of Surface Water and Groundwater Withdrawal and
Consumption
In Figure 11.5 and 11.6 we provide a regional overview of desalination water, surface water and groundwater withdrawal and consumption over the period 1979-2010.
Global water withdrawal and consumptive water use respectively increased from
∼2000 km3 yr−1 and ∼1000 km3 yr−1 in 1979 to ∼3300 km3 yr−1 and ∼1500 km3 yr−1
in 2010. This increase is primarily driven by increase in the agricultural sector (mostly
irrigation), accounting for as much as ∼80% of the total. Most of industrial and domestic water that is withdrawn from surface water and groundwater returns to river
systems (40-80%). Surface water and groundwater withdrawal increased respectively
from ∼1350 km3 yr−1 and ∼650 km3 yr−1 in 1979 to ∼2100 km3 yr−1 and ∼1200
km3 yr−1 in 2010. During the period 1979-1990, groundwater withdrawal increased
by ∼1% per year, while surface water use rose by ∼2% per year. However, during
the recent period 1990-2010, the rate of groundwater withdrawal increased to ∼3%
per year, while that of surface water use decreased to ∼1%. This is likely due to the
fact that surface water has been extensively exploited in response to the consistent
increase of global water demands, while the construction of new (large) reservoirs
has been decreasing since the 1990s (Chao et al., 2008). The results suggest that
the net increase in the demand has been mostly supplemented by groundwater withdrawal. These trends can also be seen from the global change in consumptive water
use during the period 1979-2010. Siebert et al. (2010), Kummu et al. (2010), and
Wada et al. (2012a) also report an increasing dependency of consumptive water use
on groundwater resources in recent decades.
The regional trends of surface water and groundwater withdrawal and consumption exhibit very different trajectories over the period 1979-2010. Over Europe,
groundwater withdrawal and consumption accounts for ∼30% of the total and has
not increased substantially over the past decades. However, over North and Central
America, groundwater withdrawal and consumption account for ∼60% and ∼70% of
the total, and have increased by more than 40% over the last 30 years. Over West
Asia, groundwater withdrawal has tripled and accounts close to ∼70% of the total.
Desalination water withdrawal accounts for 5% of the total and is rapidly increasing
over the region. Over North and Central America, and Asia, irrigation is the dominant water use sector and is predominantly relying on groundwater resources (∼70%).
Over South and East Asia, surface water and groundwater withdrawal nearly doubled from ∼600 km3 yr−1 and ∼360 km3 yr−1 in 1979 to ∼1100 km3 yr−1 and ∼600
km3 yr−1 in 2010, respectively. Total surface water and groundwater withdrawal over
these regions accounts for more than half of the global surface water and groundwater withdrawal respectively. Over the other regions, e.g. Southeastern Asia and
South America, surface water withdrawal exceeds ∼80% of the total except Northern
Africa where groundwater withdrawal is substantial (>30%). These trends are also
visible from the development of consumptive use of surface water and groundwater
(Figure 11.6).
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Figure 11.3 Comparison of simulated total water withdrawals and water withdrawals per
water source (surface water and groundwater) to reported values [km3 yr−1 ] for the year
2005 over (a) the Globe per country (N = 100), (b) Europe per country (N = 34),
(c) the U.S.A per state (N = 50), and (d) Mexico per state (N = 32) in log-log
plots. Simulated water use at 0.5◦ was spatially aggregated to country and state. Simulated value indicates the mean of the simulation with the ERA-Interim and MERRA
climate. Error bars show standard deviation (σ) among the simulation with the ERAInterim and MERRA climate. The dashed lines represent the 1:1 line. The reported
water withdrawal per source was obtained from the FAO AQUASTAT database for the
Globe, from the Eurostat database (http://epp.eurostat.ec.europa.eu/portal/page/
portal/environment/data/database/) for Europe, from the U. S. Geological Survey (Water Use in the United States; http://water.usgs.gov/watuse/) for the USA, and from
the CONAGUA (Statistics on Water in Mexico; http://www.conagua.gob.mx/english07/
publications/Statistics_Water_Mexico_2008.pdf/) for Mexico.
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Figure 11.4 Comparison of simulated and reported trends of groundwater withdrawal per
country over the period 1980-2005 (N = 19). The comparison is given in 5-year interval
according to the reported values including missing values for some years. Countries are
identified with their ISO country codes: (a) the USA (USA) and China (CHN); (b) Mexico
(MEX); (c) France (FRA), the UK (GBR), Poland (POL), Greece (GRC), and Spain (ESP);
(d) Austria (AUT), Belgium (BEL), the Czech Republic (CZE), Finland (FIN), Israel (ISL),
Luxemburg (LUX), Namibia (NAM), the Netherlands (NLD), Puerto Rico (PRI), Slovakia
(SVK), and Sweden (SWE). Reported groundwater withdrawal was obtained from the FAO
AQUASTAT database. Simulated value indicates the mean of the simulation with the
ERA-Interim and MERRA climate. Error bars show standard deviation (σ) among the
simulation with the ERA-Interim and MERRA climate. The dashed line represents the 1:1
slope.
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Figure 11.5 Regional trends of water withdrawal per source (desalination water, surface water, and groundwater) over the period
1979-2010. The results were obtained from the mean of the simulation with the ERA-Interim and MERRA climate. The global figure
is shown at the left corner.
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Figure 11.6 Regional trends of consumptive water use per source (desalination water, surface water, and groundwater) over the period
1979-2010. The results were obtained from the mean of the simulation with the ERA-Interim and MERRA climate. The global figure
is shown at the left corner.
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11.4.4

The Impact of Human-Induced Change on River Discharge and
Terrestrial Water Storage Change
Table 11.5 compares simulated river discharge under the pristine conditions (natural
climate variability only) and under the human-induced change (human water use and
reservoir operations) with observed river discharge taken from the selected GRDC
stations8 . For the comparisons, we selected major basins of the world that cover a wide
range in climate and human impacts including reservoir regulation. Human-induced
change is clearly observable for the rivers crossing major irrigated areas of the world
with the number of existing reservoirs including the Nile, the Orange, the Murray,
the Mekong, the Ganges, the Indus, the Yangtze, the Huang He, the Mississippi,
the Columbia, and the Volga. For the other river basins, the human impact is less
obvious, but still noticeable such as the Orinoco, the Parana, the Brahmaputra, the
Danube, the Rhine, the Dnieper, the Danube, and the Elbe. For the Amazon, the
Congo, the Niger, the Zambezi, the Mckenzie, and the Lena, the river discharge is
hardly affected because of small reservoir capacity and lower human water use. For
those river basins where human impacts are large, the performance of the simulated
river discharge under the pristine conditions tends to be lower compared to that of
the simulated river discharge under the human-induced change, except the Huang
He where our overall model performance is low. Overall, the correlation between the
simulated and the observed river discharge is high for most of the river basins, while
the Nash-Sutcliffe model efficiency coefficient is high for some river basins but low
for several basins including the Nile, the Niger, and the Orange where the number of
observation records are limited.
Figure 11.7 compares the simulated monthly terrestrial water storage (TWS)
anomalies with those of the GRACE observations (Liu and Yang, 2010) for a number
of major river basins over the period 2003-2010. The selection of the basins is rather
arbitrary, but is based on the fact that they are heavily affected by human activities,
which enables to quantify the impact of human water use and reservoir operations
on terrestrial water resources (e.g., surface water and groundwater). Simulated TWS
was calculated from the sum of simulated snow, surface water, soil water, and groundwater storage. The TWS anomalies were computed over the overlapping period of
2003-2010 with the GRACE data. Here, we compared two simulation runs: one for
pristine conditions (no human water use and no reservoirs) or natural climate variability only, and the other including human-induced change such as human water use
(water withdrawal and consumptive water use) from surface water and groundwater
storage, and reservoir operations. The comparison shows that human activities have
a noticeable impact on regional TWS signal and alter the seasonal and inter-annual
TWS change. Over the Colorado and the Columbia basin, the seasonal TWS amplitude slightly decreased, which is explained by a combined effect of human water
use and reservoir operations. The peak TWS signals are reduced due to human water extraction from surface and groundwater storage, while reservoirs release more
water during the low flow period to satisfy the water demands downstream. The re8
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Table 11.5 Comparison of simulated to observed river discharge for selected major basins
of the world. Simulated river discharge was derived under the pristine conditions (P; natural
climate variability only) and under the human-induced change (H; human water use and
reservoir operations). The results were obtained from the mean of the simulation with
the ERA-Interim and MERRA climate. The observed river discharge was taken from the
selected GRDC stations (http://www.bafg.de/GRDC/) closest to outlets based on available
records (1979-2010) for each basin. R2 , α, and NSC denote the coefficient of determination,
the slope (x-coordinate: simulated discharge; y-coordinate: observed discharge), and the
Nash-Sutcliffe model efficiency coefficient (Nash and Sutcliffe, 1970).

R2

River basin
P
Amazon
Orinoco
Parana
Congo
Nile
Blue Nile
White Nile
Niger
Orange
Zambezi
Murray
Mekong
Brahmaputra
Ganges
Indus
Yangtze
Huang He
Mississippi
Columbia
Mckenzie
Lena
Volga
Dnieper
Danube
Rhine
Elbe

0.98
0.96
0.92
0.94
0.82
0.80
0.88
0.62
0.68
0.84
0.76
0.97
0.95
0.97
0.78
0.96
0.88
0.95
0.92
0.91
0.82
0.82
0.82
0.96
0.97
0.88

Monthly statistics
α
NSC
H
P
H
P
H

0.98
0.98
0.96
0.94
0.86
0.81
0.90
0.62
0.70
0.84
0.78
0.98
0.96
0.98
0.86
0.99
0.82
0.98
0.96
0.92
0.82
0.86
0.80
0.98
0.98
0.89

1.05
0.97
0.72
0.82
0.25
0.64
0.34
0.48
0.58
0.52
0.58
1.12
1.18
1.05
0.88
1.14
0.86
0.92
0.92
1.28
1.14
0.92
0.80
0.84
0.96
0.72

1.05
0.98
0.78
0.82
0.32
0.68
0.38
0.48
0.64
0.52
0.62
1.06
1.16
1.02
0.92
1.08
0.78
1.06
1.02
1.27
1.15
1.04
0.84
0.92
0.98
0.76

0.52
0.78
0.12
-0.11
<-10
0.02
<-10
-5.81
-2.64
0.10
0.01
0.82
0.72
0.92
0.20
0.78
0.32
0.78
0.54
0.41
0.68
0.65
0.25
0.58
0.88
0.18

0.52
0.80
0.28
-0.11
<-10
0.06
<-10
-5.81
-1.82
0.10
0.05
0.88
0.74
0.94
0.48
0.84
0.20
0.82
0.62
0.42
0.69
0.70
0.18
0.64
0.90
0.24

R2
P
0.99
0.99
0.98
0.99
0.98
0.98
0.98
0.97
0.80
0.96
0.88
0.99
0.99
0.99
0.96
0.99
0.96
1.01
0.98
1.00
1.00
0.98
0.97
0.99
1.00
0.98

Annual statistics
α
NSC
H
P
H
P
H

0.99
0.99
0.99
0.99
0.99
0.98
0.98
0.97
0.86
0.96
0.92
1.00
1.00
0.99
0.98
1.00
0.99
1.00
0.99
1.02
1.00
1.00
0.99
1.00
1.00
1.00

1.02
0.99
0.78
0.86
0.28
0.70
0.46
0.52
0.64
0.66
0.64
1.08
1.12
1.04
0.90
1.08
0.88
0.95
0.96
1.12
0.99
0.94
0.84
0.88
0.98
0.80

1.02
0.99
0.86
0.86
0.36
0.72
0.48
0.52
0.76
0.66
0.72
1.02
1.10
1.01
0.96
1.02
0.86
1.01
1.01
1.11
1.00
1.02
0.90
0.96
1.01
0.88

0.28
0.68
0.08
-0.62
<-10
-2.82
<-10
<-10
-4.21
-0.52
-3.84
0.40
0.38
0.72
-0.88
0.72
-0.52
0.80
0.28
0.18
0.78
0.68
-0.86
0.40
0.86
-0.21

0.28
0.74
0.10
-0.62
<-10
-2.21
<-10
<-10
-3.86
-0.52
-2.86
0.52
0.41
0.84
0.12
0.80
-1.82
0.88
0.52
0.20
0.80
0.72
-1.24
0.46
0.90
-0.02
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sults indicate the large impact of human water use and regulation over these basins.
Wang et al. (2011) also reported a large mass redistribution due to the presence of
the Three Gorges Reservoir in the Yangtze basin. Including human-induced change
subsequently improves R2 (between the simulated and observed TWS) from 0.75 to
0.80 (p-value <0.001) for the Columbia, but not for the Colorado where R2 does
not change substantially (∼0.65, p-value <0.001). Over the Mississippi and the Nile
basin, human water use, primarily for irrigation purpose, decreases the peak TWS
signals, which coincides with the crop growing season. Human water use extracts a
large amount of water from groundwater and surface water storage, most of which
evapotranspires over irrigated areas. This is less obvious for the Nile basin where
negative groundwater storage change is compensated by return flow from substantial surface water irrigation. Döll et al. (2012) also describe similar trends of TWS
changes over these basins. The correlation (R2 ) slightly improves from 0.73 to 0.76
(p-value <0.001) for the Mississippi basin and from 0.74 to 0.76 (p-value <0.001) for
the Nile basin when incorporating human water use. The impact of human water
use is obvious over the Indus basin where irrigation water use exceeds more than
90% of the total and people extract a vast amount of water from surface water and
groundwater storage during the crop growing season over the intense irrigated areas.
Observed seasonal TWS change exhibits very different inter-annual trends over the
years, which are captured reasonably well by our model. Major reservoirs are mostly
located in upstream regions of the basin and release water during the crop growing
season in Spring and Summer.
Over the Ganges basin, contrary to the other basins, human water use increases
the seasonal amplitude of TWS change. This is due to the fact that the low flow
periods coincide with the growing season of irrigated crops (Spring) which require
large amounts of water. Irrigation water use thus decreases both surface water and
groundwater storage during the low flow season. This improves R2 from 0.85 to
0.90 (p-value <0.001) for the Ganges basin. The impact of reservoir operations is
less obvious over the Ganges. Over the Syr Darya and the Euphrates basin, similar
to most of the basins, human water use decreases the seasonal amplitude of TWS
change, but does not substantially improve the correlation between the simulated
and observed TWS.
11.4.5

The Sensitivity of Water Allocation Scheme in Simulated
Groundwater and Surface Water Withdrawal
To evaluate our water allocation algorithm, we performed a sensitivity analysis for
simulated groundwater and surface water withdrawal using three different scenarios.
We recomputed the amount of groundwater and surface water withdrawal under each
scenario which specifies different water-use behaviour in groundwater and surface water resources including reservoirs. We calculated this amount at a spatial resolution
of 0.5 degree under each scenario, but the result of global figure is presented in Figure 11.8. Scenario 1 corresponds to our water allocation algorithm (Equation 11.13).
To briefly describe our algorithm, the fraction of daily accumulated baseflow to the
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Figure 11.7 Comparison of simulated monthly terrestrial water storage (TWS) anomalies
with those of the GRACE observations [m] for selected major basins over the period 20032010. The results were obtained from the mean of the simulation with the ERA-Interim
and MERRA climate. Black solid line, blue dashed line, and red dashed line indicate
the GRACE observation, pristine condition (natural climate variability only), and humaninduced change (water use and reservoir operations), respectively. Monthly GRACE terrestrial water storage anomaly data were obtained from the DEOS Mass Transport release
1/1b (DMT-1) model (Liu and Yang, 2010).
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Figure 11.8 Sensitivity of water allocation scheme in simulated global (a) groundwater and
(b) surface water withdrawals [km3 yr−1 ] over the period 1979-2010 based on three scenarios.
Scenario 1 corresponds to the water allocation algorithm of this study (Equation 11.13).
Under Scenario 2, water demand is first met from the groundwater storage (S3 ) and the
remaining water demand is withdrawn from surface water (including reservoirs). Under
Scenario 3, water demand is first met from surface water and the remaining water demand
is withdrawn from the groundwater storage. The results were obtained from the mean of
the simulation with the ERA-Interim and MERRA climate.

long-term average discharge was used to estimate the amount of water demand that is
met from the groundwater storage (S3 ). The remaining water demand was then withdrawn from surface water availability including reservoirs. However, in case reservoirs
are present at local or upstream grid cells over the river network, we first allocated
surface water rather than groundwater to meet the water demand, and the remaining water demand was met from groundwater storage. Unmet water demand is then
imposed on (nonrenewable) groundwater. Under Scenario 2, water demand is first
met from the groundwater storage (regardless of the presence of local or upstream
reservoirs) and the remaining water demand is withdrawn from surface water availability. Under Scenario 3, water demand is first met from surface water availability
and the remaining water demand is withdrawn from the groundwater storage. In
both scenario, unmet water demand is imposed on (nonrenewable) groundwater, that
is added to groundwater withdrawal.
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The results show a clear difference in global trends of groundwater and surface
water withdrawal. Under Scenario 2, the volume of groundwater withdrawal is more
than 40% larger than that simulated by our allocation algorithm (Scenario 1), while
under Scenario 3, it is 16% lower compared to the global groundwater withdrawal
computed in our algorithm (Figure 11.8a). The large difference in simulated groundwater withdrawals under these scenarios is also reflected in the difference in simulated surface water withdrawals (Figure 11.8b). Note that most withdrawals occur
over major irrigated regions that locate semi-arid or arid regions where surface water availability is limited. Therefore, under all scenarios increase in surface water
withdrawals is slowing down, but groundwater withdrawals are consistently increasing to supplement the unmet demand. Although the volume of the withdrawal is
different for each scenario, this trend is clearly observable during the last decade. In
terms of model performance, groundwater and surface water withdrawals are likely
much overestimated and underestimated respectively under Scenario 2, while under
Scenario 3 groundwater and surface water withdrawals are likely underestimated and
overestimated respectively, although the deviation may be small compared to our
water allocation scheme (Scenario 1) under this scenario.

11.5

Discussion and Conclusions

In this study, we coupled a global water demand model to a global hydrological model,
and dynamically simulated daily water use, i.e. water withdrawal and consumptive
water use, considering water allocation from surface water and groundwater resources.
We implemented a new irrigation scheme, which interacts with the daily surface
and soil water balance, and included a newly available extensive reservoir data set.
To simulate global water use, we used the newly available two climate reanalysis
datasets (ERA-Interim and MERRA) over the period 1979-2010. The simulation
period extended beyond most previous global analyses and the results provided new
insights of the trends in global surface water and groundwater use over the recent
decades.
To evaluate simulated water withdrawals, we compared our results with available reported statistics. Comparison of simulated IWR to reported statistics showed
good agreement for most of the countries of the world. Although our model tends
to overestimate IWR over some regions (e.g., Asia), the deviation is not substantial.
Compared to the ERA-Interim climate, the MERRA produces lower IWR due to the
wetter climate over many regions, e.g. Europe, Africa, North America. The results
showed substantial variability over country IWR depending on a climate input used.
As a result, we opted to use the average of the two simulated results for the subsequent
analyses. Simulated water withdrawals per source (surface water and groundwater)
were compared to reported statistics per country, and showed good agreement with
R 2 above 0.93 (p-value <0.001). However, simulated surface water withdrawal was
overestimated over Asia, and Central and Eastern Europe. Contrarily, groundwater
withdrawal was underestimated over the same regions. To evaluate the spatial vari277

ability within a country, we then compared our estimates to reported subnational
statistics. Results for the USA and Mexico showed that regional variations of surface water and groundwater withdrawal were captured reasonably well, although the
correlation was lower compared to that for the country comparison. Comparison of
simulated trends of groundwater withdrawal to reported trends also showed generally
good agreement, but reported statistics were limited for only ∼20 countries of the
world. Our simulated global groundwater withdrawal of ∼1000 km3 yr−1 for 2000
lies among the middle when comparing to previous global estimates varying between
∼600 km3 yr−1 and ∼1700 km3 yr−1 (Table 11.6). The large range is explained primarily by the use of different global hydrological models resulting in different runoff
and water demand estimates that were used to calculate global groundwater abstraction (model based estimates). Validation of simulated consumptive water use (per
source) remains difficult due to a lack of reliable information in many regions of the
world. A recent study by Anderson et al. (2012) combined remotely-sensed precipitation and satellite observations of evapotranspiration and groundwater depletion to
estimate surface water consumption by irrigated agriculture in California’s Central
Valley. This approach may be promising and opens up new ways to measure surface
water consumption, particularly over data poor regions.
A global and regional overview of water use showed a solid increase of surface
water and groundwater use over the period 1979-2010. Global water withdrawal
increased by more than ∼60% from ∼2000 km3 yr−1 in 1979 to ∼3300 km3 yr−1 in
2010. Agricultural, mostly irrigation, sector accounts for as much as 80% of the
total. Surface water and groundwater withdrawal increased respectively from ∼1350
km3 yr−1 and ∼650 km3 yr−1 in 1979 to ∼2100 km3 yr−1 and ∼1200 km3 yr−1 in 2010,
respectively. Although the decadal increase of water withdrawal decreased from ∼20%
during the 1990s to ∼14% during the 2000s, water withdrawal has been consistently
increasing over most of the regions of the world, e.g. Asia, Central America, primarily
due to growing population and their water and food demand over the period 19792010. Our results also suggest that during the recent period 1990-2010 people have
increasingly relied on groundwater, as surface water has been extensively exploited
during the past periods. While readily accessible groundwater is an obvious choice to
fill the gap between the increasing demand and limited surface water availability, this
increasing dependence on groundwater likely worsens groundwater depletion already
reported in various regions, e.g. Northwest India, Northeast Pakistan, Northeast
China, the western and Central USA, Mexico, and Northern Iran (Konikow and
Kendy, 2005; Rodell et al., 2009; Wada et al., 2010; Konikow, 2011; Famiglietti et al.,
2011).
In our model, the allocation of surface water and groundwater resources to meet
the demands is affected by the amount of simulated daily baseflow that is imposed
over the long-term average discharge except for areas where local or upstream reservoirs are present. Water allocation is thus affected by the number of factors. For
example, baseflow stems from the groundwater storage that is fed by daily groundwater recharge subject to seasonal and inter-annual climate variability. The number
of upstream reservoirs affect the groundwater withdrawal downstream since surface
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water is allocated first to meet the demands in case reservoirs are present upstream.
Moreover, groundwater withdrawal reduces the local groundwater storage and the
associated baseflow, which in turn change the amount of groundwater withdrawal
downstream due to the change in baseflow amount. Surface water withdrawal upstream also affects water availability downstream. These impacts of human water
use and reservoirs are accumulated along the river network and become substantial
over heavily affected basins (e.g., the Indus, the Colorado, and the Mississippi). Note
that the temporal increase in simulated groundwater withdrawal is driven strongly
by the increase in total water demand and the variability in surface water availability
including reservoirs over the period 1979-2010.
The analysis of simulated TWS anomalies revealed that human water use and
associated reservoir operation alter the seasonal and inter-annual variability of TWS
change. The alteration is particularly large over heavily regulated basins, e.g. the
Colorado and Columbia basin, and over basins with major irrigated regions, e.g. the
Mississippi, Indus, and Ganges basin. Including human water use generally improves
the correlation of simulated TWS anomalies with those of the GRACE observations
over basins (e.g., the Columbia, the Mississippi, and the Ganges).
To account for the climate uncertainty, we used two independent climate datasets:
ERA-Interim and MERRA, however, model uncertainty can be large since model
outputs can vary substantially among different global hydrological models (GHMs)
with different model structure (Gosling et al., 2010, 2011; Haddeland et al., 2011).
Nevertheless, our simulated water use show good agreement with reported statistics
for most countries of the world. Moreover, our simulated TWS anomalies also show
reasonable agreement with observed TWS data, but the comparison is limited to the
selected major basins of the world where human impacts are substantial.
Our integrated modeling framework is capable of simulating human water use
more realistically by including newly developed approaches. Our irrigation scheme is
based on the surface and soil moisture deficit for paddy and non-paddy fields respectively, and considers the feedback between daily irrigation and associated changes in
surface and soil moisture condition. This, in turn, influences the amount of daily
evapotranspiration on the same day and the soil moisture in following days over irrigated areas. Compared to earlier work (Wada et al., 2012a,b), the calculation of
return flow from irrigation is more realistic considering the soil water balance and associated percolation losses underlying irrigated areas, which substantially contributes
to groundwater recharge. Including the fine temporal dynamics of irrigation water
requirement is critical as it concerns the daily water withdrawal to satisfy the demand, that affects the amount of water available downstream through river network.
The model also calculates the other daily sectoral water demands including livestock,
industry, and households, and considers the seasonal pattern of the demands, while
most of other GHMs calculate these demands on an annual basis. Our improved
approach also include a water allocation scheme that distinguishes surface water and
groundwater withdrawals dynamically at a daily temporal resolution.
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Table 11.6

Global estimates of groundwater abstraction.

[km3 yr−1 ]

Total/Nonrenewable
Groundwater
Year
1
abstraction

Withdrawal/
Consumption

Runoff/
Recharge

Sources

Data based estimates
Postel (1999)
IGRAC-GGIS

-/∼200
∼750/-

Contemporary
2000

-

-

Literature and country statistics
Literature and country statistics
FAO AQUASTAT, Llamas et al.
(1992)

Shah et al. (2000)

750-800/-

Contemporary

-

-

Zektser and Everett
(2004)

600-700/-

Contemporary

-

-

Country statistics

39,294/-

Simulated by WBM (0.5◦ )

Model based estimates
Vörösmarty et al.
-/389Irr. -830T ot.
(2005)
Rost et al. (2008)
-/730
Döll (2009)
1100/Wisser et al. (2010)
1708/1199
Hanasaki et al. (2010)
-/703

Avg. 1995-2000

3557T ot. /1206Irr.

Simulated by LPJmL (0.5◦ )
IGRAC-GGIS and WaterGAP (0.5◦ )
Simulated by WBMplus (0.5◦ )
Simulated by H08 (1.0◦ )
15,038 national/sub-national statistics
Siebert et al. (2010)
545/2000
-/1277
39,549/12,600
(irrigation)
IGRAC-GGIS and PCR-GLOBWB
Wada et al. (2010) 734(±82)/283(±40) 2000
-/36,200/15,200
(0.5◦ )
Pokhrel et al. (2012a) -/455(±42)
2000
2462(±130)/1021(±55)
-/Simulated by MATSIRO (1.0◦ )
Döll et al. (2012)
∼1500/Avg. 1998-2002
4300/1400
-/IGRAC-GGIS and WaterGAP (0.5◦ )

1

Avg. 1971-2000 2534-2566/1353-1375
2000
4020/1300
Contemporary
2997/Avg. 1985-1999
-/1690

36,921/38,800/37,401/41,820/-

Some model based studies also include the estimate of nonlocal water abstraction (e.g., water supplied from cross-basin water
diversions).

Water is withdrawn and consumed from groundwater and available river discharge
including the effect of reservoir operations that are parameterized using a newly
available extensive global reservoir data set. Groundwater withdrawal also affects
the amount of baseflow that is calculated with the available groundwater storage
with the reservoir coefficient (see Appendix A), which in turn change the amount
of groundwater withdrawal downstream. These series of anthropogenic impacts on
surface water and groundwater resources are reflected on the terrestrial water storage
change, which was well captured in our analysis using the GRACE observation. Thus,
our new modeling framework enables one to comprehensively assess human-induced
change in global water systems and to track those changes over time. The sensitivity
analysis to assess our water allocation scheme showed that our scheme is preferred to
simulate water use behaviour compared to the other scenarios that prioritise either
groundwater or surface water withdrawal first to meet the water demand.
However, there are certain limitations and major assumptions, that should be sufficiently addressed. First, allocation of surface water and groundwater to satisfy the
sectoral water demands is currently simulated in a simplistic way using the faction
of daily accumulated baseflow to the long-term average discharge and the number of
available local and upstream reservoirs. Simulated (accumulated) baseflow is used to
infer the readily extractable groundwater reserves. This assumption may be realistic in semi-arid and arid regions where people largely rely on groundwater resources
to satisfy the demands (e.g., Northern India, Pakistan, Northern China, Iran, and
Mexico). However, there are likely discrepancies over regions where people predominantly rely on surface water resources despite the presence of the readily accessible
groundwater reserves over shallow groundwater tables (e.g., humid regions). In addition, groundwater pumping is regulated in many developed countries (e.g., Japan,
the Netherlands, Germany), that is not accounted for in our model. Moreover, a
realistic representation of the groundwater table considering lateral flow (Fan et al.,
2013) is not incorporated, but it may substantially affect the simulation of groundwater storage and associated baseflow. Such process is important over aquifers with
high transmissivity. Second, long-distance and cross-basin water diversions (e.g.,
aqueducts) provide additional surface water availability, that may substantially contribute to supply irrigation water requirement over regions such as the Indo-Gangetic
plains, the California’s Central Valley, the Colorado River where extensive diversion
works are present. Some information is available, e.g. the Periyar Project (maximum capacity: 40 m3 s−1 ) and the Kurnool Cudappah Canal (maximum capacity: 85
m3 s−1 ) in India, and the Irtysh-Karaganda Canal (maximum capacity: 75 m3 s−1 in
Central Asia (World Bank9 , UNDP10 ). However, artificial diversion networks and the
actual amount of water transferred are difficult to be parameterized, and are not represented in our modeling framework due to limited data available worldwide. Third,
we assumed that return flow from the industrial and domestic sectors to the river
system occurs on the same day as water is withdrawn, but retention likely occurs due
9
10

http://www.worldbank.org/
http://www.undp.org/
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to waste water treatment, particularly in developed countries. Finally, although we
used the recycling ratios developed on the basis of country GDP, the amount of water
recycling to calculate consumptive water use is difficult to verify due to the lack of
(sub-)national statistics over many regions of the world.
This study builds upon previous modeling efforts and contributes to improve a
current modeling framework that quantifies the impact of anthropogenic impacts on
global water resources. Despite its limitations, our modeling framework advances
an important step beyond earlier work by attempting to account more realistically
for the behavior of human water use and associated impacts on the terrestrial water
system. It can be also used to assess future increase in water use per source due
to population growth and economic development that will pose a serious threat to
regions currently under substantial water scarcity and groundwater depletion, and to
identify regions of looming water scarcity under future climate or under envisaged
socio-economic developments.
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Multimodel projections and
uncertainties of irrigation water
demand under climate change

Based on: Wada, Y., Wisser, D., Eisner, S., Flöke, M., Gerten, D.,
Haddeland, I., Hanasaki, N., Masaki, Y., Portmann, P. T., Stacke, T.,
Tessler, Z., Schewe, J. (2013) Multimodel projections and uncertainties of irrigation water demand under climate change, Geophysical Research Letters 40, L50686,
doi:10.1002/grl.50686.
Abstract
Crop irrigation is responsible for 70% of humanity’s water demand. Since the late 1990s, the
expansion of irrigated areas has been tapering off, and this trend is expected to continue in
the future. Future irrigation water demand (IWD) is, however, subject to large uncertainties
due to anticipated climate change. Here, we use a set of seven global hydrological models
(GHMs) to quantify the impact of projected global climate change on IWD on currently
irrigated areas by the end of this century, and to assess the resulting uncertainties arising
from both the GHMs and climate projections. The resulting ensemble projections generally
show an increasing trend in future IWD, but the increase varies substantially depending
on the degree of global warming and associated regional precipitation changes. Under the
highest greenhouse gas emission scenario (RCP 8.5), IWD will considerably increase during
the summer in the Northern Hemisphere (>20% by 2100) and the present peak IWD is
projected to shift one month or more over regions where ≥80% of the global irrigated areas
exist and 4 billion people currently live. Uncertainties arising from GHMs and global climate
models (GCMs) are large, with GHM uncertainty dominating throughout the century and
with GCM uncertainty substantially increasing from the mid-century, indicating the choice
of GHM outweighing by far the uncertainty arising from the choice of GCM and associated
emission scenario.

12.1

Introduction

The irrigation sector uses by far the largest amount of water among all sectors and
is responsible for 70% of the global water demand (∼water withdrawals), sustaining
40% of the global food production (Abdullah, 2006). For some countries, such as
India, Pakistan, Iran, and Mexico, where irrigation sustains much of food production
and the livelihood of millions of people, irrigation water demand (IWD) even exceeds
90% of the total water demand (Fischer et al., 2007) Globally, the area equipped for
irrigation, grew six-fold from 0.5 million km2 to 3.0 million km2 , nearly the size of
India, between 1900 and 2005 (Freydank and Siebert, 2008). This expansion occurred
rapidly at a rate of nearly 5% per year during the period 1950s-1980s, but it has
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slowed down since the late 1990s when the growth rate decreased to <1% per year.
For the coming decades, the global area of irrigated land is not expected to expand
dramatically due to limited land and water available (Faurés et al., 2002; Turral et al.,
2011).
Future IWD is subject to large uncertainties due to anticipated climate change, i.e.
increasing temperature and changing precipitation variability, in most regions of the
world. Several global studies have quantified the impact of climate change on future
IWD (Fischer et al., 2007; Döll and Siebert, 2002; Pfister et al., 2011; Konzmann
et al., 2013) (see Table G.1 in Appendix G), but their results indicate substantial
variations of IWD among different global hydrological models (GHMs) and among
different climate projections (GCMs) used to force GHMs. Due to the large GHMand GCM-specific uncertainty, Gosling et al. (2011) and Haddeland et al. (2011)
suggest a multimodel and multiclimate forcing approach to assess climate change
impacts. Several studies have shown that the ensemble mean or median is often closer
to the observations compared to simulation by individual models, suggesting that
multimodel assessments are imperative (Dirmeyer et al., 2006; Guo et al., 2007). No
study has yet used a multi-GHM and multi-GCM approach to analyze IWD globally
and to assess the respective uncertainties. Furthermore, little is known about climate
change impacts on possible future change of seasonal IWD.

12.2

Models, Data, and Methods

An ensemble of seven state-of-the-art GHMs: H08 (Hanasaki et al., 2008a,b), LPJmL
(Rost et al., 2008; Konzmann et al., 2013), MPI-HM (Hagemann and Gates, 2003;
Stacke and Hagemann, 2012), PCR-GLOBWB (Wada et al., 2011a,b), VIC (Liang
et al., 1994; Haddeland et al., 2006), WaterGAP (Döll and Siebert, 2002; Portmann
et al., 2013), WBMplus (Wisser et al., 2008, 2010) was used to quantify globally
the impact of climate change on annual and seasonal IWD by the end of this century. We examined the poorly understood uncertainty of future IWD arising from
GHMs, the multiclimate change projections, and the underlying emission scenarios
(here accounted for by using four Representative Concentration Pathways or RCPs;
see Appendix G). The newly available CMIP5 climate projections were obtained
through the Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP). The
main characteristics of the GHMs, the irrigation inputs and outputs, the CMIP5
climate projections, and the RCPs are given in Table G.2, G.3, G.4, and G.5, respectively. Note that we account only for climate impacts without analyzing socioeconomic scenarios of increased demand for food and, thus, IWD. All simulations are
forced by the areas currently equipped for irrigation. The crop-related data including
the type of crops and crop calendar is assumed to remain constant except for H08
and LPJmL which simulate crop calendar according to daily weather patterns during
the simulation period. Changes in projected IWD therefore reflect GCM and scenario
projected changes in climate variables (Table G.2).
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IWD equals the amount of water that needs to be supplied to ensure optimal crop
growth considering the losses during water transport and application. In brief, the
GHMs simulate IWD per unit crop area based on surface water balance (e.g.,surface
water layer for paddy rice) and soil water balance (e.g., soil moisture deficit in the
root zone calculated from the difference between the water content at field capacity and the water content at wilting point) or depending on the difference between
potential evapotranspiration and actual crop evapotranspiration (soil moisture availability) during the crop growing season at a daily time step and a spatial resolution
of 0.5 degree grid (∼50km by ∼50km at the equator). Water is assumed to be available to fully meet the demand. H08 and LPJmL simulate crop calendar, growing
season length, and crop factor based on climate forcing, whereas the other models
prescribe these features using data obtained from various sources (e.g., Portmann
et al., 2010; Siebert and Döll, 2010). The losses during water transport and irrigation application are included in the calculation of IWD, but the parameterization
of these losses differs among the GHMs. H08, LPJmL, WaterGAP, and WBMplus
use irrigation or project efficiency taken from available country statistics (Döll and
Siebert, 2002; Rohwer et al., 2007; Rost et al., 2008), whereas PCR-GLOBWB calculates daily evaporative and percolation losses per unit crop area based on surface and
soil water balance (Wada et al., 2013b). Irrigation efficiency typically ranges from 0.3
to 0.8 depending on a type of irrigation (e.g., drip, sprinkler, surface irrigation) and
associated conveyance efficiency. Irrigation water consumption (IWC) equals the net
amount of irrigation water (without losses) applied during the crop growing season.
H08, LPJmL, WaterGAP, and WBMplus divide this amount by irrigation efficiency
to calculate IWD, whereas for PCR-GLOBWB, IWC equals the amount of IWD that
is actually consumed by irrigated crops, susceptible to the amount of soil moisture.
MPI-HM and VIC calculate only IWC.
The GCM climate forcing was bias-corrected on a grid-by-grid basis (0.5 degree
grid) by scaling the long-term monthly means of the GCM daily fields to those of
the observation-based WATCH climate forcing for the overlapping reference climate
1960-1999 (Hempel et al., 2013) (see Appendix G). Potential evapotranspiration
was calculated with the bias-corrected GCM climate forcing, but the method (e.g.,
temperature and radiation) differs among the GHMs (Table G.2). The resulting biascorrected transient daily climate fields were used to force the seven GHMs to simulate
IWD and IWC over the period 1971-2099 with a spin-up, reflecting a climate representative prior to the start of the simulation period. Note that IWD was simulated by
5 GHMs (H08, LPJmL, PCR-GLOBWB, WaterGAP, WBMplus), whereas IWC was
simulated by all GHMs. As a result, 25 (5 GHMs by 5 GCMs) and 35 (7 GHMs by
5 GCMs) ensemble projections were produced for IWD and IWC respectively under
each RCP scenario. The result of each GHM is treated equally and no weight is given
to a particular GHM based on the performance. To evaluate the model performance,
a comparison of ensemble mean of simulated present IWD to reported statistics per
country is given in Figure G.1 in Appendix G.
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Figure 12.1 Relative change [%] of IWD by the end of this century (2080s), compared to the present (2000s). The results of the
ensemble mean for each RCP (25 ensemble members: 5 GHMs and 5 GCMs) are provided.
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12.3

Results

12.3.1 Projected Changes in IWD
Figure 12.1 shows the relative change of projected IWD by the end of century (2080s:
mean of 2069-2099), compared to the present (2000s: mean of 1980-2010). Under
RCP 2.6, IWD (ensemble mean) on average decreases over South Asia including the
Indus and the Ganges, Eastern Europe, Southeastern USA, and parts of the Middle
East and Africa by 2080s, but increases slightly over other regions of the world (<5%).
Under RCP 4.5, IWD increases (>10%) on most irrigated areas except a few regions
including South Asia and parts of Eastern Europe and Africa where IWD slightly
decreases (<5%). For RCP 6.0, the increase in IWD is substantial (>20%) for China,
Europe, and Southern Africa, and becomes even larger for RCP 8.5, under which
scenario it exceeds 25% in many heavily irrigated regions in the USA, Europe, many
parts of Asia, and Africa. The increase is also obvious from long-term temporal
signals of ensemble IWD projections (Figure G.2). Global IWD (ensemble of all
RCPs) increases by ∼10% by mid-century (2050s: mean of 2035-2065), and by ∼14%
by the 2080s (Table G.6). Projected global IWD exhibits the largest increase under
RCP 8.5 and it increases by ∼12% by the 2050s and by ∼21% by the 2080s. Under
RCP 2.6, global IWD increases by ∼9% by the 2050s, but afterwards the increase
subsides by the 2080s. Among major irrigated countries, IWD (ensemble of all RCPs)
for India and Pakistan barely increases by the 2050s, but increases by ∼5% by the
2080s. For China, IWD shows the strongest signal and consistently increases by the
2080s (∼20%). For the USA, the increase in IWD follows the global signal. For
China and the USA, the ensemble mean of RCP 8.5 projections tends to diverge
from other scenarios from the 2050s, whereas for India and Pakistan the ensemble
RCP projections follow a similar trend among one another with a large inter-annual
variability.
12.3.2 The Impact of Projected Changes in Temperature and Precipitation
To investigate the impact of projected changes in temperature and precipitation on
IWD, in Figure 12.2 we plotted for each ensemble RCP the relative change of IWD
from the present at different levels of mean global warming (◦ C) and to relative change
of mean annual precipitation amounts [%] (see Table G.7 for calculated statistics). In
order to reflect regional variability, the degree of warming and the amount of precipitation change were calculated for individual countries. To relate the corresponding
warming over each country to global warming, a warming relative to 1980-2010 average is also plotted for each country. Results show a quasi-linear trend between
increasing global IWD and global warming. Correlation between global IWD and
global warming increases when warming is higher. Increasing global temperatures
generally enhance evaporative demand, leading to higher crop evapotranspiration.
Importantly, the impact of warming outweighs the effect of increasing precipitation.
Conversely, for India and Pakistan, increasing temperatures do not always lead to rising IWD. Increasing precipitation in the monsoon climate correlates with decreasing
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IWD, wherever such an increase is projected, mostly overcompensating any temperature effect. In fact, relative increase in precipitation amount is projected to be larger
over these countries compared to other major irrigated countries, outweighing the impact of warming (Figure 12.1). However, above 4◦ C warming (RCP 8.5) IWD tends to
increase with rising temperature, cancelling out the effect of increasing precipitation.
For China and the USA, IWD increases with rising temperature, and no meaningful
relationship between IWD and the amount of changing precipitation is found. This
may be explained by the substantial climatic range, i.e. arid to humid climate, within
these countries.
To highlight the impact of the highest greenhouse gas emission scenario on the
seasonal pattern of global and regional IWD, Figure 12.3 shows ensemble means of
monthly IWD and IWC under RCP 8.5 scenario projection for the UNEP GEO subregions1 . Due to pronounced warming and associated precipitation changes, IWD
and IWC increases over most of the regions including North and Central America,
Europe, and Asia. The increase is considerable during the summer from May to
September in the Northern Hemisphere (>20%), but the increase is uneven due to
region-specific rise in temperature and associated change in precipitation amounts
(Figure 12.2). Importantly, the peak IWD and IWC are projected to shift by approximately a month later over Eastern Asia (June to July), Arabian Peninsula (May
to July), and Northern Africa (May to June), whereas these peaks occur about one
month earlier over Central America (April to March) and Central Asia (July to June).
The former trend is also obvious for the global signal (June to July). Over South
Asia where regional IWD exceeds a quarter of the global total, both IWD and IWC
slightly decrease during April to June, but increase in the other seasons. This shifts
the peak IWD from March to October (due to multicropping). These results indicate
regional averages, but a large variability is observed for shift in peak IWD and IWC
within each region (Figure G.3). Compared to the regional averages, opposite signals
of shift in the peak IWD and IWC are obvious over Northern and Southern China,
Pakistan, and Mexico.
12.3.3 Fractional Uncertainty of GHMs, GCMs, and RCPs
The above results reveal ensemble averages. However, the uncertainties arising from
the GHMs and GCMs are substantial over many regions (Figure G.4). The range of
maximum and minimum of ensemble IWD projections indicates a large spread among
the GHMs and the spread increases towards 2100 (Figure G.2). Figure G.5 shows the
model-specific response in global IWD and IWC at different levels of global warming.
A distinct decreasing trend is projected by LPJmL, a model that considers CO2
fertilization effects on crop photosynthesis and transpiration, while the other GHMs
project a consistent increase in both IWD and IWC (similar to LPJmL without CO2
fertilization effect).
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Figure 12.2 Relative change [%] of IWD (ensemble mean of each RCP) as a function of
warming [◦ C; left column] and relative change of annual precipitation amounts [%; middle
column] over (a) the global land and the major irrigated countries: (b) India, (c) Pakistan,
(d) China, and (e) the USA. Global warming and warming over each country [◦ C; right
column] are also provided. Changes were calculated relative to the 1980-2010 average for
each year from 2005 to 2100. The degree of warming and the amount of precipitation
were calculated over the global land and for each country respectively. R and p denote the
correlation coefficient and p-value (significance) respectively. The dashed lines represent
the warming targets of each RCP.
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Figure 12.3 Seasonal IWD (solid line) and IWC (dashed line) for the 2000s (black line) and the 2080s (red line) respectively under
RCP 8.5 [km3 month−1 ]. Ensemble mean was calculated for each region over 18 out of 23 regions (5 regions were omitted due to
non-irrigated croplands) defined by the UNEP GEO sub-regions. Global figure is shown at the left corner.

The spread among GHMs responding to different degree of global warming is large,
suggesting that a large fraction of the spread of ensemble projections is attributed
to the differences among the GHMs rather than among the GCMs. Figure 12.4 indicates the fractional (relative) uncertainty arising from the GHMs, GCMs, and RCPs
over the period 2005-2099 relative to the period 1971-2005. The uncertainty from the
different GHMs dominates the uncertainty in the global IWD projections throughout
the century. The uncertainty of the climate (GCMs) and the scenario (RCPs) projections enlarges towards 2100, due to an increasing variability in precipitation and
temperature projections among different RCPs and GCMs. The GHM uncertainty
decreases relative to the other uncertainties, but in absolute sense it remains mostly
constant over time since the basic model parameters are fixed at the present. The proportion of each fractional uncertainty varies considerably over the different countries.
For instance, the RCP uncertainty is higher for China due to a larger variability in
climate projections (e.g., precipitation) arising from different emission scenarios from
different GCMs. Note that the climatic bias-correction may have affected the results
of the GCM and RCP uncertainty, by reducing inter-GCM and RCP variability (see
Appendix G).
12.3.4 Discussion and Conclusions
Our multimodel and multiclimate projections indicate that climate change alone will
have substantial impacts on future IWD. Under the highest greenhouse gas emission
scenario (RCP 8.5), future IWD increases considerably (>20% by 2100) from May to
September over North and Central America, and most of Asia where more than 80%
of the global irrigated areas exist and 4 billion people currently live. Over South,
Central, and Eastern Asia, the Arabian Peninsula, Northern Africa, and Central
America, peak IWD is projected to shift by one month or more, triggering a shift in
global seasonal IWD signal. The most likely reason for this shift comes from seasonspecific changes in temperature and precipitation patterns, which affect seasonal crop
calendars simulated by H08 and LPJmL. The other GHMs prescribe a present crop
calendar, such that a change in peak IWD is driven solely by projected change in climate patterns. Irrespective of the underlying mechanism, both approaches indicate
that climate change not only increases IWD, but also shifts its seasonality. Although
our results provide potential demands that are constrained by neither surface freshwater availability nor fossil groundwater abstraction, the net increase and the shift
in peak IWD likely has an adverse effect over those irrigated regions where freshwater resources are presently under considerable stress during the summer and major
crop growing season (May-September) (Gerten et al., 2007). This casts significant
doubt on the sustainability of regional food production by 2100 (Foley et al., 2011).
However, our modeling approach does not fully reflect regional irrigation practice in
which farmers may adapt to changing weather patterns in order to reduce the peak
demands, which results in different cropping calendars (e.g., different sowing times
and crop growing seasons and length).
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Figure 12.4 Fraction of total variance [%] in ensemble IWD projection (2005-2100) arising
from three distinct sources (see Appendix G): GHMs (hydrological models), GCMs (climate
models), and RCPs (emission scenarios) (Hawkins and Sutton, 2009) over (a) the globe and
for (b) India, (c) Pakistan, (d) China, and (e) the USA.

Managing IWD facilitates adaptive responses to cope with limited water availability. Sustainable water and land management practices have a potential to improve
irrigation efficiency, which will in turn lower the substantial amount of water needed
for irrigation. Technological improvements also have the potential to reduce water
demands in many rapidly developing countries where water is scarce. Such socioeconomic and technological changes are not considered in this study but may play an
important role in constraining future IWD. Conversely, with growing world popula292

tion and altering lifestyles and dietary habits, food consumption is likely to grow as
well, such that our estimates of future IWD – projected to change solely in response
to climate (and CO2 ) change over areas presently equipped for irrigation – are likely
to be a minimal change of what can be expected in the future (cf., Fischer et al.,
2007; Pfister et al., 2011). Moreover, as shown by the LPJmL model, increasing atmospheric CO2 concentration may have a strong beneficial effect on crop growth and
crop transpiration (Figure G.5). The increase in atmospheric CO2 concentration improves the water use efficiency of irrigated crops: a higher CO2 concentration reduces
transpiration at the leaf level (physiological effect), while the consequent increase
in primary production leads to higher transpiration at the regional scale (structural
CO2 effect) (Betts et al., 1997; Leipprand and Gerten, 2006). Field and laboratory
studies show the positive beneficial CO2 effect (lower crop transpiration), but only
to the extent that other factors – in particular nutrient supply – are not limiting
crop growth (Konzmann et al., 2013). However, it remains disputed whether the
CO2 -induced lower crop transpiration due to improved water use efficiency may be
cancelled out by higher crop transpiration as a result of simultaneously increased
biomass. Thus, the CO2 effect on regional and global IWD remains uncertain. Although the uncertainty in ensemble IWD projections remains large, climate change
alone likely increases IWD in many regions of the world. Such increase will bring a
further challenge for local farmers to cope with finite water resources for food production. However, the magnitude of the increase largely relies on the degree of global
warming and associated precipitation patterns.

Acknowledgements
We thank three anonymous reviewers for their constructive comments, which substantially improved the manuscript. This work has been conducted under the framework of ISI-MIP funded by the German Federal Ministry of Education and Research
(BMBF) (Project funding reference number: 01LS1201A). The authors acknowledge
the World Climate Research Programme’s Working Group on Coupled Modelling responsible for CMIP and the climate modeling groups (Table G.4) for their model
outputs. For CMIP the U.S. Department of Energy’s Program for Climate Model Diagnosis and Intercomparison provided coordinating support and led development of
software infrastructure in partnership with the Global Organization for Earth System
Science Portals. Y.W. was supported by Research Focus Earth and Sustainability of
Utrecht University (Project FM0906: Global Assessment of Water Resources). N.H.
and Y.M. were supported by the Environment Research and Technology Development
Fund (S-10) of the Ministry of the Environment, Japan.

293

13

Comprehensive assessment of
global water resources with new
stress and sustainability
indicators

Based on: Wada, Y., Bierkens, M. F. P. (2013) Comprehensive assessment of
global water resources with new stress and sustainability indicators, Environmental
Research Letters, pending with revisions.
Abstract
Overuse of surface water and an increasing reliance on nonrenewable groundwater resources
have been reported over various regions of the world, casting significant doubt on the sustainable water supply and food production met by irrigation. To assess the overuse of
global water resources, numerous indicators have been developed, but they rarely consider
nonrenewable water use and associated impacts on the environment. In addition, soil moisture (green water) stress is rarely assessed in the context of human water needs. Here, we
perform a comprehensive assessment of global water resources over the historical period
1960-2010, using two newly developed indicators: the Green Water Stress Index (GrWSI )
and the Blue Water Sustainability Index (BlWSI ). The GrWSI uses the ratio of actual
to potential evapotranspiration compared to that of the long-term average and the BlWSI
incorporates both nonrenewable groundwater use and nonsustainable water use that compromises environmental flow requirements. The results showed that the GrWSI is capable
of reproducing varying degrees of green water stress conditions, reflecting a multi-decadal
climate variability. The BlWSI showed an increasing trend of water consumed from nonsustainable surface water and groundwater resources (∼30%) worldwide. The global amount
of nonsustainable water consumption has been increasing especially since the late 1990s,
despite a wetter signal indicated by a recent study as well as our GrWSI. These indicators
are the first tool suitable for consistently evaluating the renewability and degradation of
surface water and groundwater resources as a result of human water over-abstraction.
Key words: Soil water; Evapotranspiration; Surface water; Groundwater; Human water
use; Stress; Sustainability; Environmental flow

13.1

Introduction

The sustainable use of global water resources is a key issue to economic development
and food production. However, in recent years various studies report overuse of
surface water and groundwater resources worldwide (Falkenmark, 1989; Postel et al.,
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1996; Gleick, 2003, 2010; Oki and Kanae, 2006; Döll et al., 2009; Rodell et al., 2009;
Kummu et al., 2010; MacDonald, 2010; Vörösmarty et al., 2010; Wada et al., 2010;
Famiglietti et al., 2011; Konikow, 2011; Wisser et al., 2010; Gleeson et al., 2012;
Pokhrel et al., 2012a,b; Voss et al., 2013). Notable examples include the shrunk Aral
sea (Pala, 2006, 2011), the Colorado and the Yellow river heavily regulated by human
water use (Gleick, 2003), and dwindling groundwater resources over intense irrigated
regions such as the Ogallala aquifer (Scanlon et al., 2012a), the California’s Central
Valley (Famiglietti et al., 2011), the North China Plain (Cao et al., 2013), northwest
India and northeast Pakistan (Rodell et al., 2009; Tiwari et al., 2009), and the TigrisEuphrates (Voss et al., 2013). Recent studies (Konikow, 2011; Döll et al., 2012; Wada
et al., 2012a) suggest an increasing reliance of human water use on nonrenewable
groundwater resources worldwide, casting significant doubt on the sustainability of
regional water supply and associated food production met by irrigation.
To assess the overuse of global water resources, numerous indicators have been
developed. One of the most commonly used indicators is the Falkenmark Water
Stress Indicator (Falkenmark, 1989; Falkenmark et al., 1997). This indicator defines
water stress based on the per capita annual renewable freshwater resources (blue
water). Annual renewable freshwater resources of 1,700 m3 yr−1 per capita is taken
as the threshold below which water scarcity occurs in different levels of severity,
and that of 1,000 m3 yr−1 per capita generally indicates a limitation to economic
development. Later, Vörösmarty et al. (2000b), Oki et al. (2001), and Alcamo et al.
(2003b) compared blue water demands to blue water availability to expresses how
much of the available water is taken up by the demand. The ratio of 0.4 corresponds
to annual renewable freshwater resources of 1,700 m3 yr−1 per capita. Extreme water
stress is considered to occur at a ratio above 0.8, corresponding to annual renewable
freshwater resources below 500 m3 yr−1 per capita. Meigh et al. (1999) developed the
Water Availability Index (WAI), taking the temporal variability of water availability
into account. The index compares the monthly blue water availability to the monthly
blue water demands of all sectors [(water availability – demands)/(water availability
+ demands)]. The index is normalised to the range –1 to +1, with the month being
maximum deficit or minimum surplus taken as decisive.
Despite their global acceptance, these indicators have same major shortcomings.
First, the indicators consider only the renewable surface and groundwater resources,
and pay little attention to nonrenewable groundwater use that is often prevalent in
(semi-)arid regions. Second, these indicators do not consider environmental flow requirements. In many regions, streamflow, in particular baseflow, provides a reliable
source of water to the environment, supplying water to aquatic and terrestrial ecosystems including vegetation (e.g., forest) particularly during a low flow period (e.g.,
drought). Yet, assessing water resources considering nonrenewable groundwater use
and environmental flow requirements is critical for developing sustainable water management as policy goal and management plans, especially where and to what extent
to focus limited management resources. Third, soil moisture (green water) stress is
rarely assessed in the context of human water needs, while soil moisture is the major
source of global food production (∼80%) (Falkenmark et al., 2009; Hoff et al., 2010;
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Siebert and Döll, 2010). The expansion of irrigated areas has been slowing down in
many countries, yet the global food demand has been increasing consistently as a
result of a growing world population. This may even increase the reliance to rainfed
agriculture in near future. Moreover, the focus on blue water resources underexposes
the effects of climate variability on global food production met by rainfed agriculture.
To perform a comprehensive assessment of global water resources, we introduce
two new indicators: the Green Water Stress Index (GrWSI ) and the Blue Water
Sustainability Index (BlWSI ). The GrWSI analyses at a given time (e.g., month) the
actual evapotranspiration against the long-term average condition to detect the actual
stress condition. This indicator can be seen as a proxy to soil moisture stress triggered by the within year and multi-year climate variability. The BlWSI incorporates
both nonrenewable groundwater use and nonsustainable water use that compromises
environmental flow requirements. The indicator assesses the sustainability of human
water consumption considering the renewability and degradation of surface water and
groundwater resources as a result of human water over-abstraction. We apply these
indicators globally at a spatial resolution of 0.5 degrees (∼50km by ∼50km at the
equator), but aggregate them to meaningful spatial units of subbasin to basin scale.
With the indicators, we assess the green water stress and the sustainability of human
water consumption over the historical period 1960-2010.
In Section 13.2, the methods, model and data used are described. The results
are presented in Section 13.3, and in Section 13.4 the discussion is presented and the
conclusions are drawn.

13.2

Methods, Model, and Data

13.2.1

Definition of Green Water Stress Index (GrWSI) and Blue Water
Sustainability Index (BlWSI)
The Green Water Stress Index (GrWSI ) is calculated by looking at the ratio of actual
(Eact ) to reference (potential) evapotranspiration (Epot ) defined as:
GrW SI =

(Eact,i /Epot,i )

(Eact,i Epot,i )

(13.1)

The ratio of Eact /Epot is contrasted against the long-term average, Eact /Epot , to
identify the relative availability (i.e., stress) of soil moisture or green water. The
indicator can be applied at a grid scale (i) or aggregated over a larger spatial extent
such as basin, and calculated at various temporal units, but a finer temporal unit
such as month is preferred to comprehend seasonal variability, while annual temporal
unit may be suited to reveal multi-year anomalies.
The Blue Water Sustainability Index (BlWSI ) is calculated from consumptive blue
water use (CBWU ), nonrenewable groundwater abstraction (NRGW A ), and surface
water over-abstraction (SW OA ). CBWU is the sum of agricultural (livestock and
irrigation), industrial, and domestic water consumption. NRGW A is computed from
the difference between groundwater abstraction (GW A ), and natural groundwater
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recharge (GWR N at ) and additional recharge from irrigation return flow (GWR Irr )
over the semi-arid and arid climate zones (Wada et al., 2010). SW OA defines the
amount of environmental flow requirements or environmental streamflow (QEnv ) that
is not satisfied due to upstream and local surface water consumption (QIn – QOut ).
Environmental streamflow (QEnv ) is the quantity of surface water flow that needs to
be present to sustain environment and aquatic ecosystems, which is most important
during low flow conditions. Although environmental streamflow requirements are
best determined by the degree and nature of their dependency on streamflow, such
information is rarely observed directly, especially at the scale at which it is modeled
in this study. Therefore we equate QEnv to Q90 , i.e. the monthly streamflow that is
exceeded 90% of the time, following the study of Smakhtin (2001) and Smakhtin et al.
(2004). We calculated Q90 under the pristine or natural conditions and used this to
identify the surface over-abstraction (Qout – QEnv ) due to human water consumption.
BlWSI is thus defined as:
N
P

BlW SI =

(N RGW A,i + SW OA,i )

i=1
N
P

(13.2)
CBW U i

i=1

SW OA,i

N RGW A,i = max[0, GW A,i − (GW RN at,i + GW RIrr,i )]

(13.3)


(QOut,i ≥ QEnv )
 0
max (0, QOut,i − QEnv,i ) (QIn,i ≥ QEnv,i and QOut,i < QEvn,i )
=

max (0, QIn,i − QOut,i ) (QIn,i ≤ QEnv,i and QOut,i < QEvn,i )

(13.4)

where QIn is the inflow to a grid cell (i) and Qout is the outflow from the grid cell. For a
streamflow that passes through major irrigated regions, Qout is much lower compared
to QIn due to local irrigation water consumption (i) (Qout = QIn – CBWU ). We
perform this operation at each grid cell and also consider the impact of upstream water
consumption on downstream flow. Note that to avoid natural streamflow drought
conditions to be considered as SW OA , we replaced Q90 to QOut for QEnv whenever
and wherever applicable (e.g., regions with no human water consumption).
The BlWSI is a dimensionless unit and ranges between 0 and 1, which essentially
expresses the fraction of the consumptive blue water use that is met from nonsustainable water resources [all in volume per time such as km3 yr−1 ]. SW OA denotes rather
environmental streamflow degradation, which can be seen as a proxy for nonsustainable human (surface) water abstraction. The indicator can be applied at a grid scale
(i) such as 0.5 degree spatial resolution or it can be aggregated over a larger spatial
extent such as subbasin or basin. This can be calculated at a variety of temporal units
including month and year, but it is preferable to have a unit of multi-year average
(e.g., decades) since sustainability is rarely assessed with the short time scales. It
should be noted that this indicator addresses sustainability only in terms of water
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quantity, but does not account for water quality, e.g. water pollution that affects the
amount of readily available water over a region. Therefore, the assessment presented
here may be considered as the lower end of sustainability indicator.
13.2.2 Model simulation of green and blue water
The global hydrological and water use model PCR-GLOBWB (Wada et al., 2010;
Van Beek et al., 2011; Wada et al., 2013b) was used to simulate terrestrial water
balance (water in soil, rivers, lakes, reservoirs and wetlands) at a 0.5◦ spatial resolution for the period 1960-2010. In brief, the model simulates for each grid cell and for
each time step (daily) the water storage in two vertically stacked soil layers and an
underlying groundwater layer. At the top a canopy with certain interception storage
and a snow cover may be present. The model computes the water exchange between
these layers, and between the top layer and the atmosphere (rainfall, evaporation
and snowmelt). The third layer represents the deeper part of the soil that is exempt
from any direct influence of vegetation, and constitutes a groundwater reservoir fed
by active recharge, which is explicitly parameterized with a linear reservoir model
(Kraaijenhoff van de Leur, 1958). Sub-grid variability is considered by including separately short and tall natural vegetation, irrigated paddy and non-paddy, open water
(lakes, reservoirs, floodplains and wetlands), soil type distribution (FAO Digital Soil
Map of the World; Food and Agriculture Organization of the United Nations (FAO),
2003), and the area fraction of saturated soil calculated by the Improved ARNO
scheme (Hagemann and Gates, 2003) as well as the spatio-temporal distribution of
groundwater depth based on the groundwater storage and the surface elevations as
represented by the 1 km × 1 km Hydro1k data set1 . Natural groundwater recharge
fed by net precipitation and additional recharge fed by irrigation water are simulated
as the net flux from the lowest soil layer to the groundwater layer, i.e. deep percolation minus capillary rise at a daily time step. Note that that simulated groundwater
recharge is not reconciled to local observations and underlying geology. However,
groundwater recharge interacts with groundwater storage as it can be balanced by
capillary rise if the top of the groundwater level is within 5 m of the topographical surface (calculated as the height of the groundwater storage over the storage coefficient
on top of the streambed elevation and the sub-grid distribution of elevation). Groundwater storage is fed by groundwater recharge and drained by a reservoir coefficient
that includes information on lithology and topography (e.g., hydraulic conductivity
of the subsoil). The ensuing capillary rise is calculated as the upward moisture flux
that can be sustained when an upward gradient exists and the moisture content of
the soil is below field capacity. Also, it cannot exceed the available storage in the
underlying groundwater reservoir.
Simulated specific runoff from the two soil layers (direct runoff and interflow) and
the underlying groundwater layer (base flow) is routed along the river network based
on the Simulated Topological Networks (STN30) (Vörösmarty et al., 2000b) using the
method of characteristic distances (Wada et al., 2013b). A reservoir operation scheme
1

https://lta.cr.usgs.gov/HYDRO1K/
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is also implemented based on the newly available and extensive Global Reservoir and
Dams Dataset (GRanD) (Lehner et al., 2011), which is dynamically linked with the
routing module. Reservoir release is simulated to satisfy local and downstream water
demands (∼withdrawal). In case of no water demand, reservoir release is simulated
as a function of minimum, maximum, and actual reservoir storage. In addition,
streamflow may be reduced by upstream human water consumption from all sectors
(agriculture, industry, and households). When in a grid cell the available streamflow
is less than the water consumption, no streamflow returns. Otherwise, the streamflow
in excess of the local water consumption is accumulated along the drainage network.
The model was forced with daily fields of precipitation, reference (potential) evapotranspiration and temperature. For the period 1960-1978, precipitation and temperature were prescribed by the ERA-40 re-analysis data (Uppala et al., 2005). Over
the same time period, prescribed reference evapotranspiration was calculated based
on the Penman-Monteith equation according to the FAO guidelines (Allen et al.,
1998) with relevant climate fields (e.g., cloud cover, vapor pressure, wind speed) retrieved from the ERA-40 re-analysis data. To extend our analysis to the year 2010,
we forced the model by comparable daily climate fields taken from the ERA-Interim
re-analysis data (Dee et al., 2011). From the ERA-Interim dataset, we obtained daily
fields of temperature and GPCP-corrected precipitation (GPCP: Global Precipitation Climatology Project2 ), and calculated reference evapotranspiration by the same
method retrieving relevant climate fields. For compatibility with our overall analysis,
the ERA-40 re-analysis data was bias-corrected on a grid-by-grid basis by scaling the
long-term monthly means of the daily climate fields (precipitation, evapotranspiration
and temperature) to those of the ERA-Interim re-analysis data for the overlapping
reference climate 1979-2001. We then further bias-corrected the modified climate
dataset by scaling the long-term monthly means of the daily climate fields to those
from the CRU TS 2.1 data set (Mitchell and Jones, 2005), wherever station coverage
by the CRU is adequate for the overlapping period. Otherwise the original (modified) climate data were returned by default. For the ERA-40 re-analysis data, we
bias-corrected separately for the period 1960s and 1970s to correct the overestimation
of precipitation present over the tropics during the 1970s (Uppala et al., 2005). The
resulting bias-corrected transient daily climate fields were used to force the global
hydrological and water use model to simulate green water and blue water over the
period 1960-2010.
13.2.3 Calculation of human water use
Over the period 1960-2010, daily human water withdrawal and consumption (water
withdrawal minus return flow) from agricultural (livestock and irrigation), industrial
and domestic sectors were reconstructed over the 0.5◦ global grid using the latest
available data on socio-economic (e.g., population, Gross Domestic Product, access
to water), technological (e.g., energy and household consumption, electricity production) and agricultural (e.g., the number of livestock, irrigated areas, crop-related
2
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data, irrigation efficiency) drivers (gridded data and country statistics). The detailed
methodologies and validation are given in Wada et al. (2011a,b) and Wada et al.
(2013b). Daily desalinated water use taken from the FAO AQUASTAT database and
the WRI EarthTrends3 (global total ≈ 15 km3 yr−1 ) was downscaled onto a global
coastal ribbon of around 40 km based on gridded population intensities and subtracted from the estimated total water withdrawal and consumption as an additional
source of water supply. Gridded groundwater abstraction was estimated using country groundwater abstraction rates for 2000 that were obtained primarily from the
IGRAC GGIS data base4 , but also from the WRI EarthTrends3 , Foster and Loucks
(2006), and Shah (2005) to expand the spatial coverage. Since the availability of historical groundwater abstraction data is limited, the country groundwater abstraction
rates are assumed to change in proportion to country total water withdrawal over
the years (Wada et al., 2010). A limited validation exercise of this assumption is
given in Wada et al. (2013b) who found that the method generally produces comparable trends of groundwater abstraction to reported trends over years based on
the assessment of ∼20 countries where the data is available. The country groundwater abstraction rates were then distributed to 0.5◦ grid cells, wherever surface water
availability (water in rivers, lakes, reservoirs, and wetlands) is insufficient to meet the
total water withdrawal (water withdrawal in excess of surface water availability) as
a proxy for the locations where groundwater is abstracted to satisfy the deficits over
countries (Wada et al., 2012a). The global hydrological and water use model runs
with a daily time step, but the assessment was performed per month for this study.

13.3

Results

13.3.1 Long-term trends of Green Water Stress Index (GrWSI)
Figure 13.1 shows the evolution of calculated monthly GrWSI for selected major
basins of the world where anthropogenic influences (e.g., irrigation) are substantial
(see Figure 13.2 for calculated annual GrWSI ). The GrWSI generally ranges between
0 and 2, in which the ratio of 1 refers to the long-term average condition. A GrWSI
above 2 is possible, but it rarely occurs as it indicates an extremely wet anomaly.
For comparison, the monthly irrigation water demand anomaly is also plotted to
link the seasonal and inter-annual variability of GrWSI to human blue water use.
The GrWSI reflects multi-year climate variability, and its results show very different
trends over different basins with different climate zones. A large seasonal and interannual variability of the GrWSI (0.2–1.8) is observed over the Indus, the Colorado,
and the Syr Darya which are predominantly located in semi-arid climate zones. Lower
GrWSI (∼0.5) indicating very high green water stress is noticeable during the 1960s
and the 2000s for these basins, i.e. the ratio of actual to potential evapotranpiration
was half of the long-term average during these periods. As expected, irrigation water
demand anomalies show opposite trends to the those of GrWSI, i.e. lower GrWSI s
3
4

http://www.wri.org/project/earthtrends/
http://www.un-igrac.org/publications/104/
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yield larger irrigation water demands due to drier soil condition. For the Mississippi
and the Yangtze, the GrWSI shows much lower variability (0.8–1.2) compared to
that of the other basins. The GrWSI for the Huang He shows a large seasonal
variability, while it shows a strong inter-annual trend for the Ganges and the Nile.
The amplitude of the GrWSI variability tends to be larger over semi-arid and arid
climate zones such as the Indus, Central Asia, the Middle East, the southwestern USA,
South Africa, and Australia, while the amplitude is much lower over humid climate
zones (Figure 13.3). Comparing to nation- or continental-wide drought events, our
GrWSI reproduced very high green water stress during the two nation-wide drought
events of 1988-1989 and 2002 for the USA (the Mississippi and the Colorado) as a
result of a persistent El Niño Southern Oscillation (ENSO) with record low rainfalls
during spring and summer (Trenberth et al., 1988; Seager, 2007). Our GrWSI also
shows high green water stress over Asia (the Indus, the Ganges, the Syr Darya, the
Yantze, and the Huang He) during the continental-wide drought events of the 1960s
and 2001 primarily due to a widespread ENSO presence.
13.3.2 Trends in human water use and nonrenewable groundwater abstraction
A global map of calculated human water consumption from agricultural, industrial,
and domestic sectors for the year 2010 and the estimated historical trends of human water use are shown in Figure 13.4. For 2010, estimated global human water
consumption totals ∼2000 km3 yr−1 . Intense water use occurs over India, Pakistan,
China, the USA, Mexico, southern Europe, North Iran, and Nile delta, where more
than 90% of the global irrigated areas are present. Over the period 1960-2010, human water consumption increased more than two-fold (∼250%). All sectors exhibit
rapid increases of water consumption, but this increase is attributable to a drastic
rise in irrigation water consumption for growing food production, which almost doubled from ∼800 to ∼1400 km3 yr−1 over the past 50 years. Industrial and domestic
(households’) water consumption respectively tripled from ∼100 to 300 km3 yr−1 and
quintupled from ∼60 to ∼280 km3 yr−1 due to rapid population growth and increased
standard of living. Over the period 1960-2010, groundwater abstraction shows also a
consistent increase and nearly tripled from ∼350 km3 yr−1 to ∼1000 km3 yr−1 , while
nonrenewable groundwater abstraction more than tripled from ∼90 km3 yr−1 to ∼300
km3 yr−1 . The share of nonrenewable to total groundwater abstraction increased from
∼20% during the 1960s to ∼30% during the 2000s, indicating a growing reliance of
human water use on nonrenewable groundwater resources. Table 13.1 shows country
estimates of total and nonrenewable groundwater abstraction for major groundwater
users. Over the period 1960-2010, a drastic increase of nonrenewable groundwater
abstraction is observed for India, Iran, and Saudi Arabia (a validation of groundwater
depletion per region is given in Wada et al., 2012a). Agriculture (∼irrigation) is often
responsible for the largest part of the abstractions: India (89%), Pakistan (90%), Iran
(90%) and Saudi Arabia (90%).
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Figure 13.1 Calculated monthly Green Water Stress Indicator (GrWSI ) [dimensionless]
and monthly irrigation water demand anomalies [dimensionless] for (a) the Indus, (b) the
Ganges, (c) the Mississippi, (d) the Colorado, (e) the Nile, (f) the Syr Darya, (g) the
Yangtze, and (h) Huang He over the period 1960-2010.
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Figure 13.2 Calculated annual Green Water Stress Indicator (GrWSI ) [dimensionless] and
annual irrigation water demand anomalies [dimensionless] for (a) the Indus, (b) the Ganges,
(c) the Mississippi, (d) the Colorado, (e) the Nile, (f) the Syr Darya, (g) the Yangtze, and
(h) Huang He over the period 1960-2010.
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Figure 13.3 A global map of GrWSI amplitude [dimensionless]. The amplitude was calculated from the difference between the
10-percentile and 90-percentile of the annual GrWSI over the period 1960-2010. Regions with hyper arid climate (the ratio of actual
to potential evapotranspiration is lower than 0.03) were masked out with gray colour.

Table 13.1 Total and nonrenewable groundwater abstraction [km3 yr−1 ] over major
groundwater users for 1960 and 2010.

km3 yr−1
Country

Total (T)

Nonrenewable
N/T [%]
(N)

1960 2010 1960 2010 1960 2010

(N)/(T)
Increase [%]

(T) per sector for 2010 [%]

1960-2010 Agriculture Domestic

Industry

India

86

250

13

80

15

32

112

89.0

9.0

2.0

USA

57

125

9

23

16

18

17

62.0

20.0

18.0

China

52

110

8

28

15

25

65

74.0

12.0

14.0

Pakistan

38

80

22

46

58

58

0

90.0

8.0

2.0

Iran

34

72

18

47

53

65

23

90.0

6.0

4.0

Mexico

18

42

4

10

22

24

7

80.0

13.0

7.0

Saudi
Arabia

4

25

3

20

75

80

7

90.0

10.0

0.0

Globe

372

952

90

304

24

32

29

75.0

10.0

15.0

13.3.3 Subbasin analysis of Blue Water Sustainability Index (BlWSI)
Figure 13.5 shows maps of the long-term average BlWSI for surface water, groundwater and the two combined (total) calculated over the 50-year period (1960-2010).
BlWSI was calculated at a subbasin scale to capture the spatial variability of nonsustainable human water use that occurs within a catchment. The indicator essentially signifies the fraction of human water consumption that is nonsustainable
due to either environmental flow degradation or nonrenewable groundwater abstraction (∼groundwater depletion), or both. Highest surface water over-abstraction is
found over South, West, and Central Asia, northeastern China, Spain, and Argentina
where BlWSI (for surface water) exceeds 0.25, indicating that more than a quarter
of surface water consumption is nonsustainable or sustained at the expense of environmental flow. BlWSI (for surface water) is also high over the western and central
USA, Mexico, the Nile, and the Murray-Darling, where BlWSI corresponds to ∼0.1.
For groundwater, BlWSI is close to or exceeds 0.5 over many regions including the
Indus, Saudi Arabia, Iran, Algeria, the southwestern and Central USA, and northern Mexico. Over these regions, irrigation water consumption exceed 90% of the
total and nearly or more than half of this consumption is sustained by nonrenewable
groundwater abstraction. These hotspots are also identified by recent studies that
use satellite or ground-based observations (Rodell et al., 2009; Tiwari et al., 2009;
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Figure 13.4 (a) A global map of calculated total blue water consumption [million m3 yr−1 ]
and (b) estimated trends of total blue water withdrawal (right y-coordinate), sectoral blue
water consumption, and total and nonrenewable groundwater abstraction (left y-coordinate)
over the period 1960-2010 [km3 yr−1 ].
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Famiglietti et al., 2011; Konikow, 2011; Scanlon et al., 2012a,b; Cao et al., 2013;
Voss et al., 2013). Combining BlWSI for surface water and groundwater yields the
total blue water sustainability index (see also Figure 13.6 for decadal averages). In
particular, the Indus, northeastern China, the western and central USA, Mexico, the
Murray-Daring, and south Spain suffer from both surface and groundwater nonsustainable water use, aggravating the total BlWSI, whereas other regions tend to have
a single detrimental nonsustainable water use.
13.3.4 Global trends of BlWSI and GrWSI over 1960-2010
To investigate the global trends, Figure 13.7 plots the estimated past trajectories of
the BlWSI and GrWSI. Both indicators show inter-annual variability over the 50-year
period, but the BlWSI has been consistently increasing from 1960 to 2010. In 1960,
∼20% of the consumptive blue water use was supplied from nonsustainable water
resources, with ∼80 km3 yr−1 and ∼90 km3 yr−1 from surface water over-abstraction
and nonrenewable groundwater abstraction respectively. In 2010, the share of nonsustainabile water consumption increased by ∼50% and became ∼30% of the total
water consumption with ∼47% (∼270 km3 yr−1 ) and ∼53% (∼300 km3 yr−1 ) were
met from surface water over-abstraction and nonrenewable groundwater abstraction
respectively. The increase has been evident particularly since the late 1990s when the
share of nonsustainable water supply rose by ∼5% from ∼25% to ∼30% over merely
a decade.
The global GrWSI reflects multi-decadal climate variability, with high green water
stress during the 1960s and the 1970s and low green water stress thereafter. As a
limited validation exercise, the trend of GrWSI (the mean was recalculated over
the period 1982-2008) was compared to the global land (actual) evapotranspiration
(ET ) anomalies from Jung et al. (2010) who used a global network (FLUXNET)
of continuous in situ measurements of land–atmosphere exchanges including water
vapour to estimate global ET dynamics over the period 1982-2008. Results show
that the global signal of our GrWSI is fairly comparable to that of Jung et al. (2010)
with an increasing ET trend from 1982 to ∼2000, and a steep decrease and increase
thereafter.

13.4

Discussion and Conclusions

This study introduced the newly developed green water stress and blue water sustainability indices. The ratio of actual to potential evapotranspiration compared to
that of the long-term average was used to identify the seasonal and inter-annual variability of green water stress. The blue water sustainability index incorporates surface
water over-abstraction and nonrenewable groundwater abstraction to measure the
sustainability of consumptive blue water use over the past 50 years. The global signal
of BlWSI suggests an increasing trend of water supplied from nonsustainable water
resources (∼30%), while that of GrWSI reflects a multi-decadal climate variability
that is capable of reproducing high/low green water stress conditions.
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Figure 13.5 Global maps of calculated 50-year average (1960-2010) of Blue Water Sustainability Indicator (BlWSI ) [dimensionless] for
(a) surface water, (b) groundwater, and (c) the total at a subbasin scale. The subbasin dataset was obtained from the FAO AQUASTAT
database (http://www.fao.org/nr/water/aquastat/main/index.stm/) that used the HydroSHEDS (http://worldwildlife.org/
pages/hydrosheds/) to derive the subbasins.
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Figure 13.6 Global maps of average total Blue Water Sustainability Indicator (BlWSI )
[dimensionless] at a subbasin scale for each decade (a) 1960s, (b) 1970s, (c) 1980s,
(d) 1990s, and (e) 2000s. The subbasin dataset was obtained from the FAO AQUASTAT database (http://www.fao.org/nr/water/aquastat/main/index.stm/) that used
the HydroSHEDS (http://worldwildlife.org/pages/hydrosheds/) to derive the subbasins.
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The global amount of surface water over-abstraction and nonrenewable groundwater abstraction has been increasing especially since the late 1990s, despite a wetter
signal (higher ET ) as shown by our GrWSI and Jung et al. (2010) over the same
period. Nonsustainable water use typically occurs over (semi-)arid regions where the
amount of precipitation is limited but the evaporative demand is high. Over these
regions, groundwater pumping has been consistently increasing to meet the demand
(mostly for irrigation), resulting in an increasing dependency on depleting groundwater resources in recent years. The situation is likely to continue as groundwater
is a reliable source of water supply that can be used to meet the unmet water demands due to limited available surface freshwater. Readily accessible groundwater is
an obvious choice to fill a gap between the increasing demands and limited availability of surface freshwater. However, the dependence on nonrenewable water resources
likely increases the vulnerability of water supply as the rate of aquifer depletion is
reported at an alerting level over intense irrigated regions including the Indus, Saudi
Arabia, Iran, northeast China, the southwestern and Central USA, and northern
Mexico (Rodell et al., 2009; Tiwari et al., 2009; Famiglietti et al., 2011; Konikow,
2011; Scanlon et al., 2012a,b; Cao et al., 2013; Voss et al., 2013).
This study provides a comprehensive assessment of nonsustainable water consumption consistently across the globe based on a global hydrological and water use
model. Note that Gosling et al. (2010, 2011) and Haddeland et al. (2011) indicate a
large model-specific uncertainty using multi-model approaches. Our assessment involve three major sources of the uncertainty: human water consumption, blue water
availability, and green water fluexes. Our methodologies to reconstruct past human
water consumption follows the approach of Wada et al. (2011a,b, 2013b). The methods and outputs used in this study have been tested and extensively validated using
available country water use statistics (countries ≈ 200) in earlier work, showing good
agreement with R2 (the coefficient-of-determination) ranging from 0.91 to 0.97 and α
(slope or regression coefficient) ranging from 0.94 to 1.16. However, it should be noted
that large over- and underestimation (>30%) is also found for some countries over
South America (Uruguay, El Salvador, Jamaica, Trinidad and Tobago, and Colombia)
and Africa (Madagascar and Mali). Simulated blue water availability (water in rivers,
lakes, wetlands, and reservoirs) and green water fluxes (∼actual evapotranspiration)
have also been validated in earlier studies (Van Beek et al., 2011; Wada et al., 2012a).
Simulated mean, minimum, maximum, and seasonal flow, and monthly actual evapotranspiration were evaluated against 3600 GRDC discharge observations5 (R2 ≈ 0.9)
and the ERA-40 reanalysis data respectively and showed generally good agreement
with them. In addition, simulated monthly total terrestrial water storage and low
flow conditions (hydrological droughts) were evaluated and compared well with the
GRACE satellite observations and GRDC discharge observations respectively for most
of major catchments of the world (Wada et al., 2012a, 2013b). Yet, our assessment
does not include any artificial water diversions, e.g. aqueducts, or inter-basin water
transfer. Increasing water supply through water diversions tends to be a common
5
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response in water scarce regions with intense water use (Falkenmark and Molden,
2008). Such diversions can supply additional water to satisfy part of nonsustainable
water use. In some regions where extensive diversion works are present (e.g., India,
the USA, and China), our BlWSI assessment may be somewhat overestimated.
Nonsustainable water use is a regional problem, but has both regional and global
consequences, e.g. by depleting streamflow of transboundary (international) rivers or
due to international food trade linking various nations across the globe. Once (nonsustainable) water resources are depleted or unavailable (e.g., groundwater levels fall
too deep), irrigated crops relying on such resources will be severely impaired, which
causes the loss of income for local farmers and a global decrease of crop production
that may affect countries in another continent. To avoid such critical events, various
measures have been proposed, involving innovations in water and food technology,
water management and governance, dietary change, and economic incentives (e.g.,
environmental tax) (Gleick et al., 2010; MacDonald, 2010; Vörösmarty et al., 2010;
Foley et al., 2011; Kummu et al., 2012). Water technology includes improving water
recycling and irrigation efficiency (e.g., from sprinkler to drip irrigation) and recover
losses (e.g., capture and use return flows in combination with partial purification).
Innovations in food technology may involve the introduction of a variety of cultivars with higher water productivity (e.g., genetically engineered rice cultivars that
are suitable without flood irrigation). However, these solutions require a substantial amount of economic investment that may not be easily realized for developing
countries with limited financial and technological resources. The cultural dimension
then may provide another solution such that a change in diet from rice to cereals
(e.g., wheat and maize) would save a large amount of water that can be used for another crop production or another water sector. Water management and governance
also plays an important role. For instance, subsidizing electricity or diesel fuel for
groundwater pumps in order to boost food production, not only leads to a large increase in active irrigation wells even in areas with available surface water and during
the rainy season. Over such regions conjunctive use of groundwater and surface water resources can increase the water use efficiency and artificial recharge to aquifers
(irrigation return flow) (Wada and Heinrich, 2013).
Our results reveal that ∼30% of the present human water consumption is supplied
from nonsustainable water resources. This casts significant doubt on future sustainability of human water use as the water demand is projected to increase further due
to growing population, and their food demands (Alcamo et al., 2003b; Gleick, 2000).
During the past 50 years, population increase and economic development leading to
an extension of irrigated areas have been the main drivers for increasing nonsustainable water use. However, some studies (Feyen and Dankers, 2009; Lehner et al., 2006)
suggest that due to global warming droughts will become more severe by the end of
this century. It has been observed that during prolonged drought events groundwater abstraction drastically increases, resulting in a higher groundwater depletion rate
(Famiglietti et al., 2011; Scanlon et al., 2012a,b). Thus, as most irrigation occurs in
(semi-)arid regions, where climate change is projected to lead to less rainfall (Alcamo
et al., 2003b, 2007), it can be expected that groundwater abstraction will further
313

increase in response to drier surface water resources and larger irrigation water demands as a result of higher temperature and evaporative demand. Decreased surface
water can be buffered by increasing reservoir release in regions with infrastructure
(e.g., dams) is present (e.g., North America and Europe), yet there are many regions
with low buffering capacities and the construction of new reservoirs have been generally slowing down. It is therefore likely that climate change will become an equally
important driver for nonsustainable water use as socio-economic change.
Our assessment raises a critical question how long the nonsustainable water use
is sustainable? This question can only be answered regionally. For instance, a vast
amount of fossil groundwater in the Nubian Aquifer System (the Nubian Sandstone
Aquifer and the Post Nubian Aquifer System) will likely remain as a reliable water
source for various human activities for coming decades. This does not necessarily
lead to an exploration of the alternative solutions that were discussed earlier. Globally, reliable information of human water use, surface water availability, and readily
accessible groundwater resources is still limited, such that solutions are not easily
addressed. The current degree of nonsustainable use may compromise the future
livelihoods of millions of people and their living standards. In order to turn around
the unsustainable use to create a long-term sustainable, resilient water-food nexus,
further investigations are urgently required.
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14
14.1

Synthesis and Outlook
Introduction

The sustainable use of global water resources is a key issue to economic development
and food production, yet, in recent years various studies signal overuse of surface water
and groundwater resources worldwide (Falkenmark, 1989; Postel et al., 1996; Gleick,
2003, 2010; Oki and Kanae, 2006; Döll et al., 2009; Rodell et al., 2009; Kummu et al.,
2010; MacDonald, 2010; Vörösmarty et al., 2010; Wada et al., 2010; Famiglietti et al.,
2011; Konikow, 2011; Wisser et al., 2010; Gleeson et al., 2012; Pokhrel et al., 2012a,b;
Voss et al., 2013). Human fingerprints on Earth’s water resources are obvious from the
shrunk Aral sea (Pala, 2006, 2011), from rivers heavily affected by human water use
such as the Colorado and the Yellow (Gleick, 2003), and from dwindling groundwater
resources over intense irrigated regions such as the Ogallala aquifer (Scanlon et al.,
2012a,b), the California’s Central Valley (Famiglietti et al., 2011), the North China
Plain (Cao et al., 2013), northwest India and northeast Pakistan (Rodell et al., 2009;
Tiwari et al., 2009), and the Tigris-Euphrates (Voss et al., 2013).
To assess overexploitation of surface freshwater and groundwater resources, a
state-of-the-art global hydrological model and global water demand model were developed. Eventually, to simulate more realistically human water use behavior and
associated impacts on terrestrial water fluxes, the two models were coupled to realize
an integrated water resources modeling framework. The relative impact of climate
and human water use on global water resources was investigated by contrasting two
simulation runs including: 1) pristine conditions or natural climate variability only,
and 2) human-induced change (human water use and reservoir regulation). Demographic, socio-economic, technological, and irrigated area change were reflected in
growing human water use over time. Substantial regional variations were observed
for the human and climate impacts on surface freshwater and groundwater resources,
with humans having by far the largest impact on terrestrial water system in various
regions (e.g., India, Pakistan, China, USA, and the Middle East).
Highly stressed surface water resources and dwindling groundwater resources occur primarily over intensely irrigated regions; about 20% of global crop lands are
irrigated, supporting ∼40% of the food production worldwide (Abdullah, 2006). Irrigation uses by far the largest amount of water among sectors and accounts for ∼70%
of global freshwater withdrawals. For major irrigated countries, such as India, Pakistan, Iran, and Mexico, where irrigation sustains much of food production and the
livelihood of millions of people, irrigation water withdrawals even exceed 90% of the
total. Irrigation involves the large-scale redistribution of freshwater from rivers, lakes,
reservoirs, and groundwater to irrigated land, which has led to environmental flow
degradation, groundwater depletion, changes in surface-energy budgets associated
with enhanced evapotranspiration, and eventually sea-level rise.
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Climate affects global water resources both directly and indirectly. Direct effects
include multi-year climate variability on surface water availability and groundwater
recharge. Yet, indirect effects of climate on surface water and groundwater resources
through changes in irrigation water demand, e.g. higher evapotranspiration under
warmer and drier conditions, can be greater than the direct impacts of climate. Moreover, during prolonged drought events groundwater abstraction drastically increases,
resulting in a higher groundwater depletion rates (Famiglietti et al., 2011; Scanlon
et al., 2012a,b). Thus, as most irrigation occurs in semiarid and arid regions, where
climate change is projected to lead to less rainfall (Alcamo et al., 2003b), it can be
expected that groundwater abstraction will further increase in response to reduced
surface water availability and larger irrigation water demands under higher temperatures. At the same time, the expansion of irrigated areas has slowed down since the
late 1990s when the growth rate fell below 1% per year. For the coming decades, the
global area of irrigated land is not expected to expand dramatically due to limited
availability of land and water (Turral et al., 2011). It is therefore likely that climate
change may become an equally important albeit indirect driver for nonsustainable
water use as socio-economic change.
To systematically tackle a number of key unresolved issues from previous modeling efforts and global water resources assessments, this thesis was divided into three
different themes, each of which assessed a different component of global water resources with a series of research questions. In this concluding chapter the answers to
these questions are summarized for every part and discussed in a wider perspective,
identifying number of emerging issues for further research.

14.2

Part 1. Human and climate impacts on surface freshwater
resources

In Part 1, this thesis investigated the human and climate impacts on surface freshwater resources (water in rivers, lakes, reservoirs, and wetlands) with regard to three
research questions, that were explored respectively in different chapters (Chapter
2-5).
1. What is the importance of considering water availability and water demand at
the seasonal scale when assessing the severity of water scarcity?
In chapters 2 and 3, a state-of-the-art global hydrological model and global water
demand model were developed. Global water availability was calculated by forcing
the global hydrological model PCR-GLOBWB with daily global meteorological fields
for the period 1958-2001. To represent blue water availability, a prognostic reservoir
operation scheme was included in order to produce monthly time series of global river
discharge modulated by reservoir operations. To specify green water availability for
irrigated areas, actual transpiration from the model was used. Thus, the computed
water availability reflects the climatic variability over 1958-2001. Monthly water demand was calculated as the sum of agricultural (livestock and irrigation), industrial,
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and domestic water demand for the benchmark year of 2000 and was contrasted
against monthly blue water availability, reflecting climatic variability over the period
1958-2001. Despite the use of the single benchmark year with monthly variations in
water demand, simulated water stress agreed well with long-term records of observed
water shortage in temperate, (sub)tropical, and (semi)arid countries, indicating that
on shorter (i.e., decadal) time scales, climatic variability is often the main determinant
of water stress. At a monthly temporal resolution, the number of people experiencing
water scarcity increased by more than 40% compared to conventional annual assessments that do not account for seasonality and interannual variability. This increase is
largely attributable to the inclusion of climate variability although seasonal variation
in demand also plays a role, particularly where blue water availability is large but
seasonal as is the case for the Asian monsoon belt. The results identified many regions
where the annual resolution is too coarse to identify the occurrence of water stress
and revealed that the annual resolution significantly underestimates the intensity of
water stress in countries where drought events are seasonal. Results also showed that
blue water stress is often intense and frequent in densely populated and irrigated
regions (e.g., India, United States, Spain, and northeastern China). By considering
seasonal variations of water stress, regions vulnerable to infrequent but detrimental water stress could be equally identified (e.g., southeastern United Kingdom and
northwestern Russia).
2. What are the human and climate impacts on global water scarcity and hydrological drought?
Chapter 4 presented the first global assessment of historical development of water
stress considering not only climate variability but also growing water demand over
the period 1960-2001. Agricultural water demand was estimated based on past extents of irrigated areas and livestock densities. The past economic and technological
development was calculated with GDP, energy and household consumption and electricity production, which were subsequently used together with population numbers
to estimate industrial and domestic water demand. Climate variability was reflected
in simulated blue water availability defined by surface freshwater in rivers, lakes, wetlands and reservoirs. The commonly used Water Scarcity Index was computed for
monthly intervals over the 41-year period (1960-2001). The results showed a drastic
increase in the global population living under water-stressed conditions (i.e., moderate to high water stress) due to growing water demand, primarily for irrigation; 800
million people or 27% of the global population were estimated to live under waterstressed conditions for 1960, but this number eventually increased to 2.6 billion or
43% for 2000. Our results indicate that increased water demand is a decisive factor
for heightened water stress in various regions such as India and North China, enhancing the intensity of water stress up to 200 %, while climate variability is often a
main determinant of extreme events. However, our results also suggest that in several
emerging and developing economies (e.g., India, Turkey, Romania and Cuba) some
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of past extreme events were anthropogenically driven due to increased water demand
rather than being climate-induced.
Chapter 5 quantified over the period 1960-2010 the impact of human water consumption on the intensity and frequency of hydrological droughts worldwide. The
results show that human water consumption substantially reduced local and downstream streamflow over Europe, North America and Asia, and subsequently intensified the magnitude of hydrological droughts by 10-500% occurring during nation- and
continent-wide drought events. The intensification of drought occurrence is most severe over Asia (>30%), but also substantial over North America (>20%) and Europe
(>10%). Importantly, the severe drought conditions are driven primarily by human
water consumption over many parts of the regions. Irrigation is responsible for the
intensification of hydrological droughts over the western and central U.S., southern
Europe, and Asia, whereas the impact of industrial and households’ consumption on
the intensification is considerably larger over the eastern U.S. and western and central Europe. Our findings reveal that human water consumption is one of the more
important mechanisms intensifying hydrological drought.
3. To what extent can spatio-temporal variation in regional water scarcity be
reproduced by a global hydrological and water resources model?
In chapters 3 and 4, the simulation results of monthly water stress (1960-2001) were
compared to available observed drought events for several countries and states with
different climates spanning from subtropical to arid zones: Afghanistan, Bulgaria,
Cuba, Japan, Malaysia, Mexico, the Netherlands, the Pakistan, Philippines, Romania,
Turkey, Zimbabwe, Kerala (India), Shanxi (China), and Virginia (USA). To obtain the
historical trend of the simulated water stress on a national scale, the monthly water
stress was averaged over all pertinent cells. The comparison shows that the simulated
monthly water stress captured the intensity and frequency of observed extreme or
major drought events reasonably well in most of these countries, while the simulated
annual water stress was often too coarse in its temporal resolution to capture high
intensities of water stress caused by seasonal drought events. The evaluation of the
model performance was limited to a coarse scale (subnational to national scale), where
past observed drought events were sufficiently recorded in the literature. Therefore,
the validation exercise was thus not capable of capturing water shortage that occurs
in a particular part of a country or a state. Validation of simulated water stress
remains difficult as corresponding observation is rarely available at a finer scale.
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14.3

Part 2. Global assessment of groundwater resources

In Part 2, with regard to two research questions, the thesis focused on the state of
groundwater resources, which has rarely been assessed consistently across the globe
(Chapter 6-10).
4. Is global groundwater abstraction sustainable and to what extent are global
groundwater resources stressed?
Chapter 6 provided a global overview of groundwater depletion, defined as abstraction
in excess of recharge, by assessing groundwater recharge with the global hydrological
model PCR-GLOBWB and subtracting estimates of groundwater abstraction. The
analysis was limited to sub-humid to arid climate zones to avoid overestimation arising from increased capture of discharge and enhanced recharge due to groundwater
pumping. The results revealed for the first time that global groundwater depletion
increased from 126 (±32) km3 yr−1 in 1960 to 283 (±40) km3 yr−1 in 2000. The
latter equals 39 (±10)% of the global yearly groundwater abstraction, 2 (±0.6)% of
the global yearly groundwater recharge, 0.8 (±0.1)% of the global yearly continental
runoff and 0.4 (±0.06)% of the global yearly evaporation .
To expand the analysis of global groundwater depletion, Chapter 7 quantified the
amount of nonrenewable or nonsustainable groundwater abstraction used to sustain
current irrigation practice. The global hydrological model PCR-GLOBWB was used
to simulate gross crop water demand for irrigated crops and available blue and green
water to meet this demand. Chapter 7 followed an improved method to compute
nonrenewable groundwater abstraction compared to that of Chapter 6, when downscaling country-based data on groundwater abstraction to grid-based estimates by
considering the part of net total water demand that cannot be met by surface freshwater, while additional recharge that occurs from irrigation was also accounted for.
The results showed that currently large fractions of irrigation water are supplied by
drawing from nonrenewable groundwater over many regions. Over the Middle East
and Northern Africa, more than half of irrigation water comes from nonrenewable
groundwater abstraction (abstraction in excess of recharge) in many countries (e.g.,
Saudi Arabia, Libya, Qatar, UAE). Over major irrigated countries, the contribution of
nonrenewable groundwater abstraction to irrigation is still substantial and supplies
∼20% for India, ∼15% for China, ∼25% for the USA, Pakistan, and Mexico, and
∼40% for Iran. Over the globe, nonrenewable groundwater abstraction contributes
nearly 20% to irrigation water demand and has more than tripled in size for the past
five decades.
In chapters 9 and 10, groundwater stress was assessed using newly developed
groundwater stress indicators: the groundwater footprint (GF) and the aquifer stress
indicator (AQSI), at the scale of aquifers as an principal unit that are more suited
to assess groundwater resources, integrating lateral groundwater flow that may naturally occur due to the difference in groundwater heads and groundwater pumping.
The groundwater footprint is defined as GF = A[C/(R–E)], where C, R and E are
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respectively the area-averaged annual abstraction of groundwater, recharge rate, and
the groundwater contribution to environmental streamflow, all in units with dimensions of length/time, such as m d−1 . A (in units of length2 , such as m2 ) is the areal
extent of any region of interest where C, R and E can be defined. The groundwater
footprint methodology was applied globally to regional-scale, hydrologically active
aquifers. The results revealed that the size of the global groundwater footprint is
currently about 3.5 times the actual area of aquifers and that about 1.7 billion people
live in areas where groundwater resources and/or groundwater-dependent ecosystems
are under threat. That said, 80 percent of aquifers have a groundwater footprint that
is less than their area, meaning that the net global value is driven by a few heavily
overexploited aquifers. The groundwater footprint is the first tool suitable for consistently evaluating the use, renewal and ecosystem requirements of groundwater at
an aquifer scale and is complementary to the well-established water footprint method
and can be used to assess the impact of groundwater consumption on natural stocks
and flows. The groundwater footprint is also an useful framework to analyse emerging
satellite-based global groundwater depletion data sets (GRACE).
The AQSI used a similar concept as groundwater footprint (GF), but it is expressed as a dimensionless unit rather than area (AA ; m2 ), thus equals to GF/AA .
The AQSI above 1 is possible at the expense of groundwater contribution to environmental flow and groundwater mining or groundwater depletion. The AQSI was
applied over internationally shared, or transboundary, aquifers (TBAs) that have
long played an important role in sustaining drinking water supply and food production, yet only few quantitative assessments have been conducted at a regional scale
(e.g., Southern Africa and India-Pakistan) and no global assessment was available.
The results reveal that 8% of TBAs worldwide are currently stressed due to human
overexploitation. Over these TBAs the rate of groundwater pumping increased substantially during the past fifty years, which worsened the aquifer stress condition. In
addition, many TBAs over Europe, Asia and Africa are not currently stressed, but
their aquifer stress has been increasing at an alarming rate (>100%) over the past
fifty years (1960-2010), due to the increasing reliance on groundwater abstraction for
food production. Groundwater depletion is substantial over several TBAs including
the India River Plain (India, Pakistan), the Paleogene and Cretaceous aquifers (the
Arabian Peninsula), and a few TBAs over the USA–Mexico border. Improving irrigation efficiency can reduce the amount of groundwater depletion over some TBAs,
but it likely aggravates groundwater depletion over TBAs where conjunctive use of
surface water and groundwater is prevalent due to decreased return flow (recharge)
from surface water irrigation in response to increased irrigation efficiency.
5. What are the past and future implications of global groundwater depletion?
In Chapter 8, the thesis investigated the past and future implications of global groundwater depletion. Most of the groundwater released from storage due to groundwater
depletion will end up in the ocean, partly by runoff and, as most of the groundwater
use is for irrigation purposes, predominantly through evapotranspiration and then
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precipitation. Based on the ratio of groundwater recharge to total precipitation on
earth and assuming all other stores (atmospheric moisture and surface waters) to
remain constant, it was possible to estimate the fraction of the depleted groundwater
that returns to the groundwater store by additional recharge (∼3%), and which part
ends up in the ocean (∼97%) and contributes to sea-level rise. The initial estimate
of groundwater depletion to sea-level rise was 0.8 (±0.1) mm yr−1 , which is 25 (±3)%
of the current rate of sea-level rise of 3.1 mm yr−1 reported in the last IPCC report
and of the same order of magnitude as the contribution from glaciers and ice caps
(without Greenland and Antarctica). Comparing our initial estimates of regional
groundwater depletion to available independent estimates (e.g., GRACE satellite observation), our flux-based method (abstraction minus recharge) slightly overestimated
reported depletion for the nonarid climate zones of the world, which we attributed
to the neglect of increased capture due to enhanced recharge from surface water. To
remediate this overestimation, we applied an uniform multiplicative correction factor
for these regions. To quantify the contribution of groundwater depletion to sea-level
rise over the historical and future period, the simulation period was extended to 200
years from the beginning of the 20th century to the end of this century, using a reconstruction of past groundwater depletion and its contribution to global sea-level
variation, as well as 21st century projections based on three combined socio-economic
and climate scenarios (IPCC SRES) with transient climate forcing from three General
Circulation Models (GCMs). The results show that the contribution of groundwater
depletion to sea-level increased from 0.035 (±0.009) mm yr−1 in 1900 to 0.57 (±0.09)
mm yr−1 in 2000, and is projected to increase to 0.82 (±0.13) mm yr−1 by the year
2050. To investigate the contribution of the total terrestrial water storage to sea-level
rise, the results of groundwater depletion were placed in context of other terrestrial
water contributions (reservoir impoundment, deforestation, wetland loss, endorheic
basin storage loss) to sea-level variation. It was estimated that the net contribution
of terrestrial sources was negative of order -0.15 (±0.09) mm yr−1 over 1970–1990
as a result of dam impoundment. However, the net contribution became positive of
order +0.25 (±0.09) mm yr−1 over 1990-2000 due to increased groundwater depletion
and decreased dam building. The net terrestrial contribution is projected to increase
to +0.87 (±0.14) mm yr−1 by 2050. Thus, the cumulative contribution will become
positive by 2015, offsetting dam impoundment (maximum -31 ±3.1 mm in 2010),
and resulting in a total rise of +31 (±11) mm by 2050. As a result, the contribution
of groundwater depletion to sea-level rise is likely to dominate over those of other
terrestrial water sources in the coming decades.
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14.4

Part 3. Integrated modeling framework of global hydrology
and human water use

6. What improvement can be obtained by integrating water availability and water
demand modeling and how realistically does it reproduce human water use behavior
and associated impacts on terrestrial water fluxes?
In Part 3 (Chapter 11-13) an integrated modeling framework was introduced that
couples the global water balance model with the global water demand model. Compared to earlier work presented in the previous chapters, daily water withdrawal and
consumptive water use were dynamically simulated considering water allocation from
surface water and groundwater resources, and explicitly taking into account feedbacks between supply and demand. Irrigation water is supplied from available water
resources based on the daily surface and soil water balance, thus considering the mutual feedback between irrigation water supply to the soil and groundwater system
and the associated evapotranspiration over irrigated areas. The latest available and
extensive Global Reservoir and Dams Dataset (GRanD) that contains 6,862 reservoirs with a total storage capacity of 6,197 km3 was also used to include the effect
of reservoir regulation on water availability. The climate forcing was updated and
corresponds to the newly available climate reanalysis datasets of ERA-Interim and
MERRA over the period 1979-2010, extending beyond most global analyses. Surface
water and groundwater withdrawals simulated with our new water allocation scheme
generally showed good agreement with reported national and sub-national statistics.
The results revealed a consistent increase in both surface water and groundwater use
worldwide, with a more rapid increase in groundwater use after the 1990s. Human
impacts on terrestrial water storage (TWS) signals were evident, altering the seasonal
and inter-annual variability. This alteration was shown to be particularly large over
heavily regulated basins such as the Colorado and the Columbia, and over the major
irrigated basins such as the Mississippi, the Indus, and the Ganges. Including human
water use and associated reservoir operations generally improved the correlation of
simulated TWS anomalies with those of the GRACE observations. This integrated
modeling framework is capable of simulating human water use more realistically by
considering the daily mutual feedback between water withdrawals and consumption,
and associated changes in surface water availability, groundwater storage, and soil
moisture condition. The calculation of return flow from irrigation becomes more realistic as it relates to the soil water balance and associated percolation losses underlying
irrigated areas, which substantially contributes to groundwater recharge. The series
of anthropogenic impacts on surface water and groundwater resources were reflected
on the terrestrial water storage change and were well captured in the validation using the GRACE observation. Thus, the integrated modeling framework enables one
to comprehensively assess human-induced changes in global water systems and to
track those changes over time. A sensitivity analysis conducted on our water allo-
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cation scheme showed that it is preferred over other scenarios that prioritise either
groundwater or surface water withdrawal first to meet the water demand.
7. How certain are global hydrological models and how do they compare to the
uncertainty arising from climate projections generated by global climate models?
In Chapter 12, the newly developed integrated model together with other six stateof-the-art global hydrological models was applied to simulate future irrigation water
demand over currently irrigated areas by the end of this century using the latest
CMIP5 (Coupled Model Intercomparison Project Phase 5) climate projections under
the framework of the Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP).
As noted earlier, future irrigation water demand is subject to large uncertainties due
to anticipated climate change. This chapter assessed the impact of projected global
climate change on irrigation water demand over currently irrigated areas by the end
of this century and the associated uncertainties arising from both the global hydrological models (GHMs) and climate projections. The resulting ensemble projections
generally show an increasing trend in future irrigation water demand, but the increase varies substantially depending on the degree of global warming and associated
regional precipitation changes. Under the highest greenhouse gas emission scenario
(RCP8.5), irrigation water demand will considerably increase during the summer in
the Northern Hemisphere (>20% by 2100) and the present peak irrigation water demand is projected to shift one month or more over regions where ≥80% of the global
irrigated areas are found and 4 billion people currently live. Uncertainties arising from
GHMs and global climate models (GCMs) are large, with GHM uncertainty dominating throughout the century and with GCM uncertainty substantially increasing from
the mid-century, indicating the choice of GHM outweighing by far the uncertainty
arising from the choice of GCM and associated emission scenario.
8. How can the stress and sustainability of global water resources be meaningfully
assessed in the light of human water needs and what are their future implications?
In Chapter 13, an improved approach was proposed to assess global water resources
considering both the sustainability of blue water resources (BlWSI : Blue Water Sustainability Index) and the multi-year variability and stress of green water resources
(GrWSI : Green Water Stress Index). The GrWSI uses the ratio of actual to potential evapotranspiration compared to that of the long-term average and the BlWSI
incorporates both nonrenewable groundwater use and nonsustainable water use that
compromises environmental flow requirements. The results showed that the GrWSI
is capable of reproducing varying degrees of green water stress conditions, reflecting
a multi-decadal climate variability. The BlWSI showed an increasing trend of water consumed from nonsustainable surface water and groundwater resources (∼30%)
worldwide. The global amount of nonsustainable water consumption has been increasing especially since the late 1990s, despite a wetter signal as indicated by a recent
study as well as our GrWSI. These indicators are the first tool suitable for consis-
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tently evaluating the sustainability and degradation of surface water and groundwater
resources as a result of human water over-abstraction.

14.5

Main contributions

In the previous section the main results in light of the research questions were summarized. Here, the main contributions of this thesis are summarized. This thesis:
- assessed global water stress at a monthly temporal resolution and revealed the
severity of seasonal water stress (Chapter 2 and Chapter 3);
- distinguished the relative impact of climate variability and growing water demand on past global water stress based on a reconstruction of water demand
using past socio-economic and land use data (Chapter 4);
- revealed that human water consumption is one of the more important mechanisms intensifying hydrological drought worldwide (Chapter 5);
- showed the magnitude of human over-abstraction of global groundwater resources and groundwater depletion (Chapter 6);
- revealed the amount of nonrenewable groundwater abstraction contributing to
global irrigation water demand over the last 50 years (Chapter 7);
- quantified the contribution of global groundwater depletion and other terrestrial
water storage changes to sea-level variations during the 20th and 21st century
(Chapter 8);
- revealed the overuse of aquifer worldwide and the size of the global groundwater footprint considering the sustainable rate of groundwater renewal and
groundwater-dependent ecosystems (Chapter 9);
- quantified the aquifer stress of internationally shared, or transboundary, aquifers
(TBAs) worldwide and showed possible mitigation measures of stressed TBAs
(Chapter 10);
- developed an integrated modeling framework that couples the global hydrological model with a global water demand model, and that dynamically simulates
human water use per sector per water source (Chapter 11);
- quantified the relative uncertainty in projected irrigation water demand arising from global hydrological models (GHMs), climate projections (GCMs), and
emission scenarios (RCPs) (Chapter 12);
- developed comprehensive indicators that measure the degree of sustainable use
of surface water and groundwater resources, and the magnitude of green water
stress (Chapter 13).
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14.6

Outlook

This thesis builds upon previous modeling efforts and contributes to improve a current
modeling framework that quantifies and distinguishes the impacts of human activities
and climate variability on global water resources. Despite the limitations described
in each chapter, this modeling framework advances an important step beyond earlier
work by attempting to account more realistically for the nature of human water use
and associated impacts on the terrestrial water fluxes. It can be also used to assess
future increases in water use per sector per source (groundwater and surface water)
due to population growth and economic development that will pose a serious threat
to regions currently under substantial water scarcity and groundwater depletion, and
to identify regions of looming water scarcity under future climate change or under envisaged socio-economic developments. This section is dedicated to future perspectives
of global hydrological and water resources modeling, addressing possible applications
of this modeling framework and potential areas of further research and improvement.
14.6.1

Future research topics

Incorporating groundwater dynamics
A realistic representation of the groundwater table considering lateral flow has rarely
been incorporated in global hydrological modeling, primarily due to lack of reliable
hydrogeological data at the global scale. However, groundwater dynamics may substantially affect the simulation of groundwater storage and associated baseflow. Such
process is important especially over shallow aquifers with high transmissivity. A recent study by Fan et al. (2013) developed a steady-state global groundwater flow
model forced by modern climate, terrain, and sea-level and combined it with global
observations of water table depth compiled from government archives and literature.
The results indicated that patterns in water table depth explain patterns in wetlands
at the global scale and vegetation gradients at regional and local scales. They found
that shallow groundwater influences 22-32% of global land area, including ∼15% as
groundwater-fed surface water features and 7-17% with the water table or its capillary fringe within plant rooting depths. This study was a vital step towards simulating groundwater dynamics globally, however, human impacts including groundwater
pumping and irrigation return flow were not included. Such processes are important
over intensely irrigated regions where groundwater table dynamics are primarily governed by human influences. Moreover, question related to the effect of pumping on
flow regimes and the timing at which rivers will run dry or groundwater levels fall
too deep require a transient groundwater flow model, preferably coupled with a land
surface or global hydrological model.
Including artificial diversion and distribution networks
Long-distance and cross-basin water diversions (e.g., aqueducts) provide additional
surface water availability, that may substantially contribute to supply irrigation water
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requirement. Such diversion work is present over regions such as the Indo-Gangetic
plains, the California’s Central Valley, the Colorado River where extensive diversion
works are present. Only limited information is available for such water diversions,
e.g. the Periyar Project (maximum capacity: 40 m3 s−1 ) and the Kurnool Cudappah Canal (maximum capacity: 85 m3 s−1 ) in India, and the Irtysh-Karaganda Canal
(maximum capacity: 75 m3 s−1 in Central Asia (World Bank1 , UNDP2 ). Artificial
diversion networks and the actual amount of water transferred are difficult to parameterize, and are not represented in current global hydrological and water resources
modeling. However, if GHMs are made at high resolution (e.g., ∼1 km by ∼1 km),
these diversion networks play a crucial role determining local water availability.
Quantifying the sustainable yield with use of satellite observations and
integrated modeling framework
The crucial question is how long nonrenewable groundwater can still sustain current
human water use, particularly for irrigation. Presently, this question can only be
answered regionally. For instance, a vast amount of fossil groundwater in the Nubian
Aquifer System will likely remain as a reliable water source for various human activities in the coming decades. Assessments of nonsutainable groundwater use and the
dwindling groundwater resources remain difficult. Lack of ground-based observations
hampers direct observations of groundwater depletion. Over the last decade, satellite
observations of Earth’s water cycle from NASA’s GRACE (Gravity Recovery and
Climate Experiment) mission, have provided an unprecedented view of global hydrological change and freshwater availability. Since its launch, the mission has helped to
confirm that precipitation, evaporation and continental discharge rates are increasing,
that the mid-latitudes are drying while the high and low latitudes are moistening,
and that the hydrologic extremes of flooding and drought are becoming even more
extreme (Strassberg et al., 2007). Importantly, GRACE has exposed the human
fingerprints of water management practices such as groundwater use and reservoir
storage, which raises many important issues for climate, water, food and economic
security. Moreover, the GRACE mission has enabled us to peer beneath Earth’s
surface and characterize the worldwide depletion of groundwater aquifers, raising significant concerns about the potential for heightened conflict over transboundary water
resources (Rodell et al., 2009; Tiwari et al., 2009). The integrated water resources
modeling framework that is able to assess the wide range of interactions and impacts
among surface water, groundwater, climate, and human activity can also be used to
provide a reanalysis of past groundwater depletion in a data-assimilation framework
using both discharge and GRACE observations. Also, once validated on discharge
and GRACE data, it can subsequently be used to project future depletion rates under
1
2
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scenarios as well as establishing sustainable yields for renewable groundwater reserves
and the time horizon of unsustainable use for fossil reserves.
Usefulness of multi-model ensembles
It is known that simulation results differ substantially among different global hydrological models (GHMs) and among different climate forcing and projections used to
force GHMs. Due to the large GHM-and climate-specific uncertainty, Gosling et al.
(2010, 2011) and Haddeland et al. (2011) suggest a multi-model and multi-climate
forcing approach to assess human and climate change impacts. Several studies have
shown that the ensemble mean or median is often closer to the observations compared
to simulation by individual models, suggesting that multi-model assessments are imperative (Dirmeyer et al., 2006; Guo et al., 2007). Chapter 12 (Wada et al., 2013c)
also demonstrated the use of a multi-model ensemble of future irrigation water demand. A large spread in ensemble projections was attributable to a large variability of
simulated irrigation water demand among the GHMs. The reason for this variability
in simulated irrigation water demand relates to the methodological approach and the
parameterization of irrigated crops including growing season, crop factor, and rooting
depth, which differs substantially among the GHMs. Therefore, a multi-model and
multi-climate forcing approach may be indeed preferable to simulate a future state of
global water resources considering human water use.
Assessing global food security
Global food security is a growing concern. By 2050, the global population will exceed 9 billion, and a 50% increase in annual agricultural output is expected to be
required to keep up with food demand. However, the sustainability of global food
production largely relies on available surface freshwater and groundwater resources.
Due to growing water demands and competition among water use sectors, surface
freshwater becomes more and more stressed, while in the coming decades, surface
freshwater availability is subject to large uncertainties due to climate change (Tang
and Lettenmaier, 2012). As a result, one may need to rely more on groundwater resources to supplement the surface water deficit, and to feed the rapidly growing global
population. Groundwater can increase the resilience of human water use in the face
of climate variability and change as the only perennial source of freshwater in many
regions (Taylor et al., 2013). That is, the value of groundwater will likely increase
in the coming decades as anticipated climate change is projected to bring more frequent and intense climate extremes. Groundwater can serve as a temporary source of
irrigation water during a persistent drought, buffering against such climate extremes
and thereby contributing to regional food security. However, this may also result in
larger nonrenewable groundwater abstraction, which will worsen progressive depletion
of groundwater resources (Scanlon et al., 2012a,b) and jeopardise sustainable water
supplies and associated food production. Our integrated modeling framework, considering the dynamic allocation from surface water and groundwater resources, will
allow for the assessment of the sustainability of human water use per source and the
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associated potential food production. At the same time, it will enable us to quantify
the amount of groundwater depletion and environmental flow degradation as a result
of increasing food production met by irrigation.
Assessing regional mitigation strategies on global food security
Much of current irrigation in many intense irrigated regions is sustained by nonsustainable groundwater. It overshadows the supply from sustainable resources and plays
a key role in global food security. Recent studies (Konikow, 2011; Döll et al., 2012;
Wada et al., 2012a, Chapter 7) suggest an increasing reliance of human water use on
nonrenewable groundwater resources worldwide, casting significant doubt on the sustainability of regional water supply and associated food production met by irrigation.
There is a growing concern whether future global food production and associated
water use are sustainable to support rising population and their standards of living
under climate change in the coming decades and beyond. To alleviate water scarcity
and groundwater depletion, one can improve water productivity for food production,
i.e. more crop per drop, or increase rain-fed crop production over (sub-)humid regions. In some regions, water productivity and crop yield may be improved due to
increased renewable surface or groundwater resources due to change in temperature
and precipitation patterns (Portmann et al., 2013). Conjunctive use of groundwater
and surface water for irrigation has a potential to alleviate progressive groundwater
depletion (Chapter 10: Wada and Heinrich, 2013). Technological improvements (e.g.,
increasing water recycling and water use efficiency) also have the potential to reduce
water demands in many rapidly developing countries where water is scarce. However, improving technology may require a substantial amount of economic investment
that may not be easily realized for developing countries with limited financial and
technological resources. When combined with economic models, the integrated water
resources modeling framework developed in this thesis could be essential in evaluating
the suitability and cost-effectiveness of mitigation and adaptation measures to ensure
future water and food security.
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Appendix A

PCR-GLOBWB

Based on: Wada, Y., Wisser, D., Bierkens, M. F. P. (2013) Global modeling
of withdrawal, allocation and consumptive use of surface water and groundwater resources, Earth System Dynamic Discussion 4, 355-392, doi:10.5194/esdd-4-355-2013.

Here we present the main features of the global water balance model. The most
recently developed parts of the model are described in Chapter 11. The model is a
grid-based model of global terrestrial hydrology (excluding the Antarctica), which is
essentially a leaky-bucket type of model, but a certain consideration is given representing the groundwater reservoir.

A.1

Snow accumulation and melt

Over each grid cell, precipitation falls in the form of rain or snow. Any precipitation that falls on the soil surface can be intercepted by vegetation and in part or in
whole evaporated. Snow accumulation and melt are temperature driven and modeled
according to the snow module of the HBV model (Bergström, 1995). To represent
rain-snow transition over sub-grid elevation dependent gradients of temperature, 10
elevation zones was made on each grid cell based on the HYDRO1k Elevation Derivative Database, and scaled the 0.5◦ grid temperate fields with a lapse rate of 0.65◦ C
per 100 m. Over the 10 elevation zones, precipitation accumulates as snow if the temperature, T , is below the melt temperature (0◦ C), Tm . The snowmelt [m], SC melt , is
then modeled using a degree day factor [m ◦ C−1 day−1 ], fd :
SCmelt = fd (T − Tm )

(A.1)

Above the melt temperature, precipitation and melt water are stored as liquid
water in the available pore space in the snow cover. Melt water in the snow cover
can refreeze depending on the water holding capacity of the snow (10% of snow water
equivalent) or evaporate. Snow is accumulated when the temperature is sufficiently
low, otherwise it will melt and added to the net liquid precipitation (Pnet ) that reaches
the soil as rain or throughfall. Excess water from snowmelt and rainfall forms direct
runoff or infiltrates into the first soil layer (S1 ), which can further infiltrates into the
second soil layer (S2 ) and percolates into the third groundwater reservoir (S3 ).
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A.2

Infiltration and direct runoff

Liquid water passed on from the snow cover to the soil surface will infiltrate if sufficient
water storage capacity is available, else it will drain over the surface as direct runoff.
The partitioning into infiltration and direct runoff is dependent on the degree of
saturation and the distribution of available water storage in the soil (Todini, 1996).

x=1−

Wmax − W
Wmax − Wmin

b
 b+1

(A.2)

where Wmax is the total water storage capacity (SC S1 + SC S2 ) [m]. Wmin is the
minimum water storage capacity [m] according to the Improved Arno Scheme (IA)
(Hagemann and Gates, 2003). W is the actual water storage (SS1 + SS2 ) [m]. To
determine the water storages, the sum of the two upper soil layers are considered.
Here, the water storage refers to the average of each grid cell (0.5◦ ). The parameter,
b, is the dimensionless shape factor that defines the distribution of soil water storage
within the cell. b is calculated based on the distribution of maximum rooting depths,
which is derived from the Global Land Cover Characteristics Data Base Version 2.0
that has a spatial resolution of 30 arc seconds (∼1 km by ∼1 km) (GLCC 2.01 )
and the land surface parameter dataset (LSP2) of Hagemann (2002). To avoid an
overestimation due to the zero (minimum) water storage capacity that always yields
direct runoff when water falls onto the soil, the minimum water storage capacity
was adjusted according to the Improved Arno Scheme (IA) developed by Hagemann
and Gates (2003). The modification allows a reasonable response time over which a
minimum storage needs to be filled before any direct runoff will occur.
Direct runoff, Qdirect [m d−1 ], can occur for each time step [day] when net liquid
precipitation, Pnet [m d−1 ], falls over the surface and the sum of the actual water
storage and the liquid precipitation exceeds the minimum water storage capacity,
Wmin . Moreover, any liquid precipitation is converted into direct runoff once pervious
area is completely saturated.

Qdirect


0




1
 b+1


∆W
−
P
n − ∆W + ∆Wmax
∆Wmax
=





Pn − ∆W

(Pn + W ≤ Wmin )
b+1

Pn
(b+1)∆Wmax

(Wmin < Pn + W ≤ Wmax )
(Pn + W > Wmax )
(A.3)
where ∆Wmax is the range between the maximum and the minimum water storage
(Wmax – Wmin ) [m], and ∆W is the range between the maximum and the actual
water storage (Wmax – W ) [m].
qi,Pnet →S1 = Pnet − Qdirect
1
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(A.4)

qi is the infiltration [m d−1 ] from the net liquid precipitation, Pnet , to the first soil
layer, S1 , calculated from the difference between the net liquid precipitation, Pnet ,
and the direct runoff, Qdirect , augmented with any initial water storage to replenish
the storage to Wmin . When the infiltration rate exceeds the saturated hydraulic
conductivity (ksat ) of the first soil layer (S1 ) [m d−1 ], the infiltration excess is passed
on to the direct runoff.

A.3

Soil evaporation and transpiration

Soil moisture is liable to soil evaporation when the surface is bare and to transpiration
when vegetated. Actual evapotranspiration is partitioned into soil evaporation and
plant transpiration. Soil evaporation can occur from the top soil layer (S1 ) over which
the evaporation rate is limited by the saturated conductivity, ksat , in the saturated
area, Asat (x), and by the unsaturated conductivity, k(θE ), in the unsaturated area,
Auns (1−x). The evaporation amount is considered separately for soil, Esoil [m d−1 ],
and melt water stored in snow cover, Esnow [m d−1 ].
Esoil,S1 = Asat × min(ksat,S1 , Epot,S1 − Esnow )
+Auns × min(k(θE )S1 , Epot,S1 − Esnow )

(A.5)

Potential soil evaporation rate, Epot,S1 [m d−1 ], is calculated from the difference
between the reference (potential) evapotranspiration and the actual evaporation from
the interception storage, Eint [m d−1 ]. This amount is multiplied with the crop factor
of the bare soil (∼0.2), kc,soil [dimensionless] over the non-vegetated surface or bare
soil (1–Cf ).
Epot,S1 = (ET0 − Eint ) × kc,soil × (1 − Cf )

(A.6)

Esnow = min(SCmelt , Epot,S1 )

(A.7)

Eint = min(Sint , (kc,veg ET0 − kc,soil ET0 )

(A.8)

Sint is the interception storage [m] and kc,veg is the crop factor of each vegetation
cover [dimensionless]. The model considers four vegetation covers: short (e.g., grassland) and tall (e.g., forest) natural vegetation, paddy crops, and non-paddy crops.
Vegetation cover fraction, Cf [dimensionless], is parameterized using the GLCC 2.0
and the global ecosystem classification of Olson (1994a,b), the land surface parameter
dataset (LSP2) of Hagemann (2002), and the MIRCA2000 data set (Portmann et al.,
2010).
Vegetation extracts water from the two soil layers (S1 and S2 ) by transpiration
except when the soil is saturated, which prevents root water uptake due to the lack of
aeration. Therefore, transpiration occurs only over the unsaturated area, Auns (1−x).
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Tc = Tc,pot × Auns × ftrans

(A.9)

Tc,pot = (kc,veg ET0 − Epot,S1 − Eint ) × Cf

(A.10)

The influence of available soil moisture on root water uptake (∼actual transpiration) is quantified by means of the fraction, ftrans [dimensionless], that is based
on the effective degree of saturation (θE,f trans ), the effective degree of saturation at
which the potential transpiration is halved (θE50 ), and the corresponding coefficient
of the soil water retention curve (β). The actual transpiration rate, Tc [m d−1 ], is then
calculated by multiplying the potential transpiration, Tc,pot [m d−1 ], and the fraction
(ftrans ).
ftrans =

θE,ftrans

1

1 + (θE,ftrans /θE50 )−3β50


1

 b+1
b+1
∆W
Wmax + b (∆Wmax ) 1 − b ∆Wmax


=
1
 b+1

∆W
Wmax + b (∆Wmax ) 1 − ∆Wmax

(A.11)

(A.12)

The actual transpiration rate (Tc ) is partitioned over the two soil layers (S1 and
S2 ) according to the root fraction distribution, rf [dimensionless], in the two soil
layers.
Tc,S1 =

rf,S1 SS1
× Tc
rf,S1 SS1 + rf,S2 SS2

(A.13)

Tc,S2 =

rf,S2 SS2
× Tc
rf,S1 SS1 + rf,S2 SS2

(A.14)

When the available soil moisture is limited to accommodate the overall fluxes, the
overall fluxes are reduced proportionally to the amount of their original fluxes.

A.4

Vertical water fluxes in soil and groundwater stores

Water moves through the two soil layers (S1 and S2 ) and the third groundwater layer
(S3 ). Vertical water fluxes [m d−1 ] between the first and the second soil layers are
driven by the effective degree of saturation of the both layers, θE,S1 = SS1 /SC S1
and θE,S2 = SS2 /SC S2 or θE,S1 = θS1 /θsat,S1 and θE,S2 = θS2 /θsat,S2 . θ is the effective
moisture content defined as the fraction of water storage to soil depth (θS1 = SS1 /ZS1
and θS2 = SS2 /ZS2 ). Percolation, qp,S1→S2 [m d−1 ], from S1 to S2 is governed by the
rate of unsaturated hydraulic conductivity of the first soil layer, k(θE )S1 [m d−1 ] if
sufficient soil moisture is available. However, when θE,S1 <θE,S2 , upward capillary
flux (capillary rise) can occur at the rate of unsaturated hydraulic conductivity of the
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second soil layer, k(θE )S2 [m d−1 ] but is limited to the portion of soil moisture deficit
of the overlaying layer (1 – θE ,S1 ).
Cr,S2→S1 = (1 − θE,S1 ) × k (θE )S2

(A.15)

Otherwise, the capillary flux is set to zero (θE,S1 ≥ θE,S2 ). The unsaturated hydraulic conductivity of each soil layer is dependent on the effective degree of saturation
(Clapp and Hornberger, 1978) and is calculated as:
k(θE ) = ksat × θE2β+3

(A.16)

where β is a dimensionless empirical exponent that varies on average between ∼4 and
∼11 over the range from sand to clay soil. It is based on a soil water retention curve
parameter developed by Clapp and Hornberger (1978) who describe the relationship
between the effective degree of saturation and the soil matric suction, ψ [m]:
ψ = ψsat × θE−β

(A.17)

where ψsat is the soil matric suction at saturation [m].
Vertical water exchange, i.e. deep percolation, qp,S2→S3 [m d−1 ], and capillary rise,
Cr,S3→S2 [m d−1 ], between the second soil layer (S2 ) and groundwater layer (S3 ) is
calculated in a similar way, except that the rate is given in the geometric mean of
the unsaturated hydraulic conductivity of the second soil layer and the saturated
hydraulic conductivity of the third groundwater layer:
Cr,S3→S2 =

p
k (θE )S2 × ksat,S3 × (1 − θE,S2 ) × 0.5f5m
(θE,S2 < θE

F C,S2 , SS3

> 0)

(A.18)

Capillary rise only occurs given the proximity of the water table and the resulting
moisture content of the second soil layer cannot rise above field capacity, θE F C,S2
(with ψf c = 1.0 m). SS3 is the water storage in the third groundwater layer [m]. f5m
is the fraction of the grid cell with a groundwater depth within 5 m. Capillary rise is
at maximum when the groundwater level is at the surface and it becomes zero when
the groundwater level is below 5 m from the surface. The factor 0.5 is an estimate of
the average capillary flux that occurs over the area fraction (f5m ) with a groundwater
table within 5 m depth. The fraction (f5m ) is determined from the groundwater
depth distribution. First all 1 km × 1 km grid cells are determined within the 0.5◦
× 0.5◦ grid cell that belong to perennial drainage network. Using the Perennial
Inland Water Areas of the World (Vmap0; Food and Agriculture Organization of the
United Nations (FAO), 1997), the average drainage density, D [m−1 ] is estimated
(i.e., total length of perennial water courses divided by catchment area). For each
of these grid cells, the upstream drainage area of the catchment is determined using
the HYDRO1k Elevation Derivative Database. Next, taking the actual water levels
(simulated by the model) of the perennial stream cells as a reference, the groundwater
height [m], H = SS3 / fd (with fd drainable porosity or specific yield) is added to
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arrive at a local groundwater level and groundwater depth. From the groundwater
depth distribution for each catchment, the area with a groundwater depth smaller
than 5 m is determined. Adding these areas for all catchments and dividing by the
total 0.5◦ × 0.5◦ grid cell area gives the estimates of the fraction (f5m ).

A.5

Interflow or subsurface storm flow

In mountainous areas soils develop in regolith (i.e., unconsolidated solid material)
covering the bedrock. The steep gradient of high (soil) to low (bedrock) hydraulic
conductivity results in the occurrence of perched groundwater bodies during wet
periods, which will cause a fast downslope flux of water through the soils down to the
water courses. The model calculates this lateral drainage from the second soil layer
(S2 ) over the height of the saturated wedge that may form over the contact with the
third groundwater layer (S3 ). This occurs when percolation from the upper soil layer
(S1 ) is high and percolation to the groundwater layer (S3 ) is low, which results in the
high gradient that drives lateral flow along the slope. This lateral drainage, known as
interflow or subsurface storm flow, is modeled according to Sloan and Moore (1984):

Qint,t (Ls ) = 1 −

∆t
T CL



Qint,t−1 (Ls )+

∆t
Ls [(qp,S1→S2,t + Cr,S3→S2,t ) − (qp,S2→S3,t + Cr,S2→S1,t )]
T CL
T CL =

Ls × θav,S2
2 × ksat,S2 × tan(αs )

(A.19)

(A.20)

where Ls is the average slope length [m] and ∆t is the time step [day]. TCL is the
centroid-lag time or the characteristic response time [days]. θav is the available pore
space based on the difference between the saturated (volumetric) moisture content
(θsat ) and the (volumetric) soil moisture content at field capacity (θF C ) or θav,S2 =
θsat,S2 −θF C,S2 [all in m3 m−3 ]. tan(αs ) is the gradient equal to the tangent of the slope
angle [dimensionless]. The average slope is determined from the average of calculated
slopes from the 1 km × 1 km HYDRO1k Elevation Derivative Database within the
0.5◦ × 0.5◦ grid cell, excluding the lowest 10% of the elevations which are assumed
to be part of the floodplain.
Interflow, Qint [m3 d−1 ] is modeled along the slope (Ls ) as a function of the lateral
drainage (interflow) over the previous time step and the present recharge adding to
or drawing from saturated wedge, taking into account the centroid-lag time. It is
assumed that the saturated wedge responds to the recharge without delay and that
it always will be draining with the available pore space. The recharge here is the net
percolation, being the total of the gains to the second store due to percolation from
the top soil layer and the capillary rise from the underlying groundwater layer as well
as that of the losses due to percolation to the groundwater layer and the capillary
rise to the top soil layer. Interflow assumed to be occur over areas with steep slopes
and bedrock (i.e., mountainous areas). We calculated within the 0.5◦ × 0.5◦ grid cell
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the fraction of soils with a soil depth smaller than 1.5m (maximum soil depth in the
model) and used this as a proxy for the areas with the occurrence of interflow. Qint
is calculated in terms of are per time step [m2 d−1 ], but rather expressed as height
per time step [m d−1 ] by dividing both terms of Equation A.19 by Ls [m].

A.6

Baseflow

The third store of the groundwater layer (S3 ) represents the deeper part of the soil
that is exempt from any direct influence of vegetation and constitutes a groundwater
reservoir fed by active recharge from the second soil layer (S2 ). The active groundwater recharge consists of the net percolation that is calculated from the difference
between the deep percolation (qp,S2→S3 ) and the capillary rise (Cr,S3→S2 ). Drainage
from the groundwater reservoir contributes as baseflow to the total river discharge.
Groundwater discharge (baseflow) contributes an important part to streamflow in
many parts of the world, particularly during low flow conditions. In the model, the
groundwater storage and discharge is modeled by a first order linear reservoir approach. Baseflow, Qbase [m d−1 ], is modeled by multiplying groundwater store, S3
[m], and the reservoir or recession coefficient parameterized based on drainage theory
(liner reservoir) developed by Kraaijenhoff van de Leur (1958), J [days]. J is the
spatial variable with a large regional variability, representing the average residence
time of water in the groundwater store.
SS3,t = SS3,t−1 − Qbase,t−1 + (qp,S2→S3,t − Cr.S3→S2,t )

(A.21)

Qbase,t = SS3,t × J

(A.22)

π 2 (ksat,S3 × Dc )
(A.23)
4 × fd × Bc2
where ksat,S3 is the saturated hydraulic conductivity of the aquifer (S3 ), fd is the
drainable porosity, Dc is the aquifer depth [m] and Bc is the drainage length [m].
The parameter Bc is obtained from the drainage density analysis. The saturated
hydraulic conductivity and drainable porosity have been related to a simplified version
(7 classes) of the lithological map of the world (Dürr et al., 2005) and a literature
search. Since there is no reliable information about aquifer thickness in relation to
e.g. drainage distance and lithology, the aquifer thickness is arbitrarily assumed to be
a constant of 50 m, this being the order of magnitude of the groundwater in contact
with the surface water at the time scale of our simulations (several decades). By
crossing the drainage length map with the lithological map and using the literature
values, a global map of the global reservoir coefficient (groundwater residence time)
can be estimated through Equation A.23. This parameterisation can be used as an
initial estimate of global residence time, which can be further calibrated by comparing
models results with low flows from discharge data and tuning ksat,S3 and fd for each
lithological class.
J=
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Overall water balance for each soil layer can be written as:
∆Sj = qp,j−1 + Cr,j+1 − (qp,j + Cr,j + Esoil,j + Tc,j + Qj + C)

(A.24)

where ∆S is the change in soil water storage for layer, j. qp is the percolation or
infiltration (qi ) in case of the top soil layer, that is positive from the overlying store,
negative towards the underlying store, Cr is the capillary rise, which is negative
towards the overlying store, positive when coming from the underlying store. Esoil is
the actual bare soil evaporation (limited to the first soil layer or S1 ), Tc is the actual
transpiration, Q is the lateral drainage (direct runoff, interflow or baseflow), and C
is any sink due to human water consumption (all negative) [all in m d−1 ].
Local runoff, Qlocal [m d−1 ], is calculated as the sum of the direct runoff (Qdirect ),
the interflow (Qint ), and the baseflow (Qbase ).
Qlocal = Qdirect + Qint + Qbase

(A.25)

Local runoff is routed along the river network (see Section 11.2.4). Water can be
lost from the drainage network by evaporation or human water consumption.

A.7

Vegetation and soil parameterization

The parameterization of the vegetation and soil properties relies primarily on the
GLCC 2.0, the FAO Digital Soil Map of the World (DSMW Food and Agriculture
Organization of the United Nations (FAO), 2003), and the WISE dataset of global
soil properties (ISRIC-WISE Batjes, 2005). From the GLCC 2.0, the maximum rooting depth was used to obtain root content, the shape parameter b of the improved
Arno scheme (Equation A.2), and the fractional vegetation cover and corresponding
maximum interception storage capacity. From the DSMF and the ISRIC-WISE, soil
properties including saturated hydraulic conductivity, saturated and residual (volumetric) water contents, porosity, air entry value, and coefficient β of the soil water
retention curve were derived for each soil class for two different depths, i.e. from 0
to 30 cm (S1 ) and from 30 to 150 cm (S2 ). These values were first aggregated at
the pedon level, where up to 8 soil classes and their fractional cover were specified
per pedon at the spatial resolution of 0.5◦ . The two soil layers represents the first
and second store of the model except in those areas where soil formation is limited
by bedrock or impeding layers, in which the two layers were reduced proportionally.
For the third store of infinite capacity, the recession constant (J) was estimated on
the basis of the lithology and distance to the drainage network derived from the HYDRO1k Elevation Derivative Database, which was also used to determine the slope
length (Ls ) and slope tan(αs ).
In addition, the wilting point (θE wp,j ) for each soil layer (j) was calculated with
matric suction [m] at wilting point (ψwp ), matric suction [m] at air entry value (ψae,j )
according to Clapp and Hornberger (1978), and pore size distribution parameter (βj )
(varies on average between ∼4 and ∼11 over the range from sand to clay) according
to Clapp and Hornberger (1978):
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θE

wp,j

=

ψwp
ψae,j



−1
βj



(A.26)
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Appendix B

Desalination and
groundwater
abstraction

Based on: Wada, Y., Van Beek, L. P. H., Bierkens, M. F. P. (2011), Modelling
global water stress of the recent past: on the relative importance of trends in water
demand and climate variability, Hydrology and Earth System Sciences 15, 3785-3808,
doi:10.5194/hess-15-3785-2011.

B.1

Desalination

Desalination is realised mostly by using distillation and membrane technology. Large
amounts of desalinated water are being consumed in the Middle East and North Africa
(the MENA region), where over 70% of the global desalination capacity is installed
(World Water Assessment Programme (WWAP), 2003) and people receive only 1%
of the global runoff (Vörösmarty et al., 2005). Although energy and economic costs
to process sea water to produce purified water is still much higher than conventional
water supply measures such as irrigation supply and groundwater pumping (The 2030
Water Resources Group, 2009), the amount of desalinated water use has been rising
since the 1990s and reached 4.41 km3 yr−1 in 2000. Table B.2 gives past desalinated
water use from 1960 to 2000.
The amount of desalinated water use is generally small (see Table B.2) compared
to total water demand in most of countries in the world but has a large impact on
WSI in some countries in the Middle East. Figure B.1 shows simulated WSI with
and without inclusion of desalinated water use for Kuwait, Qatar, Saudi Arabia and
United Arab Emirates. In Kuwait, the amount of desalinated water use has been
increasing since 1960 and it satisfies nearly half of total water demand for 2000. In
Qatar and United Arab Emirates, desalinated water meets one-third and quarter of
total water demand, respectively. Although Saudi Arabia uses the largest amount of
desalinated water in the Middle East, the impact on simulated WSI is less compared
to the other countries due to the much larger demand.

B.2

Groundwater abstraction

Table B.3 shows data and model based estimates of the global groundwater abstraction. The data based estimates are mainly based on country statistics and have a
fairly good agreement, falling into a range of 600 to 800 km3 yr−1 . On the other
hand, the model based estimates vary significantly among the studies. Wisser et al.
(2010) estimate total groundwater abstraction to be 1708 km3 yr−1 which is twice as
339

(A)

Kuwait

1
0.9
0.8

WSI [-]

0.7
0.6
0.5
0.4
0.3
0.2
0.1

Without desalinated water use

1

2

3

4

5

6

7

8

Time [month]

9

10 11 12

20
00
20
01

19
98

19
96

19
94

19
92

19
90

19
88

19
86

19
84

(D)

Saudi Arabia

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

WSI [-]

WSI [-]

WSI [-]

(C)

Qatar

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

19
82

Time [year]

With desalinated water use

(B)

19
80

19
78

19
76

19
74

19
72

19
70

19
68

19
66

19
64

19
62

19
60

0

1

2

3

4

5 6 7 8
Time [month]

9

10 11 12

United Arab Emirates

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1

2

3

4

5

6

7

8

9

10 11 12

Time [month]

Figure B.1 Comparisons of simulated country-averaged monthly water scarcity index
[WSI; y-coordinate; dimensionless] between that with the inclusion of desalinated water
use and that without desalinated water use for a) Kuwait (1960-2001), b) Qatar (2000), c)
Saudi Arabia (2000) and d) United Arab Emirates (2000).

large as the data based estimates. Döll (2009) estimates that to be 1100 km3 yr−1
based on a fraction of groundwater to total water withdrawals per country multiplied
with grid cell estimates of total water withdrawals computed by WaterGAP (Alcamo
et al., 2003a). Vörösmarty et al. (2005), Rost et al. (2008), Wisser et al. (2010),
Hanasaki et al. (2010) and Pokhrel et al. (2012a) implicitly quantified the amount
of non-renewable groundwater abstraction based on the amount of water demand
exceeding locally accessible supplies of blue water. As a result, their estimates are
sensitive to estimated water demand (1206–3557 km3 yr−1 ) and simulated blue water
availability (36,921–41,820 km3 yr−1 ) and the uncertainties are large.
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Table B.1

Previous studies

Previous global studies to estimate irrigation water demand.

Climate input

Reference
evapotranspiration

Döll and Siebert CRU TS 1.0 (New et al.,
Priestley and Taylor
(2002)
2000)
Hanasaki et al.
(2006)
Rost et al.
(2008)

ISLSCP (Meeson et al.,
1995)

FAO
Penman-Monteith

Irrigated area

Crop

Crop calendar

Additional components

Gross/Net demand
(km3 yr−1 )

Year

Spatial
resolution

Döll and Siebert
(2000)

Paddy
Non-paddy

Optimal growth

Irrigation efficiency
Cropping intensity

2452/1091.5

Avg.
1961-1990

0.5◦

Döll and Siebert
(2000)

Paddy
Non-paddy

Optimal growth

Irrigation efficiency

2254/1127

Avg.
1987-1988

0.5◦

Simulate vegetation/crop
growth by LPJmL
(Bondeau et al., 2007)

IPOT and ILIM Green
water use Irrigation
efficiency

2555/1364IPOT
1161/636ILIM

Avg.
1971-2000

0.5◦

Optimal growth

Irrigation efficiency
Flooding applied to paddy
irrigation

3000-3400CRU FAO
3700-4100CRU IWMI
2000-2400NCEP FAO
2500-3000NCEP IWMI

Avg.
1963-2002

0.5◦

Portmann et al. (2008)

Green water use

2099/1180PM 2404/1448PT

Avg.
1998-2002

0.5◦

2380/1530

Avg.
1985-1999

0.5◦

CRU TS 2.1 (Mitchell and Gerten et al. (2007): Siebert et al. (2007)
11 crops pasture
Jones, 2005)
Priestley and Taylor
Evans (1997)

Wisser et al.
(2008)

CRU TS 2.1CRU
NCEP/NCARNCEP Kalnay
et al. (1996)

FAO
Penman-Monteith

Siebert and Döll
(2010)

CRU TS 2.1

FAO
Penman-MonteithPM
Priestley and
TaylorPT

Hanasaki et al.
(2010)

NCC-NCEP/NCAR
reanalysis CRU corr.
(Ngo-Duc et al., 2005)

Sulser et al.
(2010)

CRU TS 2.1

Wada et al.
(2011b)

CRU TS 2.1

FAO
Penman-Monteith

Pokhrel et al.
(2012a)

JRA-25 Reanalysis (Kim
et al., 2009; Onogi et al.,
2007)

FAO
Penman-Monteith

Siebert et al. (2005,
Monfreda et al.
2007)FAO Thenkabail
(2008)
et al. (2006)IWMI

Portmann et al.
(2008)

26 crops

Simulate a cropping
Bulk formula
Monfreda et al.
Irrigation efficiency Virtual
Siebert et al. (2005)
calendar by H08 (Hanasaki
(2008)
water flow
(Robock et al., 1995)
et al., 2008b)
20 crops (You
et al., 2006)

FAO CROPWAT with
some adjustments

Future scenarios
(TechnoGarden, SRES B2
HadCM3 climate)

3128/14232000
4060/16032025
4396/17852050

2000 2025
2050

281 Food
Producting
Units

Portmann et al.
(2008)

26 crops

Portmann et al. (2008)
Siebert and Döll (2008)

Green water use Irrigation
efficiency

2057/1176

Avg.
1958-2001

0.5◦

Siebert et al. (2007)
and Freydank and
Siebert (2008)

18 crops Leff
et al. (2004)

SWIM model (Krysanova
et al., 1998)

Energy balance Soil
moisture deficit
Preplanting irrigation

2158(±134)/906(±62)a
2462(±130)/1021(±55)b

Avg.
1983-2007a
2000b

1.0◦

Priestley and Taylor Siebert et al. (2007)
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Table B.2 Past desalinated water use with the largest user (%) from 1960 to 2000 based
on the FAO AQUASTAT data base.
1960

1970

1980

1990

2000

2.74

4.41

Globe [km3 yr−1 ]
0.26

0.42

0.94
Largest user

Saudi
Arabia
(62%)
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Saudi
Arabia
(55%)

Saudi
Arabia
(40%)

Saudi
Kazakhstan
Arabia
(31%)
(25%)

Table B.3

Global estimates of groundwater abstraction.

km3 yr−1

Total/Non-renewable

Year

Gross/Net

Runoff/Recharge

Sources

Data based estiamtes
Postel (1999)

NA/around 200

NA

–

–

Based on various literature and statistics

IGRAC-GGIS

734/NA

2000

–

–

Based on various literature and country statistics

Shah et al. (2000)

750-800/NA

Contemporary
conditions

–

–

FAO AQUASTAT, Llamas et al. (1992), Takeuchi and Murthy
(1994)

Zektser and Everett
(2004)

600-700/NA

Contemporary
conditions

–

–

Based on various country statistics

Model based estiamtes
Vörösmarty et al.
(2005)

NA/389Irr. -830Total

Average of
1995-2000

3557Total /1206Irr.

39,294/NA

Implicitly simulated by WBM (0.5◦ ) (Vörösmarty et al., 2000b,
2005; Fekete et al., 2002)

Rost et al. (2008)

NA/730

Average of
1971-2000

2534-2566
/1353-1375

36,921/NA

Implicitly simulated by LPJmL (0.5◦ ) with four different
precipitation inputs

Döll (2009)

1100/NA

2000

4020/1300

38,800/NA

Implicitly calculated based on water withdrawals and a fraction of
groundwater to water withdrawals

Wisser et al. (2010)

1708/1199

Contemporary
conditions

2997/NA

37,401/NA

Implicitly simulated by WBMplus (0.5◦ )

Hanasaki et al. (2010)

NA/703

Average of
1985-1999

NA/1690

41,820/NA

Implicitly simulated by H08 (1.0◦ ) (Hanasaki et al., 2008a,b)

Siebert et al. (2010)

545/NA

2000

NA/1277

39,549/12,600

Based on statistics of 15,038 national or sub-national
administrative units for irrigation purpose only

Wada et al. (2010)

734(±82)/283(±40)

2000

NA/NA

36,200/15,200

Explicitly calculated based on IGRAC-GGIS data and simulated
groundwater recharge (0.5◦ )

Pokhrel et al. (2012a)

NA/455(±42)

2000

2462(±130)/
1021(±55)

NA/NA

Unsustainable water use simulated by MATSIRO (1.0◦ ) with five
different precipitation inputs
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Table B.4 Correlation between computed gross water demand and reported water withdrawal from the FAO AQUASTAT data base and between computed gross and net water
demand and estimated water withdrawal and water consumption of Shiklomanov (2000a,b)
per country. R 2 and α denote the coefficient-of-determination and the slope of regression
line, respectively.

FAO AQUASTAT
Sector

1970

1975

1980

1985

1990

1995

2000

Agriculture

R2
α

0.98
0.88

0.98
0.90

0.96
1.00

0.97
1.05

0.97
0.99

0.99
1.10

0.98
0.98

Industry

R2
α

0.98
0.96

0.99
0.94

0.98
0.80

0.97
0.99

0.97
0.99

0.92
0.80

0.98
0.90

Domestic

R2
α

0.97
1.15

0.98
0.98

0.95
1.01

0.97
0.90

0.98
1.10

0.96
0.90

0.95
1.06

Total

R2
α

0.96
1.12

0.98
0.90

0.99
1.10

0.96
1.02

0.96
0.99

0.98
1.08

0.96
0.99

Shiklomanov (2000a,b)
Sector
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1960

1970

1980

1990

1995

2000

Total (gross)

R2
α

0.92
1.11

0.91
1.10

0.94
1.08

0.97
0.99

0.95
0.94

0.95
0.94

Total (net)

R2
α

0.96
1.16

0.97
1.15

0.96
1.10

0.97
1.12

0.95
1.05

0.94
0.99

DJF

MAM

SON
< 0.1

0.1 - 0.2

0.2 - 0.4

JJA
0.4 - 0.8

0.8 - 1 [-]

Figure B.2 Long-term mean (1960-2001) of annual country averaged water scarcity index
(dimensionless) and that for each season (clockwise from top-left; DJF: December-JanuaryFebruary, MAM: March-April-May, JJA: June-July-August, SON: September-OctoberNovember).
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Appendix C

Hydrological drought

Based on: Wada, Y., Van Beek, L. P. H.,Wanders, N., Bierkens, M. F. P.
(2013), Human water consumption intensifies hydrological drought worldwide, Environmental Research Letters 8, 034036, doi:10.1088/1748-9326/8/3/034036.

C.1

Methods

C.1.1 Calculation of standard error and testing significance
We performed a statistical test to assess whether the intensification (in terms of
standardized deficit volume) due to human water consumption is significant. We first
calculated the standard error by comparing the standardized deficit volume calculated
from observed and simulated streamflow (under transient water consumption) for all
drought events over each of 23 basins used in this study:
v
u
2
N
u
X
1
t
(SDfv Obs,k ,i −SDfv ModT ,k ,i )
(C.1)
Estd =
(N − 1 ) k =1
where E std is the standard error, N is the number of drought events. Subscripts Obs,
ModT, and k denote Observed, Modeled (under transient water consumption), and
each drought event per grid cell, i, (0.5◦ ), respectively.
We then plotted the standard error calculated for each basin (y-coordiante) against
the average standardized deficit volume for each basin (0–1; x-coordinate). From
this it was found that there is no significant relationship between the two. As a
result, we calculated the average standard error (=0.06) over all basins, and used
it as an estimate of the standard error for all drought events. We then compared
the difference (in terms of standardized deficit volume) between that under pristine
condition (ModP ) and that under transient water consumption (ModT ) to two times
average standard error to test whether the change due to human water consumption
is significant (p-value <0.05).
SDf v M odP,k,i − SDf v M odT,k,i ≥ 2Estd,avg = 0.12

(C.2)

As a result, we highlighted regions where the change is significant in Figures 5.2
and C.3.
C.1.2 Calculation of standard error in indexed drought frequency
To quantify the standard error in simulated drought frequency we used 23 basins as
representative samples over the globe. First, we calculated the number of drought
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occurrences for all 23 basins for a given year, k, for both observed and simulated
streamflow to obtain per year a relative drought frequency as:
1
RDF all,k = Nbasin
×12

PNbasin P12
j=1

m=1 Ij,m,k ,


where Ij,m,k =

1 (in case of drought)
0
(if no drought)

(C.3)

where RDF is the relative drought frequency, N basin is the number of basins (23
basins), and I is the drought occurrence for a given month. Subscripts j, m, and k
denote per basin, per month, and per year (1960-2010), respectively.
We then estimated the standard error of simulated relative drought frequency from
the observed and simulated relative drought frequencies for the years 1960-2010:
v
u
2
Nyear
u
X
1
t
(RDF Obs,all,k −RDF M odT,all,k )
(C.4)
σstdf =
(Nyear −1) k=1
where σ stdf is the standard error and N year is the number of years (1960-2010).
Subscripts Obs and ModT denote Observed and Modeled (under transient water
consumption), respectively.
This calculation resulted in a standard error of relative drought frequency of ∼0.15,
which is taken as a measure of the uncertainty in simulated indexed drought frequency. When calculating the standard error of the difference in two indexed drought
frequency (simulated under pristine conditions and transient water consumption), we
need to apply the following relationship:
q
2
2
σstdf,dif f = σstdf,M
odP + σstdf,M odT −2ρM odP,M odT ×σ stdf,M odP ×σ stdf,M odT

(C.5)

where σ stdf,dif f is the standard error of the difference in two simulation runs (under
pristine conditions and transient water consumption) and ρ is the correlation between
errors in simulated drought frequency for pristine conditions (εstdf,M odP ) and transient
consumption (εstdf,M odT ). Subscripts ModP and ModT denote Modeled under pristine
conditions and Modeled under transient water consumption, respectively. Here, since
no observation data is available for streamflow (and drought frequency) under pristine
conditions, we used the same standard error of ∼0.15 for both pristine conditions and
transient water consumption.
The result depends on the correlation between the errors of εstdf,M odP and εstdf,M odT .
Because we are subtracting two quantities that have been simulated with the same
model with same climate forcing, the correlation is certainly not 0 and likely to be
high. Taking the correlation coefficient of the error equal to the correlation coefficient between the time series themselves (pristine conditions and transient water
consumption) would then result in a standard deviation of the difference between two
indexed frequencies (Figure 5.3; pristine conditions and transient water consumption). We calculated the correlation coefficient over the globe (0.92) and for each
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continent: Asia (0.88), North America (0.92), Europe (0.94), Africa (0.98), South
America (0.98), Oceania (0.99). We then obtained the standard deviation of the difference between two indexed frequencies (Equation C.5) over the globe (0.06) and
for each continent: Asia (0.07), North America (0.06), Europe (0.05), Africa (0.03),
South America (0.03), Oceania (0.02).

C.2

Results

C.2.1 Further validation of simulated drought deficit volumes
Table C.2 compares average drought characteristics per river basin, and Figure C.2
shows time series comparison of calculating deficit volumes. Observed monthly streamflow was compared to simulated monthly streamflow under transient human water
consumption. For the comparisons, we selected several major basins of the world that
cover a wide range in climate and human impacts including reservoir regulation. Our
simulated streamflow is generally comparable to observed streamflow for most of the
basins, where R 2 is over 0.9 except the Elbe and Zambezi, and NSC (Nash-Sutcliffe
model efficiency coefficient) is over 0.6 except the Elbe, Congo, and Zambezi. Simulated drought characteristics, i.e. duration, deficit volume, and standardized deficit
volume, are also fairly close to those derived from observed streamflow for most of
the basins. Including human water consumption generally improves the results for
most basins including the Orinoco, Parana, Mississippi, Rhine, Danube, Mekong, and
Yangtze, and reduces the deviations between simulated and observed drought characteristics. For the Elbe, Congo, and Zambezi, human water consumption has little
influence on drought characteristics. When looking at individual drought events (Figure C.2), for the Orinoco we failed to capture the drought of 1973 due to overestimated
streamflow, while 1971 was incorrectly classified as a drought due to underestimated
streamflow. For the Parana, the mismatches occurred for the years 1966, 1970, and
1971, when simulated streamflow was over- or underestimated. For the Mississippi
where streamflow is regulated by a number of reservoirs, and reduced by human
water consumption, simulated deficit volumes compare well with those derived from
observed streamflow, except for the deficit volume for 1992, which is overestimated by
50% due to underestimated streamflow. For the Rhine and Danube, simulated deficit
volumes also show good agreement with those calculated from observed streamflow,
whereas the results for the Elbe are poorly simulated by our model throughout the
period. For the Congo, both the timing and deficit volume are not always well reproduced by our model, despite the good correlation between simulated and observed
streamflow (R 2 = 0.95). For the Zambezi, although our simulated streamflow does
not compare well with observed streamflow (R 2 = 0.75, α = 0.47, and NSC = -1.2),
simulated drought characteristics and deficit volumes agree relatively well with those
derived from observed streamflow. This is likely due to the fact that our simulated
streamflow reproduces well peak flow under dry climate relative to that under wet climate. In other words, dry and wet periods are rather clearly defined in the Zambezi.
Despite the underestimated streamflow, simulated drought characteristics and deficit
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volumes for the Mekong and Yangtze compare well to those calculated from observed
streamflow, primarily due to the fact that seasonal flow regime is well reproduced.

C.3
C.3.1

Discussion

Intensified hydrological droughts and its societal and environmental
impacts
Due to persistent low flow conditions caused by upstream and local water consumption, intensified hydrological droughts likely have large impacts on the society and
environment. As a first-order approximation, we assessed such impacts for our society: 1) cooling in thermal power plants (∼stream discharge), 2) navigation (∼stream
water height), and for environment: 3) aquatic ecosystems (∼stream temperature) in
the Mississippi river basin. We characterised the detrimental effect in percent change
(%) for 1) and 2), and that in absolute change (degree C) for 3). Figure C.4 depicts stream temperature increase due to decreased streamflow amount simulated by
a global freshwater surface temperature model developed by Van Beek et al. (2012),
potential decrease in the amount of water available for cooling thermal power plants
calculated from our simulated streamflow and the data of consumptive water use for
cooling in thermal power plants (Vassolo and Döll, 2005), and decrease in stream
water height due to reduction in streamflow simulated by this study. Note that we
calculated 3) the stream temperature increase during the summer period (June to August) when human water consumption reaches the peak and the impact on aquatic
ecosystems is most detrimental as stream temperature is highest over the year. In
addition, since reduction in streamflow does not always lead to decrease in cooling
capacity of thermal power plants, we consider the result 1) ‘potential’ decrease in
amount of water available for cooling thermal power plants. The results show large
impacts of human water consumption on stream temperature, available water for cooling thermal power plants, and streamwater height. In some parts of the Mississippi,
stream temperature increases more than 2 degree C due to upstream and local human water consumption. Decreased streamflow reduces (>30%) the amount of water
available for cooling thermal power plants basinwide. Substantial decrease in stream
water height is observed over regions of major water consumption, but the large decrease remains over tributaries, and the impact on main stream is smaller (∼10%).
These results also show clearly the impact of upstream human water consumption in
downstream stream temperature and water height through river network.
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Table C.1 Simulation runs used to calculate deficit volumes.

Run

Climate

Consumption

Threshold level
(Q80 )

Implication

Pristine
(first)

Variable
(1960-2010)

No consumption

Pristine

Hydrological drought under
climate variability only

1960 consumption
(second)

Variable
(1960-2010)

Fixed at 1960
consumption

Pristine

Intensification of hydrological
drought due to 1960
consumption level

Transient
consumption
(third)

Variable
(1960-2010)

Transient
(1960-2010)

Pristine

Intensification of hydrological
drought due to transient
consumption over 1960-2010
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Table C.2 Comparison of average drought characteristics per drought event derived from observed (O) and simulated streamflow
with (T: transient human water consumption) and without human water consumption (P: pristine condition) for major basins of the
world. The observed streamflow was taken from the selected GRDC stations closest to outlets. R 2 (the coefficient of determination), α
(slope; x-coordinate: simulated streamflow; y-coordinate: observed streamflow), and NSC (Nash and Sutcliffe, 1970) were calculated
from comparison between monthly simulated and monthly observed streamflow.

R2

River Basin

α

NSC

Duration [month]

Deficit volume [m3 ]

Standardized deficit
volume [-]
O
P
T

P

T

P

T

P

T

O

P

T

O

P

T

Orinoco

0.90

0.92

0.97

0.98

0.60

0.74

2.6

2.4

2.6

6624

5245

5623

0.66

0.38

0.44

Parana

0.89

0.93

0.62

0.71

-1.9

-0.76

2.6

2.1

2.3

5259

3967

6416

0.42

0.28

0.37

Mississippi

0.90

0.94

0.90

1.24

0.51

0.64

2.3

1.1

2.8

5234

3285

5950

0.56

0.37

0.65

Rhine

0.94

0.96

0.92

1.03

0.69

0.74

2.5

1.6

1.8

680

458

632

0.43

0.39

0.42

Danube

0.95

0.97

0.82

0.90

0.50

0.65

2.2

1.9

2.0

1667

1285

1764

0.38

0.32

0.36

Elbe

0.82

0.84

0.66

0.70

-0.64 -0.34

2.6

1.2

1.4

182

158

233

0.48

0.38

0.39

Congo

0.95

0.95

0.80

0.80

-1.3

-1.1

3.9

2.3

2.3

9027

7987

8021

0.27

0.20

0.20

Zambezi

0.75

0.75

0.47

0.47

-1.2

-1.2

5.7

4.6

4.6

826

1310

1341

0.75

0.82

0.82

Mekong

0.88

0.92

1.35

1.35

0.69

0.72

2.4

1.8

2.5

1464

625

1216

0.72

0.32

0.64

Yangtze

0.92

0.97

1.32

1.32

0.60

0.65

2.1

1.5

2.3

5420

2612

4102

0.44

0.21

0.31

Table C.3 Comparison of average, minimum (low), and maximum (peak) streamflow derived from observed (O) and simulated
streamflow [m3 s−1 ] with (T: transient human water consumption) and without human water consumption (P: pristine condition) for
major basins of the world. The observed streamflow was taken from the selected GRDC stations with the longest available records
(N >120; 1960-2010) for each basin. R 2 (the coefficient of determination) and NSC (Nash and Sutcliffe, 1970)were calculated from
comparison between observed and simulated monthly streamflow.

River basin

Qavg

Qmin

Streamflow [m3 s−1 ]
O
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Amazon
Orinoco
Parana
Congo
Nile
Blue Nile
White Nile
Niger
Orange
Zambezi
Murray
Mekong
Brahmaputra
Ganges
Indus
Yangtze
Huang He
Mississippi
Columbia
Mckenzie
Lena
Volga
Dnieper
Danube
Rhine
Elbe

P

R2
T

176,418 158,846 158,100
31,206 31,986 31,947
16,595 25,056 24,210
40,251 45,522 45,210
1251
8056
6501
1513
2812
2432
939
4201
4110
887
2490
2380
286
796
621
1169
1992
1891
9
61
32
7968
8052
7821
21,112 18,852 17,582
12,037 10,821
9,251
2904
3722
2100
28,521 25,196 24,032
1261
1821
1281
17,150 18,210 16,890
5371
5582
5280
9477
8021
7802
16,704 17,506 17,478
8141
8025
7828
1492
1825
1582
6415
7280
6620
2253
2528
2281
680
825
705

Qmax

Streamflow [m3 s−1 ]

NSC

R2

Streamflow [m3 s−1 ]

NSC

P

T

P

T

O

P

T

P

T

P

T

0.96
0.90
0.89
0.95
0.80
0.78
0.88
0.58
0.68
0.75
0.76
0.88
0.77
0.78
0.63
0.92
0.71
0.90
0.92
0.74
0.82
0.80
0.86
0.95
0.94
0.82

0.96
0.92
0.93
0.95
0.84
0.82
0.90
0.59
0.72
0.75
0.92
0.92
0.78
0.79
0.70
0.97
0.76
0.94
0.94
0.74
0.82
0.82
0.88
0.97
0.96
0.84

0.42
0.60
-1.9
-1.3
<-10
0.02
<-10
-8.70
0.21
-1.2
0.18
0.69
0.58
0.74
0.16
0.60
0.26
0.51
0.44
0.33
0.55
0.63
0.20
0.50
0.69
-0.64

0.42
0.74
-0.76
-1.1
<-10
0.05
<-10
-8.70
0.32
-1.2
0.26
0.72
0.60
0.76
0.39
0.65
0.56
0.64
0.50
0.34
0.56
0.67
0.15
0.65
0.74
-0.34

69,271
4359
6108
24,360
735
50
509
3
1
146
0
1045
3314
1181
208
1110
96
4221
2145
2132
721
3165
434
2338
820
218

57,623
6821
6787
26,792
2502
1305
1611
240
238
281
25
1582
3401
1281
582
5825
402
5202
2312
3088
3201
2856
652
2808
982
328

57,511
6193
6707
26,778
786
828
1201
0
12
52
1
1108
3201
682
82
3821
52
4408
1825
2810
3182
2658
201
2201
781
181

0.77
0.58
0.72
0.73
0.64
0.53
0.45
0.20
0.23
0.66
0.48
0.76
0.74
0.72
0.51
0.25
0.28
0.74
0.72
0.68
0.44
0.74
0.64
0.75
0.76
0.69

0.77
0.60
0.75
0.73
0.67
0.73
0.70
0.88
0.85
0.76
0.81
0.87
0.75
0.70
0.77
0.47
0.74
0.77
0.78
0.76
0.44
0.77
0.83
0.77
0.85
0.82

0.41
0.48
0.09
-0.09
<-10
0.02
-5.82
-4.54
-2.06
0.08
0.01
0.64
0.56
0.60
0.16
-2.80
-3.05
0.61
0.36
0.12
0.53
0.51
0.20
0.45
0.69
0.14

0.41
0.53
0.22
-0.09
0.45
0.05
0.18
0.38
0.25
0.08
0.04
0.69
0.62
0.50
0.38
0.10
0.28
0.64
0.48
0.33
0.54
0.55
0.34
0.50
0.70
0.50

O

P

R2
T

306,345 269,413 269,311
85,964 80,512 80,482
54,500 52,021 51,185
80,833 88,924 88,621
5850
15,202 12,082
7205
9426
9028
2396
12,810 11,980
12,314 15,870 15,650
4458
3878
3552
7352
8892
8675
176
450
251
32,953 28,895 28,582
59,326 49,637 48,852
65,072 52,802 51,808
22,500 18,590 15,870
84,200 68,796 68,592
5340
5820
5284
55,056 46,870 45,850
16,738 12,825 11,892
24,742 18,875 18,652
103,830 88,828 88,250
39,400 28,946 28,871
6830
6980
6750
14,518 17,612 16,828
7279
6082
5881
2345
2752
2561

NSC

P

T

P

T

0.83
0.82
0.89
0.80
0.12
0.53
0.37
0.66
0.78
0.84
0.39
0.62
0.61
0.59
0.82
0.60
0.95
0.78
0.79
0.56
0.78
0.61
0.97
0.68
0.72
0.86

0.83
0.82
0.89
0.80
0.12
0.53
0.38
0.66
0.75
0.85
0.66
0.71
0.61
0.57
0.63
0.60
0.98
0.76
0.74
0.62
0.78
0.61
0.98
0.70
0.70
0.94

0.34
0.39
0.07
-0.07
<-10
0.02
<-10
0.28
0.32
0.57
0.01
0.52
0.46
0.49
0.33
-2.29
0.62
0.50
0.39
0.20
0.44
0.42
0.76
0.37
0.66
0.65

0.34
0.39
0.07
-0.07
<-10
0.02
<-10
0.28
0.18
0.58
0.38
0.66
0.51
0.41
-0.15
-2.50
0.85
0.45
0.29
0.10
0.44
0.42
0.86
0.41
0.57
0.81
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Table C.4 Comparison of observed and simulated streamflow [m3 s−1 ] with (T: transient human water consumption) and without
human water consumption (P: pristine condition) for all available GRDC stations. Evaluated are all long−term statistics from the
GRDC inventory and those for stations with matching data (>10 years) over the simulation period 1960–2010. α (slope; x-coordinate:
simulated streamflow; y-coordinate: observed streamflow) and R 2 (the coefficient of determination) were calculated from comparison
between monthly observed and simulated streamflow with the intercept forced through the origin.

Monthly
discharge Q
[m3 s−1 ]

Long-term statistics (N =2232)

Simulation period 1960-2010
(N =2012)

R2

α

R2

α

P

T

P

T

P

T

P

T

Average

0.88

0.92

0.90

0.94

0.90

0.94

0.91

0.94

Minimum

0.78

0.90

0.88

0.95

0.79

0.90

0.87

0.96

Maximum

0.88

0.89

0.76

0.77

0.92

0.93

0.76

0.77

0-2

2 - 20

20 - 100

100 - 300

300 - 1000

2500
Sectoral consumption [km3 yr-1]

2250

(b)

2000
1750
1500

1000 - 2000
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4500
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Total withdrawal
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0
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Total withdrawal [km3 yr-1]

(a)

0
2010

Time [year]

Figure C.1 (a) Estimated total consumptive water use for the year 2010 [million m3 yr−1 ]
and (b) time series of estimated sectoral consumptive water use and total water withdrawal
from 1960 to 2010 [km3 yr−1 ]
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Figure C.2 Time series comparison of calculating deficit volumes [1000 m3 ] from observed
streamflow (Obs.) and from simulated streamflow under transient consumption (Mod.) for
(a) Orinoco, (b) Parana, (c) Mississippi, (d) Rhine, (e) Danube, (f) Elbe, (g) Congo, (h)
Zambezi, (i) Mekong, and (j) Yangtze. 10-year period was selected for the comparison, in
which deficit volumes and drought events are highlighted. The observed streamflow was
taken from the selected GRDC stations closest to outlets.
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(c)
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9
0.
8
0.
7
0.
6
0.
5
0.
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1

Standardized Deficit Volume [-]

Figure C.3 Comparison of standardized deficit volumes [-] with (left) pristine condition
and with (middle) transient human water consumption, and (right) relative contribution
of human water consumption [%] for major drought events over (a,b,c) North America
(1988), (d,e,f) Europe (1976), (g,h,i) Oceania (2006), (j,k,l) South America (2010), and
(m,n,o) Africa (1984). We tested whether the change due to human water consumption
is significant by calculating the standard error from observed and simulated standardized
deficit volume (under transient human water consumption) for all drought events over each
basin. We used the average standard error over all basins as an estimate for all drought
events. We then compared the change to two times average standard error (p-value <0.05)
to test the significance. Areas with significant change are highlighted with dark-grey lines.
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Stream temperature
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Figure C.4 (a,b) Stream temperature increase [degree C] during the summer (June to
August), (c,d) potential decrease in the annual amount of water available for cooling thermal power plants [%], and (e,f) decrease in annual stream water height [%] as a result of
streamflow reduction due to human water consumption for (left column; a,c,e) the longterm average (1960-2010) and for (right columns; b,d,f) the major drought event (2002)
over the Mississippi river basin. The Mississippi river basin, the river network, and the
major water consumed regions are depicted respectively with a solid and bold black line,
a solid black line, and solid and bold grey lines. These changes were estimated by taking
the difference between each calculation (stream temperature, cooling thermal power plants,
and stream water height) under the pristine condition and that under transient human
water consumption. Stream temperature was simulated with a global freshwater surface
temperature model developed by Van Beek et al. (2012), the change in the amount of water
available for cooling thermal power plants was calculated using simulated streamflow under
the pristine condition and under transient water consumption, and the data of consumptive
water use for cooling in thermal power plants calculated by the WaterGAP model (Vassolo
and Döll, 2005), the decrease in stream water height was calculated taking the difference
between simulated stream water height under the pristine condition and under transient
water consumption by this study.
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Appendix D

Uncertainty assessment
of groundwater
depletion

Based on: Wada, Y., van Beek, L. P. H., van Kempen, C. M., Reckman, J.
W. T. M., Vasak, S., Bierkens, M. F. P. (2010) Global depletion of groundwater
resources, Geophysical Research Letters 37, L20402, doi:10.1029/2010GL044571.

D.1

Methods

D.1.1 Groundwater depletion from recharge minus abstraction
As stated, to limit problems related to the “water budget myth” (Bredehoeft, 2002)
we restrict our analysis to the sub-humid to arid regions of the world, where yearly
precipitation is smaller than yearly potential evaporation (Holdridge, 1967). These
regions are depicted in Figure D.2, where precipitation and potential evaporation
were calculated from the CRU dataset (New et al., 2000). Here, drainage densities
are low and the supply of surface water from streams and lakes to groundwater is limited, so that abstraction will generally not lead to increased recharge. Moreover, we
are generally dealing with bounded aquifers that are exploited by thousands of small
wells spread across the aquifer extent, which at the scale of our analysis can be seen
as a diffuse sink. Indeed, reported groundwater abstractions are large and widespread
in irrigation regions with limited surface water availability, i.e. the drier zones. Figure D.3 shows schematic such a situation. Here R is groundwater recharge, which
may also include leakage from streams entering the area, Qg is groundwater discharge,
here represented as baseflow but it could also be evaporation from e.g. phreatophytes,
and Qp is groundwater pumping. In virgin conditions we have R = Qg , while in case
of pumping: R − Qp = Qg . So if one starts pumping at many locations in the
aquifer, groundwater discharge will decrease. A sustainable abstraction can even be
larger than the recharge if Qg becomes negative. This could happen if groundwater
discharge changes sign, which can only be the case if we have rivers or streams running through the area that obtain water from outside the basin and start infiltrating.
This infiltration is however limited by streambed conductance. Moreover, if we restrict ourselves to sub-humid tot arid regions, stream density and hence the streams’
infiltrating areas are very small compared to the aquifer size. This means that in a
situation where Qp >>R, we have that river bed infiltration −Qg <<Qp . This then
also means that persistent groundwater depletion will occur, i.e. groundwater will
continue to be removed from storage without reaching an equilibrium (except that
groundwater stores will eventually become exhausted).
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Using an enclosed aquifer example Bredehoeft (2002) also demonstrates that even
if groundwater pumping exceeds natural recharge, it may take a long while before a
noticeable reduction of groundwater discharge occurs, i.e. there are large dynamic
effects. This may be true for an isolated well (or well field) at large distance from
a discharge area. However, as explained above, in areas with extensive groundwater
exploitation mostly related to irrigation, there are thousands of private wells spread
across the entire aquifer extent, which can at the scale of our analysis effectively be
seen a diffuse sinks that will impact the groundwater levels instantaneously across
the entire aquifer, or at least across the region where groundwater over-abstraction
occurs. So, in conclusion: when restricted to the drier regions of the world, looking
at large scales, and thousands of wells spread across aquifers of limited horizontal
extent, current groundwater depletion can be estimated by confronting abstraction
with natural recharge.
D.1.2 Uncertainty analysis groundwater recharge
Groundwater recharge is a difficult to estimate and is likely to be subject to significant errors. As it is rarely observed directly, especially at the scale at which it is
modeled here, we can only assess its uncertainty indirectly by modeling the error
structure. We have two sources by which to identify this error. The first source is
from comparing the reported global groundwater recharge of Döll and Fiedler (2008),
12.7×103 km3 yr−1 , with our own estimate of 15.2×103 km3 yr−1 . We adopt a conservative approach attributing the difference between the two model results fully to our
own model (as opposed to viewing the two model results as two independent samples
of the true but unknown groundwater recharge). The error standard deviation of
total groundwater recharge estimated from (RG1 , RG2 ) the two estimates of global
groundwater recharge) then becomes:
σ̂GR = |RG1 − RG2 |

(D.1)

This error contains errors in model structure and meteorological forcing which are
both different between the two models.
The second source of information follows from the discharge data. Using runoff
data from the Global Runoff Data Centre (Global Runoff Data Centre (GRDC),
2004) we can compare runoff from our model with observed runoff (see Figure D.4
for a comparison using all stations). It can be seen that the model performs better
for the larger catchments, i.e. with larger discharge (in m3 s−1 ), than for the smaller
ones, which is expected given the global nature of PCR-GLOBWB. We are however
interested at error at the scale of a single pixel, so we selected only runoff stations
with upstream areas smaller than 10000 km3 (close to three pixels in size; we took
the upper limit larger than 1 pixel size to keep enough stations for proper statistics).
For each station, the absolute difference between observed Ql and predicted Q̂l runoff
is an approximation of the error standard deviation at the grid scale:
σ̂lQ ≈ Q̂l − Ql
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(D.2)

In Figure D.4 Q̂l − Ql is plotted against Q̂l for the smaller catchments. Although
the relationship is not very strong, Figure D.4b suggests that the standard error in
streamflow estimates (important note: normalized by catchment size, so in mm yr−1
instead of m3 s−1 ) is proportional to the streamflow size. So a suitable error model
would be:
σlQ ≡ CVQ · Q̂l

(D.3)

with CVQ a proportionality constant that can be seen as the coefficient of variation
and that can be estimated by the slope of a regression line with an intercept set at
zero. Here we find: CVQ = 0.47.
It is reasonable to assume that the ratio of standard errors of total discharge and
baseflow is the same as the ratio of total discharge and baseflow itself:
Qlb
σlQ,b
=
σlQ
Ql

(D.4)

From this it follows that the coefficient of variation of baseflow is the same as that
of total flow CVQb = CVQ . Also, for natural recharge R we have that the R = Qb ,
which means that we can also assume that CVR = CVQ . Now, using the coefficient of
variation CVR = 0.47 we can subsequently use our estimated recharge map to provide
a map of recharge standard deviations (see Figure D.5, upper left panel).
Figure D.5 provides a map of the standard deviation. However, to be subsequently
used in an error analysis of groundwater depletion and in order to assess the error
standard deviation of global recharge in km3 yr−1 we need to consider the spatial structure of the errors, i.e. the spatial correlation. To this end we assume that the error
field is a wide-sense stationary multivariate Gaussian random function whose spatial correlation can be described with a spherical semi-variogram (Goovaerts, 1997).
Using the geostatistical software package Gstat (Pebesma and Wesseling, 1998), we
employed a Monte Carlo approach to simulate 100 equiprobable realizations of the
error random field and add these to the estimated recharge to obtain 100 equiprobable
realizations of the recharge field. For each simulated recharge field we then estimated
the total global recharge RG (in km3 yr−1 ) and compute the standard deviation of
global recharge, σGR .
However, the range of the semivariogram λ (the spatial distance over which errors
remain correlated) of the error random function is not known. A relevant upper
limit would be the maximum size of the areas for which we consider groundwater
depletion, i.e. the maximum distance across the sub-humid to arid zones. This
distance is 1500 km at maximum (equivalent of 30 model cells). Because the range
of the semivariogram is not known, we assumed it random as well, taking a uniform
distribution between a lower limit λlow and λup =1500 km. The parameters λlow
was tuned such that the standard deviation of the global recharge σGR computed
from the simulated realizations was the same as that from the difference between
PCR-GLOBWB and the result of Döll and Fiedler (2008): σ̂ GR = 2.5 × 103 km3 yr−1 .
In this way the local errors that follow from the runoff comparison are consistent
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with the global error from the comparison with the alternative groundwater recharge
estimate by Döll and Fiedler (2008).
D.1.3 Uncertainty analysis groundwater abstraction
To assess the uncertainty in groundwater abstraction we compared the GGIS country average abstraction A1 (expressed in mm yr−1 ) to alternative sources A2 (such as
found from an internet search, e.g. FAO AQUASTAT). Again, we adopted a conservative estimate of the error standard σA deviation by attributing the difference between
the two sources completely to GGIS, yielding an estimate of σA as:
σ̂A = |A1 − A2 |

(D.5)

Figure D.6 shows the scatter plot of the absolute difference between the two sources
against the GGIS estimate for over 40 countries for which alternative estimates of
groundwater abstraction were found. The figure suggests that the error is proportional
to the area average abstraction rate. An estimate of the slope of a regression line with
intercept zero then provides an estimate of the coefficient of variation: CVA = 0.33.
Using this estimate, the map of the standard deviation of estimated groundwater
abstraction can be estimated from σ̂A , i = CVA Ai (Figure D.5, upper right panel),
where Ai is the abstraction rate (mm yr−1 ) of grid cell, i.
To estimate the standard deviation of global groundwater abstraction, we need the
spatial structure of the errors. Again we assume the error fields to be realizations of a
multi-Gaussian random function with a spherical semivariogram. The semivariogram
range is unknown and taken as a uniformly distributed value between a minimum
λlow = 0 and a maximum λup = 1500 km. The latter is equal to the diameter of
the largest area with a sub-humid to arid climate. We have no information about a
possible lower limit, hence the estimate with the largest uncertainty of λlow = 0 is
used. Using Gstat (Pebesma and Wesseling, 1998) we simulated 100 realizations of
the abstraction error random fields with random semivariogram range. These realizations were added to our map of estimated abstractions to obtain 100 equiprobable
realizations of groundwater abstraction. From these, the estimate of the standard
error in global groundwater abstraction was obtained as σ̂GA = 82 km3 yr−1 (see also
Table D.1).
D.1.4 Groundwater depletion and its uncertainty analysis
To estimate groundwater depletion and the associated standard deviation of the estimation error, we combined the 100 realizations of groundwater recharge with 100
realizations of groundwater abstraction, resulting in 10,000 possible combinations and
hence equiprobable realizations 10,000 of groundwater depletion (assuming errors in
natural groundwater recharge and groundwater abstraction to be independent). Restricting the analysis to the subhumid to arid zones, mean groundwater depletion and
standard deviation of groundwater depletion were calculated per grid cell, yielding
a map of estimated groundwater depletion (Figure D.1) and a map of the standard
deviation of the estimation error (Figure D.5). Based on the Monte Carlo analysis
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Table D.1 provides groundwater abstraction and depletion estimates for several countries and the associated standard errors. The analysis leads to an estimated global
groundwater abstraction (for the subhumid to arid zones) of 283 (±40) km3 yr−1 .

Table D.1 Groundwater abstraction and depletion per selected countries with ranges of
uncertainty in the year 2000 in km3 yr −1 .

Abstraction

Depletion

Depletion/Abstraction
(%)

India
USA
China
Pakistan
Iran
Mexico
Saudi Arabia

190 (±37)
115 (±14)
97 (±14)
55 (±17)
53 (±10)
38 (±4)
21 (±3)

71 (±21)
32 (±7)
22 (±5)
37 (±12)
27 (±8)
11 (±3)
15 (±4)

37 (±19)
28 (±9)
22 (±9)
69 (±48)
52 (±24)
30 (±10)
72 (±30)

Globe

734 (±82)

256 (±38)

34 (±9)
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Figure D.1 (a) Simulated average groundwater recharge by PCR-GLOBWB, (b) total groundwater abstraction for the year 2000 and
(c) groundwater depletion [all figures in million m3 yr−1 ].

Figure D.2 The ratio of yearly precipitation to yearly potential evaporation calculated using the New et al. (2000). To calculate
potential evaporation, reference evaporation was calculated from the CRU data first and then converted into land-use specific potential
evaporation as described in Van Beek (2008). Areas with ratio ≤ 1 are considered in this study, i.e all sub-humid to arid zones. Excluded
are the humid areas.
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Figure D.3 Schematic of water balance of an enclosed aquifer (see Section D.1 for explanation of symbols)
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Figure D.4 (a) scatter plot of observed discharge against discharge as predicted by PCRGLOBWB for all GRDC stations [discharge in m3 s−1 ] showing that PCR-GLOBWB generally does a better job for the larger catchments; (b) scatter plot showing the absolute
difference between discharge predicted by PCR-GLOBWB and observed discharge from
GRDC plotted against predicted discharge [both in mm yr−1 ], suggesting that the standard
error in predicted discharge is proportional to discharge magnitude. The plot only includes
Global Runoff Data Centre (GRDC) (2008) data representing upstream areas smaller than
10000 km3 in order to provide error estimates at the scale of the PCR-GLOBWB model
grids.
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Figure D.5 Estimated standard errors of (a) Simulated average groundwater recharge by PCR-GLOBWB, (b) estimated total groundwater abstraction for the year 2000 and (c) predicted groundwater depletion [all figures in mm yr−1 ].
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Figure D.6 Scatter plot of the absolute difference between GGIS based country-average groundwater abstraction and estimates
from other sources (e.g., FAO AQUASTAT) (both in mm per area) plotted against the GGIS estimate. When assuming that the
standard deviation of the error in groundwater abstraction is proportional to groundwater abstraction itself, the fitted line provides an
estimate of the co-efficient of variation. The following countries are included in this analysis: India, USA, China, Iran, Mexico, Saudi
Arabia, Turkey, Japan, Spain, Netherlands, Libya, Morocco, UAE, Yemen, Tunisia, Oman, Azerbaijan, Lebanon, Armenia, Jordan,
Georgia, Zimbabwe, Kuwait, Qatar, Puerto Rico, Mauritius, Namibia, Botswana, Ghana, Trinidad and Tobago, Guinea, Zambia,
Benin, Guinea-Bissau, Congo, Madagascar, Djibouti, Somalia, Brunei Darussalam, Seychelles.

Appendix E

Future projections of
groundwater depletion

Based on: Wada, Y., van Beek, L. P. H., Sperna Weiland, F. C., Chao, B.
F., Wu, Y.-H., Bierkens, M. F. P. (2012) Past and future contribution of global
groundwater depletion to sea-level rise, Geophysical Research Letters 39, L09402,
doi:10.1029/2012GL051230.

E.1

Methods

E.1.1 Surface freshwater availability and groundwater recharge
We used the global hydrological model PCR-GLOBWB (Van Beek et al., 2011) to
simulate surface freshwater availability and groundwater recharge (Wada et al., 2010,
2012a). PCR-GLOBWB simulates for each grid cell (0.5◦ × 0.5◦ globally) and for
each time step (daily) the water storage in two vertically stacked soil layers and an
underlying groundwater layer, as well as the water exchange between the layers and
between the top layer and the atmosphere (rainfall, evaporation and snow melt). The
model also calculates canopy interception and snow storage. Sub-grid variability is
taken into account by considering separately tall and short vegetation, open water
(lakes, reservoirs, floodplains and wetlands), different soil types (FAO Digital Soil
Map of the World; Food and Agriculture Organization of the United Nations (FAO),
2003), and the area fraction of saturated soil calculated by Improved ARNO scheme
(Hagemann and Gates, 2003) as well as the frequency distribution of groundwater
depth based on the surface elevations of the 1 km × 1 km Hydro1k data set. The
third groundwater layer represents the deeper part of the soil that is exempt from any
direct influence of vegetation and constitutes a groundwater reservoir fed by active
recharge. Different from other global hydrological models, the groundwater store is
explicitly parameterized and represented with a linear reservoir model (Kraaijenhoff
van de Leur, 1958). Natural groundwater recharge is estimated as the net flux from
the lowest soil layer to the groundwater layer, i.e. deep percolation minus capillary
rise (Wada et al., 2010). It should be noted that simulated natural groundwater
recharge is not reconciled to local observations and underlying geology.
However, recharge interacts with groundwater storage as it can be balanced by
capillary rise if the top of the groundwater level is within 5 m of the topographical
surface (calculated as the height of the groundwater storage over the storage coefficient on top of the streambed elevation and the sub-grid distribution of elevation).
Groundwater storage is fed by the recharge but drains by a reservoir coefficient that
includes information on lithology and topography (e.g., hydraulic conductivity of the
subsoil). The ensuing capillary rise is calculated as the upward moisture flux that
can be sustained when an upward gradient exists and the moisture content of the soil
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is below field capacity. Also, it cannot exceed the available storage in the underlying
groundwater reservoir. Additional recharge from irrigation (i.e., return flow) is estimated from the amount of irrigation water in excess of the field capacity, which can
percolate to the groundwater system. The additional recharge rate thus equals the
unsaturated hydraulic conductivity of the bottom soil layer at field capacity, assuming
gravitational drainage (Wada et al., 2012a). However, the total percolation losses are
further constrained by the reported country-specific loss factor (Rohwer et al., 2007).
For each year, the sum of the simulated natural groundwater recharge and estimated
additional from irrigation recharge is used to calculate the amount of groundwater
depletion over the period 1900-2100.
Simulated specific runoff from the two soil layers (i.e., direct runoff and interflow)
and the underlying groundwater layer (i.e., base flow) is routed along the drainage
network based on DDM30 (Döll and Lehner, 2002) by using the kinematic wave
approximation of the Saint-Venant equation (Chow et al., 1988). The effect of open
water evaporation, storage changes by lakes, attenuation by floodplains and wetlands,
and upstream human water consumption are taken into account as well. A reservoir
operation scheme is also implemented, which is dynamically linked with the kinematic
routing module. This reservoir scheme works with the target storage over a defined
period (e.g., a month) ensuring its proper functioning given the forecasts of inflow
and downstream demand along the drainage network. The target storage determines
outflow from reservoirs and is updated when actual inflow and demand differ from
the previously forecasted values based on past average values. Four reservoir operations being water supply, flood control, hydropower generation and navigation are
distinguished with the reservoir data obtained from the GLWD dataset (Lehner and
Döll, 2004). Simulated annual and seasonal river discharge, monthly actual evapotranspiration and monthly total terrestrial water storage were evaluated against the
GRDC observations, the ERA-40 reanalysis data and the GRACE satellite observations respectively in our earlier works (Van Beek et al., 2011; Wada et al., 2012a) and
showed good agreement with them.
For the period 1960-2000, PCR-GLOWB was forced with daily fields of precipitation, reference (potential) evapotranspiration and temperature. Precipitation and
temperature were prescribed by the CRU TS 2.1 monthly data set (Mitchell and
Jones, 2005) which was subsequently downscaled to the daily fields by using the
ERA-40 re-analysis data (Uppala et al., 2005). We corrected the CRU precipitation
data for snow undercatch bias (Adam and Lettenmaier, 2003). Reference evapotranspiration was calculated according to the Hargreaves equation (Hargreaves and
Samani, 1985; Hargreaves et al., 2003) with the CRU TS 2.1 data set and was subsequently downscaled to daily fields on the basis of the daily temperature from the
ERA-40 re-analysis data.
ET0,i = 0.0031 × Rext,i × (Ti + 17.8) × T Ri0.50

(E.1)

where ET 0 is the reference evapotranspiration [m day−1 ], Rext is the extraterrestrial
radiation [MJ m−2 day−1 ], T is the mean daily temperature [◦ C] and TR is the tem370

perature range between maximum and minimum daily temperature [◦ C], Tmax – Tmin .
Subscript i denotes per grid cell (0.5◦ ).
The original coefficient (0.0023) of the Hargreaves equation was adjusted to 0.0031
since the Hargreaves method tends to underestimate potential evapotranspiration
worldwide (Droogers and Allen, 2002; Sperna Weiland et al., 2012).
For the future projection over 2001-2100, we forced PCR-GLOBWB with daily
climate fields which were generated by GCMs. Table E.1 shows overview of selected
GCMs and scenarios used in this study. We selected three IPCC SRES scenarios:
A1b, A2 and B1 and three GCMs: ECHAM5 and HadGEM1 and HadGEM2. The
daily climate fields were retrieved from the World Data Centre for Climate1 (Roeckner
et al., 2003; Roeckner, 2006; Johns, 2008, 2009) for the current climate experiment
period (1951-2000) and the future period (2001-2100). It should be noted that we
obtained the climate data for A2 scenario from HadGEM1 since HadGEM2 does not
provide the A2 scenario data.
E.1.2 Bias-correction of GCM climate data
For each GCM, we bias-corrected its climate data (precipitation and temperature) by
scaling the long-term monthly means of the GCM daily fields to those of the CRU
TS 2.1 data set over 30-year period (1961-1990). For temperature, we first calculated
per month 30-year mean temperature for the GCM and CRU data, and attributed
the difference (additive) to the mean daily temperature from the GCM data:
TGCM

cor,d,i

= TGCM,d,i + (T CRU,m,i − T GCM,m,i )

(E.2)

where TGCM is the mean daily temperature from the GCM data, T CRU is the 30year mean temperature from the CRU TS 2.1 data and T GCM is the 30-year mean
temperature from the GCM data [all in ◦ C]. Subscripts cor, d and m denote corrected,
per day and per month, respectively.
We then bias-corrected the temperature range by attributing the ratio (multiplicative) of the 30-year mean temperature range of the CRU data over that of the
GCM data to the daily temperature range of the GCM data:
T RGCM

cor,d,i

= T RGCM,d,i ×

TmaxCRU,m,i − TminCRU,m,i
.
TmaxGCM,m,i − TminGCM,m,i

(E.3)

The bias-corrected temperature range was used to calculate reference evapotranspiration according to the Hargreaves method. For precipitation, we corrected the
number of wet days for the GCM data by removing excessive drizzle which is often
present in GCM precipitation data (Piani et al., 2010). We estimated per month
the mean threshold precipitation by equalizing the number of wet days for the GCM
data to that for the CRU data over the 30-year period (1961-1990). The daily GCM
precipitation below these thresholds was removed as excessive drizzle. We then corrected per month the amount of precipitation for the GCM data by attributing the
1

http://cera-www.dkrz.de/CERA/
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ratio (multiplicative) of the 30-year mean precipitation of the CRU data over that of
the GCM data (Sperna Weiland et al., 2010):
P REGCM

cor,d,i

= P REGCM,d,i ×

P RE CRU,m,i
P RE GCM,m,i

(E.4)

where PRE GCM is the daily precipitation from the GCM data [m day−1 ], P RE CRU
is the 30-year mean precipitation from the CRU data [m month−1 ] and P RE GCM is
the 30-year mean precipitation from the GCM data [m month−1 ].
The resulting monthly additive and multiplicative bias-correction factors for temperature and precipitation were subsequently applied to the future daily climate fields
for each scenario from each GCM.
E.1.3 Estimating water demand
Following Wada et al. (2011a,b), we calculated monthly net total water demand as
the sum of domestic, industrial and irrigation water demand for a 0.5◦ grid. Here, we
equated net water demand with consumptive water use. This potentially leads to an
overestimation because actual consumption may be lower as a result of physical, technological or socio-economic limitations that exist in various countries. However, Wada
et al. (2011a) compared per country estimated net water demand with consumptive
water use estimates, and showed overall good agreement with R 2 (the coefficient-ofdetermination) ranging from 0.91 to 0.97 and α (slope) ranging from 0.94 to 1.16
throughout the period 1960-2000. Since the temporal coverage of spatially-explicit
data (0.5◦ ) such as irrigated areas is limited to around the year 2000, we used the
latest available country statistics of socio-economic (e.g., population and GDP), technological (e.g., energy and household consumption and electricity production) and
agricultural (e.g., irrigated areas) drivers and then downscaled these to 0.5◦ by using
available spatially-explicit data Wada et al. (2011a) for the past and future periods.
To estimate irrigation water demand, we obtained monthly irrigated areas and
crop-related data, i.e. crop calendars, crop factors and crop rooting depth (Portmann et al., 2010; Siebert and Döll, 2010) and then combined these with reference
evapotranspiration to yield monthly crop-specific potential evapotranspiration under
optimal conditions. Using the same crop calendars, crop factors and irrigated areas as inputs to PCR-GLOBWB and forcing the model with precipitation, reference
evapotranspiration and temperature data, this yielded monthly time series of actual
evapotranspiration when no irrigation is applied. The reduction of potential to actual
transpiration was calculated based on the total available soil moisture or green water
in the soil layers. Over the surface, bare soil evaporation is drawn from the topsoil
and no reduction is applicable, except that the potential evaporation rate cannot exceed the saturated hydraulic conductivity of the topsoil for the saturated fraction and
for the unsaturated fraction, the rate is restricted by the unsaturated hydraulic conductivity of the topsoil layer. These were subsequently used as an estimate of green
water use over the irrigated areas. We subtracted this amount from the calculated
crop-specific potential evapotranspiration for the irrigated areas to estimate monthly
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net irrigation water demand. Multiplication with country-specific efficiency factors
(Rohwer et al., 2007) to account for losses (conveyance and application losses) finally
yielded monthly gross irrigation water demand. To estimate gridded industrial and
domestic water demand, we approximated economic and technological development
per country by using GDP (Gross Domestic Product), energy and household consumption and electricity production (Wada et al., 2011a) and combined these with
per capita water withdrawal data from the FAO AQUASTAT data base, and gridded
total, urban and rural population density and present water demand maps. We then
used energy consumption per unit electricity production to approximate technological development as an increase in industrial and domestic water demand considerably
slows down after reaching a certain technological advancement. To account for return flow from industrial and domestic sectors due to water recycling technology, we
calculated country explicit recycling ratios per year (Wada et al., 2011b). To capture
seasonal variations characterised by high demand and low availability at certain times
of the year, water demand and water availability were computed per month. The estimated water demand is constrained by available surface freshwater availability for
any further calculation (e.g., groundwater abstraction).
Due to the lack of daily climate data for the period 1900-1959, we estimated
irrigation water demand by multiplying average irrigation water demand for 19602000 with a fraction of irrigated area (Freydank and Siebert, 2008) of past years
(1900-1959) over that of average 1960-2000. We then multiplied this with a fraction
of reference (potential) evapotranspiration of past years (1900-1959) over that of
average 1960-2000.
DIrrGross ,past,m,i = DIrrGross ,avg,m,i ×

AIrr,past,y,cnt ET0,past,m,i
×
AIrr,avg,y,cnt
ET0,avg,m,i

(E.5)

where DIrrGross is the gross irrigation water demand [m month−1 ] and AIrr is the
irrigated areas [m2 ]. Subscripts past, avg, y and cnt denote individual years in 19001959, average of 1960-2000, per year and per country, respectively.
We estimated industrial and domestic water demand for 1900-1959 using the same
method as described above (Wada et al., 2011a). We obtained relevant socio-economic
data except household consumption (data not available) from the HYDE data set
(Klein Goldewijk et al., 2010, 2011). We linearly interpolated the socio-economic
data, which are provided at 5-10 year intervals, between years.
For the future period 2001-2100, we estimated irrigation, industrial and domestic water demand according to the IPCC SRES scenario projections (A1b, A2, and
B1). We calculated country irrigated area estimates from regional estimates for each
economical region for each scenario retrieved from the IPCC data portal2 . We first
calculated an average fraction of country irrigated areas over regional irrigated areas
for the period 1960-2000. We then applied this fraction for the period 2001-2100 to
downscale the regional estimates to the country values, assuming that each economical
region experiences the same irrigated area changes:
2

http://www.ipcc-data.org/
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AIrr,f uture,y,cnt = AIrr,f uture,y,reg ×

AIrr,avg,cnt
AIrr,avg,reg

(E.6)

where subscripts future and reg denote individual years in 2001-2100 and per region,
respectively.
We then further downscaled to a grid scale (0.5◦ ) using the spatially explicit irrigated areas for the present condition (Portmann et al., 2010). We linearly interpolated
the regional irrigated area estimates, which are provided at 10 year intervals, between
years. As described above, crop-specific potential evapotranspiration and actual evapotranspiration were derived from PCR-GLOBWB simulation with the bias-corrected
GCM climate fields for each scenario from each GCM over the period 2001-2100.
To estimate industrial and domestic water demand over the period 2001-2100, we
applied the same method used for 1900-1959 as described above (household consumption data not available). We obtained relevant socio-economic data from the IPCC
data portal2 , the HYDE data set3 (Klein Goldewijk et al., 2010, 2011) and the Center
for International Earth Science Information Network4 (Gaffin et al., 2004). We linearly interpolated the socio-economic data, which are provided at 10 year intervals,
between years.
E.1.4 Estimating groundwater abstraction
We first obtained country-based groundwater abstraction rates for 2000 from the
IGRAC GGIS data base5 . We then estimated country-based groundwater abstraction
rates for other years (1900-2100) based on the assumption that country groundwater
abstraction rates increase/decrease proportionally to country net total water demand
(Wada et al., 2011a, 2012a):
GW ABy,cnt,other = GW ABy,cnt,2000 ×

DT ot,y,cnt,other
DT ot,y,cnt,2000

(E.7)

where GWAB is the groundwater abstraction [km3 yr−1 ] and DT ot is the net total
water demand [km3 yr−1 ] as the sum of irrigation, industrial and domestic sectors.
Subscript other denotes individual years in 1900-2100.
To validate this assumption, we compared estimated country groundwater abstraction rates to reported values over the period 1980-2000 in which country statistics
are available for 19 countries (e.g. USA, China, Mexico and Spain) (see Figure E.1).
Reported country abstraction rates were taken from the FAO AQUASTAT data base.
Next, we estimated grid-based groundwater abstraction rates (0.5◦ ) by downscaling
country-based groundwater abstraction rates, taking deficits of monthly surface freshwater availability (0.5◦ ) over corresponding monthly net total water demand (0.5◦ )
as a proxy (Wada et al., 2011a, 2012a). Comparison of the resulting abstraction
maps with reported county abstractions for USA shows good agreement as shown in
3

http://themasites.pbl.nl/en/themasites/hyde/index.html/
http://www.ciesin.org/
5
http://www.un-igrac.org/
4
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Figure 7.2 (Chapter 7). For the period 1900-1959, we used the mean monthly surface freshwater availability for the period 1960-2000, assuming no significant climate
change over these periods. For the future period 2001-2100, we used the transient
surface freshwater availability simulated by PCR-GLOBWB with the bias-corrected
GCM climate fields and estimated total water demand for each scenario from each
GCM using the same methods as for the period 1960-2000. Validation results for this
method are given in Wada et al. (2012a).
E.1.5

Uncertainty assessments of simulated groundwater recharge and
estimated groundwater abstraction
Following Wada et al. (2010), we identified an uncertainty model for groundwater
recharge by comparing the PCR-GLOBWB recharge estimate with an independent
estimate (Döll and Fiedler, 2008) and the PCR-GLOBWB streamflow estimates with
the GRDC observed streamflow data6 . For groundwater abstraction, we compared
country-based abstraction rates used in this study with those reported in the FAO
AQUASTAT data base7 . Using these uncertainty models we performed a Monte-Carlo
simulation, generating 100 random maps of groundwater recharge and 100 random
maps of groundwater abstraction. From the 10,000 combinations we estimated standard deviations for cell-based, country-based and global groundwater depletion. We
applied this procedure for each year (1900-2000) and each scenario projection (20012100).
E.1.6 Correction of estimated groundwater depletion
We estimated the amount of groundwater depletion by taking the difference between
grid-based groundwater recharge and groundwater abstraction (see Figure E.2). To
limit problems related to the “water budget myth” (Bredehoeft, 2002), we restricted
our analysis to the sub-humid to arid regions of the world (Wada et al., 2010). Our
global total amounted to 254 km3 yr−1 for the year 2000. However, when compared
our resulting estimates to independent estimates of groundwater depletion per region
(see Figure E.3), we found that our method tends to overestimate the volume of
groundwater depletion for non-arid regions, where the effect of increased capture due
to enhanced recharge from surface water and groundwater can still be significant. To
remediate this overestimation, we applied a general multiplicative correction factor to
our estimate (see Figure 8.1, E.4 and E.5). The correction factor was taken from the
slope of the comparison between our estimates and the independent estimates. Our
corrected estimate for the global groundwater depletion amounts to 204 km3 yr−1 for
the year 2000.
E.1.7
6
7

Contributions from other terrestrial water storage components

http://www.bafg.de/GRDC/EN/Home/homepage_node.html/
http://www.fao.org/nr/water/aquastat/main/index.stm/
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1

Artificial reservoir water impoundment

Water impoundment in artificial reservoirs behind dams negatively contributes to sea
level rise (Chao et al., 2008). We quantified this amount over the period 1900-2011.
We used the data of (Chao et al., 2008) who listed about 30,000 reservoirs worldwide
(1900-2007) but further updated the list of reservoirs with the International Commission on Large Dams (ICOLD) World Register of Dams8 and Wang et al. (2011)
(Three Gorges Dams) by 2011. We added approximately 250 recent dams including
the Three Gorges Dam (capacity: 39.3 km3 ; China) and the Longtan Dam (capacity:
27.3 km3 ; China). For the Three Gorges Dam, we divided the reservoir capacity into
three and allocated them to three different periods (2003, 2006, 2009) according to
Wang et al. (2011). We corrected nominal reservoir volumes for seepage and adopted
a long-term average of 85% for filled storage (Chao et al., 2008). For the future period 2012-2100, we first plotted the cumulative nominal volume stored behind dams.
We then fitted a smooth function for the trend over 1900-2011 and extrapolated into
2100. We subsequently calculated annual volumes by taking the derivatives from the
extrapolated trend. For the uncertainty, we adopted ±10% to the estimated annual
reservoir water impoundment rate considering the potential inter-annual variability
of filled storage (75–95%).
2

Deforestation

Forests store water in living tissue (Sahagian et al., 1994a; Sahagian, 2000). Deforestation can cause increased runoff and a reduction in soil water storage due to the
loss of root systems, particularly in humid tropical regions (Sahagian et al., 1994a; Sahagian, 2000). We obtained time series data of deforestation rates over humid tropical
forests for 1900-1990s from Sahagian et al. (1994a) and Sahagian (2000). Separately,
we obtained the latest deforestation estimates from a recent study (Achard et al.,
2002) by satellite imagery which revealed that the rate of deforestation in humid
tropics during the 1990-1997 period was 23% lower than the commonly accepted ratio (Food and Agriculture Organization of the United Nations (FAO), 2001). We thus
attributed the differences among three estimates as uncertainty to our deforestation
rate estimates. This was done by taking the amount of water that would be released
by the destruction of a forest per square meter (36.0 cm) (Sahagian et al., 1994a;
Sahagian, 2000) and combining this with three estimates of deforestation areas (Sahagian et al., 1994a; Sahagian, 2000; Food and Agriculture Organization of the United
Nations (FAO), 2001; Achard et al., 2002). We took the mean among three estimates
for our deforestation rates and adopted the standard deviation for our uncertainty
estimates. For the future period 2001-2100, we fixed the deforestation rate at the
current estimated rate.
8

376

http://www.icold-cigb.net/

3

Wetland loss

Wetlands have been drained worldwide for past centuries due to human and natural
causes. Wetland is estimated to contain water roughly equivalent to 1 m deep by
standing water, soil moisture and water in plants (Sahagian et al., 1994a; Sahagian,
2000; Whigham et al., 1978). We obtained time series data of wetland loss rates
for the U.S. over the period 1900-1990s from Sahagian et al. (1994a) and Sahagian
(2000). In addition, we also obtained estimated areas of wetland loss between 1986
and 1997 from the U.S. Environmental Protection Agency9 . To estimate wetland loss
for other regions of the world, we extrapolated their estimates by using a fraction
of wetland area of other regions over that of the U.S., assuming wetland loss to be
proportional to wetland area:
W ETloss,world = W ETloss,U S ×

W ETarea,world
W ETarea,U S

(E.8)

where WET loss is the wetland loss rate [km3 yr−1 ] and WET area is the wetland area
[km2 ].
We calculated the fraction using three global wetland data sets (Matthews, 2000;
Lehner and Döll, 2004; Bicheron et al., 2010). We then estimated global wetland loss
by multiplying two individual estimates for the U.S. with the three different fractions
(10 to 12.5) from the three wetland data sets. We took the mean among the results
for our wetland loss rates and adopted the standard deviation for our uncertainty estimate. For the future period 2000-2100, we fixed the wetland loss rate at the current
estimated rate.
4

Endorheic basins

Storage loss from endorheic basins was estimated by considering the two largest
sources, the Caspian Sea and the Aral Sea. We obtained time series data of storage
loss for the Caspian Sea and the Aral Sea over the period 1900-1990s from Sahagian
et al. (1994a) and Sahagian (2000). Importantly, water stored in the North Aral Sea
has increased considerably over the recent period (2005-present) due to a 13-kilometer
dike created by the World Bank (Pala, 2006, 2011), while water has been drained continuously from the South Aral Sea. It is estimated that 800 km2 was filled by water
equivalent to 3 m deep over 7 months (roughly 2.4 km3 ) in the North Aral Sea (Pala,
2006). Kazakhstan recently announced that the surface area of the North Aral Sea
increased from 2550 to 3300 km2 and water depth increased from 30 to 42 m between
2003 and 2008 (Environment News Service, 2011). To include the effect of the storage increase in the North Aral Sea, we subtracted the amount of water stored in the
North Aral Sea between 2005 and 2008 at a constant rate (roughly 0.01 mm yr−1 )
from the 1990s estimate of Sahagian et al. (1994a) and Sahagian (2000) for storage
loss of the entire Aral Sea. For the uncertainty, we took the inter-annual variability of
9

http://water.epa.gov/type/wetlands/vital_status.cfm/
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Comparison of groundwater abstraction per country
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Figure E.1 Comparison of estimated groundwater abstraction to reported groundwater
abstraction per country for the period 1980-2000. Reported abstraction was taken from the
FAO AQUASTAT data base. Error bars show standard deviation (σ) for each country. R 2
denotes the coefficient of determination. The dashed lines represent the 1:1 slope.

mean annual inflows to the North Aral Sea from the Syr-Darya River over the period
1960-1990 (roughly 200–600 m3 s−1 ) (Dümenil Gates et al., 2000) and attributed the
range to our uncertainty estimate (±50%). For the Caspian Sea, we adopted time
series estimates of Sahagian et al. (1994a) and Sahagian (2000) for the past and fixed
the long-term average rate (0.02 mm yr−1 ) to 2100. For the uncertainty, we took the
inter-annual variability of mean annual inflows to the Caspian Sea from the Volga
River over the period 1960-2006 (roughly 5000–10,000 m3 s−1 ) (Van den Bosch et al.,
2007) and attributed the range to our uncertainty estimate (±30%).
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Table E.1

Overview of selected GCMs and scenarios

GCM

Scenarios

ECHAM5

A1b, A2, B1

HadGEM1

A2

HadGEM2

A1b

Table E.2 Contribution of terrestrial water storage change to global sea-level between
1900 and 2050. Contribution from each terrestrial component and, net and cumulative
contribution are given with standard deviation (σ). For groundwater depletion, the results
of ensemble mean of all the future projections are shown for 2025 and 2050.

mm yr−1

1900

Groundwater
depletion
Reservoir
impoundment

1950

0.035
0.102
(±0.009) (±0.026)
-0.067
0
(±0.0067)
0.021
Deforestation
0
(±0.0046)
0.01
0.012
Wetland loss
(±0.0015) (±0.0017)
Endorheic basin
0.050
0
storage loss
(±0.018)
0.045
0.118
Net contribution
(0.0091) (±0.031)

1975

2000

2025

2050

0.246
(±0.058)
-0.711
(±0.0711)
0.052
(±0.011)
0.012
(±0.0017)
0.057
(±0.021)
-0.343
(±0.095)

0.567
(±0.085)
-0.306
(±0.031)
0.078
(±0.016)
0.012
(±0.0018)
0.080
(±0.029)
0.431
(±0.096)

0.679
(±0.110)
-0.148
(±0.0148)
0.078
(±0.016)
0.012
(±0.0018)
0.067
(±0.024)
0.690
(±0.120)

0.818
(±0.133)
-0.111
(±0.0111)
0.078
(±0.016)
0.012
(±0.0018)
0.067
(±0.024)
0.865
(±0.137)

mm (to the year specified)
Cumulative
net contribution

0.045
(0.0091)

2.360
-5.436
-3.968
11.036
30.676
(±0.860) (±2.743) (±5.027) (±8.002) (±11.079)
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Figure E.2 Estimated original groundwater depletion rates for 2000 in million m3 yr−1 .
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Figure E.3 Comparison of original groundwater depletion estimates to independent estimates (Sahagian et al., 1994a; McGuire, 2003;
Foster and Loucks, 2006; Konikow, 2011; Rodell et al., 2009; Tiwari et al., 2009; Famiglietti et al., 2011) per region. Error bars show
standard deviation (σ) for each region. Abbreviations used: ACP: Atlantic Coastal Plain; CCV: Central Valley, California; DCBAs:
Deep Confined Bedrock Aquifers; GCP: Gulf Coastal Plain; HPA: High Plains (Ogallala) Aquifer; NAS: Nubian Aquifer System;
NIAAs: Northern India and Adjacent Areas; NCP: North China Plain; NWSAS: North Western Sahara Aquifer System; RPH:
Rajasthan, Punjab, Haryana; WUABs: Western USA Alluvial Basins; WVSs: Western Volcanic Systems. Countries are identified by
their ISO country codes. The dashed line represents the 1:1 slope.
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Figure E.4 Corrected estimates of groundwater depletion rates for 2000 in million m3 yr−1 .

300 - 1000

1000 - 1500

1900

1950

2000

2050

2100
No Data

0-2

2 - 20

20 - 100

100 - 300

300 - 1000

1000 - 1500

No Data

0-2

2 - 20

20 - 100

100 - 300

300 - 1000

Figure E.5 Corrected estimates of groundwater depletion rates (left) with standard deviation (right) for 1900, 1950, 2000, 2050 and 2100 in million m3 yr−1 . For 2050 and 2100,
the results of ensemble mean of all the future projections are shown.
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Movie A1 (a separate file): Time series of corrected annual groundwater depletion
rates [million m3 yr−1 ] from 1900 to 2100 in a logarithmic scale. From 2001 to 2100,
the results of ensemble mean of all the future projections are shown. Online supplementary movie is available from http://onlinelibrary.wiley.com/doi/10.1029/
2012GL051230/suppinfo/
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Appendix F

Groundwater footprint

Based on: Gleeson, T., Wada, Y., van Beek, L. P. H., Bierkens, M. F. P.
(2012) Water balance of global aquifers revealed by groundwater footprint, Nature
488, 197-200, doi:10.1038/nature11295.

F.1

Definition

F.1.1 The definition of hydrologically-active regional aquifers
A global inventory of groundwater resources (Bundesanstalt für Geowissenschaften
und Rohstoffe (BGR)/ United Nations Educational, Scientific and Cultural Organization (UNESCO), 2008) mapped the world in three categories: major groundwater
basins, areas with complex hydrogeologic structures, and areas with local and shallow
aquifers. We considered regional aquifers to be the major groundwater basins, assuming the other two categories have locally rather than regionally important groundwater resources. Further, we focused on regional aquifers with a mapped recharge rate
>2mm yr−1 . Average recharge rates from PCR-GLOBWB for these same aquifers
were also generally >2mm yr−1 ; when the estimated recharge was lower, a minimum
recharge of 2mm yr−1 was imposed. By focusing on major groundwater basins with
a recharge rate >2mm yr−1 we are conservatively evaluating hydrologically-active,
regionally to nationally important groundwater resources (Bundesanstalt für Geowissenschaften und Rohstoffe (BGR)/ United Nations Educational, Scientific and Cultural Organization (UNESCO), 2008). This calculation is conservative because lower
recharge rates lead to larger groundwater footprints.
F.1.2

Mathematical relationship between the groundwater footprint and
ecological footprint
The ecological footprint (EF ) is formally defined as
EF = aa × N

(F.1)

where aa [units: km2 capita−1 ] is the land area appropriated per capita and N is the
population size (Wackernagel and Rees, 1996). The land area appropriated per capita
is calculated using
aa =

c
p

(F.2)

where c is the average annual consumption per capita [m3 capita−1 yr−1 ] and p is
the average annual yield [m3 km−2 yr−1 ]. For groundwater we consider the average
annual yield (p) is the long-term, natural recharge plus the artificial recharge due
to irrigation (i.e., R N at + R Irr ) minus the flux out of system (i.e., discharge or D)
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allocated for environmental flows (E ) as shown in Figure F.1. Other expressions of p
are discussed below in Section F.1.4. We calculate the groundwater footprint based
on area-averages rather than per capita population averages due to data availability. However, the groundwater footprint is a mathematically equivalent area-based
method to the population-based ecological footprint.

Figure F.1 A schematic cross-section of an aquifer with inputs and outputs. At steadystate, natural recharge (RN at ) to a groundwater system equals the discharge (D) or baseflow
to surface water systems. Abstraction of groundwater (C) can increase recharge or decrease
discharge (Theis, 1940; Bredehoeft, 2002). Irrigation with groundwater can result in artificial recharge (RIrr ) (Wada et al., 2012a). The minimum environmental low flow (E) is
a component of D. The unconfined aquifer is the grey area below the water table (blue
dashed line).

F.1.3

Mathematical relationship between groundwater footprint and previous
water stress indicators
The area-normalized groundwater footprint is an indicator of groundwater stress
worldwide that is similar to previous stress indicators (Table F.1).

Table F.1 Summary of stress indicators
Previous work (surface water
focused) (Vörösmarty et al.,
2000b; Alcamo and Henrichs, This study (groundwater focused)
2002; Oki and Kanae, 2006;
Smakhtin et al., 2004)
Resource stress
indicators

WSI =

Environmental stress
indicators

EWSI =

withdrawals
M AR

withdrawals
M AR − E

GF(E=0)
A

GF
A

=

=

C
R

C
R−E

see T able F.2

see T able F.1

Where WSI is the water stress indicator, MAR is the mean annual runoff, EWSI is the
environmental water stress indicator and other variables are defined in the text.
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F.1.4 Other forms of the groundwater footprint equation for local calculations
We derived various expressions for the average annual yield (p) which can be applied
depending of the type of data available at the scale of analysis. All equations assume
an unconfined aquifer with constant saturated thickness, porosity and areal recharge
flux. For groundwater systems where the full geometry (volume and area) are known,
a useful expression is:
Vϕ
− E
(F.3)
JA
where V [m3 ], ϕ [unitless], J [yr] and A [m2 ] are the volume, porosity, mean residence
time and area, respectively, of the aquifer. The mean residence time of an aquifer is
defined as the average time for groundwater to flow from recharge to discharge areas
(Kazemi et al., 2006; Cook and Herczeg, 2000). It is highly heterogeneous from years
to millennia and even millions of years. For groundwater systems where only the
aquifer thickness is well constrained:
p =

zϕ
− E
(F.4)
J
where z [m] is the saturated thickness. For aquifers with assumed exponential flow
paths the average annual yield can be simply expressed as:
p =

p = R − E

(F.5)

where R [m yr−1 ] is the areal recharge flux, respectively, of the aquifer since
ϕz
(F.6)
R
as shown by McMahon et al. (2011). Equation F.5 is used to calculate global groundwater footprints herein.
J =

F.2

Detailed Methods

F.2.1 Downscaling country-based groundwater abstraction to the grid-scale
Since the exact locations where groundwater is abstracted by wells are not known for
most of the countries, we downscale country-based groundwater abstractions from the
IGRAC GGIS data base (International Groundwater Resources Assessment Centre1 ),
indexed for the year 2000, by taking the available surface freshwater into account
(Wada et al., 2012a). We assume that grid cells with deficits (i.e., water demand
in excess of surface water availability) are the main locations where groundwater is
abstracted to satisfy the demand. For each month, m, in the year 2000 and for
each grid cell, i, we calculate deficits, Defs m,i , between the surface water availability,
W Am,i , simulated by PCR-GLOBWB (after correcting for upstream water consumption) and the estimated net total water demand, DT otN et ,m,i . Because we are interested
1

http://www.un-igrac.org/
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in groundwater as an alternative source we limit this analysis to regions where the
aquifers are present (major groundwater regions of the world according to the IGRAC
GGIS2 ). We sum monthly values to obtain the annual deficits, Defs a,i , for the year
2000.
Def sa,i =

12
X

Def sm,i =

m=1

12
X

(DT otN et ,m,i − W Am,i )

(F.7)

m=1

The annual deficits, Defs a,i , are met by the amount of available country groundwater abstraction until surface water availability and groundwater abstraction satisfy
the total water demand. Total deficits per country, Defs a , are given by:
Def sa =

n
X

Def sa,i ,

(F.8)

i=1

where n is the number of grid cells with deficits per country. If the total deficits are
larger than the available groundwater abstraction in a country, Defs a >Ground W,a ,
(e.g., Egypt, Sudan, Mali, Niger, Sudan, Turkmenistan and Uzbekistan), we distribute the country abstraction according to the intensities rather than the volume
of the deficits. In case the available abstraction is larger than the total deficits in
a country, the remaining country-based abstraction (Ground W,a - Defs a ) is further
allocated relative to the intensity of total water demand over its country total (again
limited to cells in major groundwater regions):
DT otN et ,a,i
GroundW,a,i = Def sa + (GroundW,a − Def sa ) × P
n
DT otN et ,a,i

(F.9)

i=1

We validated the downscaled groundwater abstraction against reported values for
a number of large groundwater consumers (the conterminous USA, Mexico, India and
China). Sources of subnational groundwater abstraction data are outlined below in
Table F.3. In all cases these are comparisons on the basis of administrative units,
generally at the level of states or provinces except for the USA for which also countylevel information is available (used earlier for validation in Wada et al. (2012a). Here,
the match between the reported and estimated values (downscaled to cell-values and
subsequently aggregated) is presented graphically in Figure F.4 while statistics on
performance are summarized in Table F.3. Although the estimated values are derived from a single, country-based value, the spatial distribution agrees well with
the reported values at the sub-national level as we explicitly account for the spatiotemporal variations in the deficit between total demand and surface water availability
and include information on aquifer extent. Still, the downscaled values are generally
lower than the reported ones, with the exception of Mexico. For Mexico, relatively
large overestimations are found for three states (Sinaloa, Sonora and Tamaulipas)
that have large irrigation water demands which are primarily drawn from surface
2
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http://www.un-igrac.org/publications/119/

water, rather than groundwater. In contrast, but less extreme, groundwater abstraction is underestimated in Yucatan where allegedly all reported water use issues from
groundwater. A similar tendency can be observed also for the adjacent states of the
Yucatan peninsula. Notwithstanding, performance is generally good, even at the fine
level of the counties of the conterminous USA, and indicates that the downscaling
method is adequate to downscale the country-based groundwater abstraction of the
IGRAC dataset to the value of individual cells and that the results are of sufficient
quality to assess the effects of groundwater exploitation on regional resources at the
global scale.
F.2.2 Recharge due to irrigation
To account for the artificial groundwater recharge due to irrigation that possibly mitigates groundwater depletion in areas of large irrigation water withdrawals (Döll et al.,
2012), we used the data from Wada et al. (2012a). The return flow to groundwater
during irrigation application or artificial recharge is estimated to be 420 km3 yr−1 out
of a total gross irrigation water demand of 2510 km3 yr−1 . This artificial groundwater
recharge was computed from the principle that in irrigation practice water is supplied
to wet the soil to field capacity during the application and the amount of irrigation
water in excess of the soil water capacity can percolate to the groundwater system.
The additional recharge rate thus equals the unsaturated hydraulic conductivity of
the top soil layer at field capacity, assuming gravitational drainage. However, the
total percolation losses are further constrained by the reported country-specific loss
factor based on Rohwer et al. (2007).
F.2.3 Environmental flows
The streamflow contribution from the renewable groundwater (i.e., baseflow) is essential for ecosystem services, sustaining freshwater habitats and associated ecosystems,
in particular during low-flow conditions when the contribution from other sources is
small. To include this essential aspect of groundwater resources in our analysis in
addition to the mere supply of human demand, we identified the environmental flow
conditions as the monthly streamflow that is exceeded in 90%, Q90 , of the simulated
cases over the period 1958-2000. This streamflow results from the specific runoff
over the land surface proper, including baseflow, and that over the freshwater surface
(streams, lakes and reservoirs), which consists of direct gains from precipitation and
losses from evaporation. Under the assumption that all sources contribute equally to
the streamflow, mean discharge at the outlet can be approximated by accumulating
all positive contributions along the drainage network with any negative losses over
freshwater surfaces acting as sink. Thus, specific runoff from the land surface may
have to compensate for losses farther downstream and heighten the fraction of renewable groundwater recharge that has to be reserved to safeguard environmental flow
at the basin outlet:
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fQ90

Q90
=
×
Q̄

P

q̄land
Q̄

(F.10)

where fQ90 is the fraction of groundwater recharge to be reserved to meet
P the enviq̄land is the
ronmental streamflow Q 90 , Q is the mean discharge at the outlet and
accumulated mean specific runoff from the land surface, all flows being represented
as volumes over the basin and per year.
Here, the first ratio relates the environmental flow conditions to the mean runoff,
including baseflow from recharge, while the second ratio compensates for downstream
losses. Although fQ90 provides a uniform fraction over the basin it indirectly accounts
for local variations in recharge and changes the absolute amount of renewable groundwater for abstraction on a cell-by-cell basis. The computed fQ90 fractions are generally
substantially larger than 10% of the recharge (Figure F.2).
F.2.4 The global groundwater footprint
The global groundwater footprint is calculated as the sum of the groundwater footprints for individual hydraulically-aquifer, regional aquifers.
F.2.5 Population impacted by groundwater stress
The population impacted by groundwater stress was calculated as people living on
hydraulically-active, regional aquifers with a ratio of groundwater footprint to aquifer
area >1. About 60% of the global population impacted by groundwater stress live
in India and China. Population densities were derived from the gridded population
of the world for year 2000 at 0.25◦ resolution (Center for International Earth Science
Information Network (CIESIN), 2011). To account for the uncertainty, we calculated the mean and standard deviation of the global populations over which a ratio
of groundwater footprint to aquifer area >1, as resulting from 10,000 Monte Carlo
realizations for the groundwater footprint.
F.2.6 New calories and groundwater stress
Foley et al. (2011) calculated the global distribution of potential new calories that
could be derived by bringing the world’s agricultural yields to within 95% of their
potential for 16 major crops. We directly overlaid Figure 3 from Foley et al. (2011),
with our classification of regional aquifers as more stressed or less stressed. We kept
the same shading scale as Figure 3 of Foley et al. (2011) so that no information was
lost or re-interpreted.
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Figure F.2 Fraction of the recharge reserved for environmental flow (fQ90 ) per river basin.

F.3

Sources of Data

All data used in this manuscript is freely available either by contacting the authors
or from data download archives. The sources of data are as follows:
- Recharge, groundwater consumption and environmental flow data is available
online; http://www.nature.com/nature/journal/v488/n7410/full/nature11295.
html#supplementary-information/.
- Groundwater aquifer polygons are available by contacting BGR-WHYMAP;
http://www.whymap.org/whymap/EN/Home/whymap_node.html/
- Gridded population density (persons per km2 ) Year 2000 can be downloaded
from http://sedac.ciesin.columbia.edu/gpw/.
- Potential diet gap was calculated (Foley et al., 2011) in kilocalories that are potentially available if directly consumed but are lost post-production by going to
animal feed and other uses as reported in FAO trade data. Kilocalories were calculated by converting production in tonnage (Monfreda et al., 2008) (data available at http://www.geog.mcgill.ca/landuse/pub/Data/175crops2000/) to
kilocalories following Tilman et al. (2011).
Sources of data for analysis of downscaled groundwater abstraction:
• China: Ministry of Environmental Protection. 2007. Freshwater Environment.
http://english.mep.gov.cn/standards_reports/EnvironmentalStatistics/
yearbook2006/200712/t20071218_115211.htm/
• India: Central Ground Water Board. 2004. Dynamic Ground Water Resources
of India 2004. http://www.cgwb.gov.in/documents/DGWR2004.pdf/
• United States: USGS. 2012. Water use in the United States. http://water.
usgs.gov/watuse/
• Mexico: CONAGUA. 2008. Statistics on water in Mexico 2008. http://www.
conagua.gob.mx/english07/publications/Statistics_Water_Mexico_2008.
pdf/

F.4

Aquifers with large groundwater footprints that are not well
documented

A number of aquifers with large groundwater footprints (e.g., the Persian, Arabian
and Western Mexico aquifers) have not been well documented in the main hydrological literature. However, evidence of groundwater depletion of these aquifers been
reported elsewhere. A recent study by Karimi et al. (2012) indicates that in certain
areas of Iran the groundwater table has dropped by rate of up to 1 meter per year for
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the last 10 years, primarily in regions with agricultural areas where farmers heavily
rely on groundwater for irrigation. They also estimate that the groundwater table has
declined with an average of 0.4 meter per year across the country for the same time period. Similarly, Soltani and Saboohi (2008), Khodapanah et al. (2009) and Jaghdani
and Brümmer (2011) indicate that excessive groundwater overdraft for irrigation has
caused substantial groundwater depletion over many parts of Iran. In Mexico where
80% of water is used for agriculture, excessive groundwater overdraft is also prevalent
according to Guevara-Sanginés (2006). They report that more than half of the 188
most important aquifers have been overexploited, and the overexploitation is most
severe over northern, western and central Mexico, where abstraction rates are considerably larger than the rate of recharge. Over Saudi Arabia where, compared to other
regions, groundwater recharge is substantially lower due to its arid climate, large
irrigation water use is sustained by nonrenewable groundwater abstraction. Foster
and Loucks (2006) states that cumulative groundwater depletion from 1980 to 2000
exceeds 250 km3 (average >12 km3 yr−1 ).

F.5

Additional Results
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Table F.2 Groundwater footprint (GF) and aquifer area (AA ) of the aquifer with the largest
groundwater footprints without considering environmental flows (E = 0). The values of for
GF and GF/AA are the mean and standard deviation of 10,000 Monte Carlo realizations
based on independent estimates of recharge and abstraction (Wada et al., 2012a). Note
that only 15 aquifers with largest groundwater footprint are tabulated but the 768 ‘other
aquifers’ are included in ‘all aquifers’.

Aquifer

Country

Upper Ganges
North Arabian
South Arabian
Persian
Western Mexico
South Caspian Sea
High Plains
Lower Indus
Nile delta
Central Mexico
North China Plain

India, Pakistan
Saudi Arabia
Saudi Arabia
Iran
Mexico
Iran
USA
India, Pakistan
Egypt
Mexico
China
Hungary, Austria,
Romania
China
Algeria, Tunisia,
Libya
USA

GF (E =0)
(106 km2 )

AA
GF(E =0)/AA
(106 km2 )

17.3 ± 5.7
15.2 ± 4.5
8.1 ± 3.2
6.9 ± 2.7
4.7 ± 1.4
4.6 ± 1.9
3.3 ± 1.0
2.2 ± 0.7
2.2 ± 0.7
1.1 ± 0.3
1.0 ± 0.4

0.48
0.36
0.25
0.44
0.21
0.05
0.50
0.23
0.10
0.20
0.23

35.9 ± 11.9
42.5 ± 12.5
32.8 ± 12.9
15.9 ± 6.3
22.5 ± 6.8
90.8 ± 30.8
6.5 ± 2.0
9.6 ± 3.2
22.5 ± 6.9
5.3 ± 1.3
4.4 ± 1.5

1.0 ± 0.4

0.32

3.2 ± 1.2

0.7 ± 0.2

0.31

2.2 ± 0.6

0.5 ± 0.2

0.36

1.3 ± 0.4

0.4 ± 0.1

0.07

5.9 ± 1.6

Other aquifers

23.9 ± 3.4

34.14

0.7 ± 0.1

All aquifers

76.5 ± 15.7

38.25

2.00 ± 0.4

Danube Basin
Northern China
North Africa
Central Valley
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Figure F.3 Scenario tests of transferring groundwater consumption from Upper Ganges to
Lower Ganges in northern India. The upper Ganges aquifer has an approximately ten times
lower recharge rate than the Lower Ganges aquifer so transferring groundwater consumption
results a significant decrease in the groundwater footprint of the Upper Ganges and a
moderate increase in the groundwater footprint of the Lower Ganges. The net impact is
significant lower total groundwater footprint.
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Figure F.4 Comparison of reported and estimated groundwater abstraction for the year
2000 for selected major groundwater consumers. Data are derived for conterminous USA per
county, Mexico per state, India per state, China per province. (a) USA reported, (b) USA
modeled; (c) Mexico reported, (d) Mexico modeled; (e) India reported, (f) India modeled;
(g) China reported, (h) China modeled. Estimated values are derived from the spatially
downscaled country-based totals. All abstractions are in km3 yr−1 with the exception of the
USA, for which the county values are given in million m3 yr−1 .
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Table F.3 Summary statistics for the comparison of reported and estimated (downscaled) groundwater abstraction of Figure F.4.
Reported abstraction is regressed on the estimated values with the regression line forced through the origin. Regression coefficients
below unity are indicative of overestimation, over unity of underestimation. 2644 out of 3119 possible counties within the conterminous
USA were selected for which the absolute deviation in area was less than 5%, mostly excluding the smaller states and those along the
coast or borders.

GW abstraction
Country

Level

USA

County
State

Mexico

India

China

Unit
Reported 106 m3 yr−1
Estimated
Reported km3 yr−1
Estimated

Total

Mean

Standard
deviation

95695.8
90811.6
115.4
109.2

36.2
34.3
2.4
2.3

120.8
115.3
4.0
4.1

RMSE

Regression
Regression Standard 2
Number of
R [-]
coefficient [-] error [-]
observations

56.497

0.939

0.009

0.803

2644

34.059

0.954

0.035

0.939

48

Reported
Estimated

km3 yr−1

28.9
36.2

0.9
1.1

0.8
1.2

0.801

0.643

0.062

0.778

32

State and
Reported
territory
Estimated

km3 yr−1

230.6

6.6

10.4

3.971

1.013

0.060

0.895

35

196.6

5.6

10.1

Province Reported
Estimated

km3 yr−1

103.9
96.4

3.5
3.2

4.2
3.6

1.564

1.081

0.058

0.922

30

State
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Appendix G

Ensemble projections of
irrigation water demand

Based on: Wada, Y., Wisser, D., Eisner, S., Flöke, M., Gerten, D.,
Haddeland, I., Hanasaki, N., Masaki, Y., Portmann, P. T., Stacke, T.,
Tessler, Z., Schewe, J. (2013) Multimodel projections and uncertainties of irrigation water demand under climate change, Geophysical Research Letters 40, L50686,
doi:10.1002/grl.50686.

G.1

Introduction

G.1.1 Previous Assessments of Future Irrigation Water Demand (IWD)
Seckler et al. (1998) used the year 1990 irrigated area per country and considered
population growth and change in irrigation efficiency. They found an increase of global
irrigation water demand by ∼20% over the period 1990-2025, but the effect of climate
change was not considered. Döll and Siebert (2002) used the year 1995 irrigated
area and the climate projections of ECHAM4/OPYC3 (Roeckner et al., 1996) and
HadCM3 (Gordon et al., 2000), and found an increase of global IWD by ∼5% by
the 2020s and by ∼10% by the 2070s, primarily due to higher evaporative demand
as a result of increased temperature (Table G.1). Later, Alcamo et al. (2007) used
the same irrigated area extent and climate projections, but found a slight decrease of
global IWD by the 2070s, mainly due to improved irrigation efficiency they accounted
for. Fischer et al. (2007) used climate data from two GCMs, HadCM3 (Gordon
et al., 2000) and CSIRO (Hirst et al., 2000), and found ∼30% increase of global
IWD by 2080. However, this increase is mainly attributable to the expansion of
irrigated areas in their scenario development. Pfister et al. (2011) applied the IPCC
SRES A1B scenario multimodel average (Intergovernmental Panel on Climate Change
(IPCC), 2007) and the most recent study of Konzmann et al. (2013) used data from 19
GCMs under IPCC SRES A2 scenario (Intergovernmental Panel on Climate Change
(IPCC), 2007) to simulate future IWD. Both studies found a decrease (∼ 7–∼17%)
of global IWD. Among these studies, only Konzmann et al. (2013) considered the
effect of higher atmospheric CO2 concentration (CO2 fertilization effect), that can
lead to reduced transpiration at the leaf level by improving the water use efficiency
of irrigated crops.
G.1.2 Overview of the Representative Concentration Pathways (RCPs)
The Representative Concentration Pathways (RCPs) are named according to the
target level of radiative forcing for the year 2100 (2.6, 4.5, 6.0, and 8.5 W m2 , respectively). The radiative forcing estimates are based on the forcing of greenhouse
gases and other forcing agents, and the forcing levels are relative to pre-industrial
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values (Moss et al., 2010; Van Vuuren et al., 2011). The RCPs include one mitigation scenario leading to a very low forcing level (RCP 2.6), two medium stabilization
scenarios (RCP 4.5 and RCP 6.0), and one very high emission scenario (RCP 8.5)
(Table G.5). RCP 2.6 has the radiative forcing trajectory of first going to a peak forcing level of 3.1 W m2 followed by a decline, and aims to limit the increase of global
mean temperature to less than 2◦ C by 2100. RCP 4.5 is a stabilization scenario in
which total radiative forcing is stabilized before 2100 by employment of technologies
and strategies for reducing greenhouse gas emissions. RCP 6.0 is also a stabilization
scenario in which total radiative forcing is stabilized after 2100. These scenarios aim
to limit the increase of global mean temperature to less than 4◦ C by 2100. RCP
8.5 is characterized by soaring greenhouse gas emissions over time, leading to high
greenhouse gas concentration levels. Global mean temperature increases nearly 6◦ C
by the end of this century.
G.1.3 Brief Description of the Bias-correction Method
Within the ISI-MIP framework1 , five GCMs were selected from the newly available
CMIP5 (Table G.4), primarily due to availability, at project start, of daily transient
climate data of the required variables for the RCPs (Hempel et al., 2013). The selected GCMs cover a broad range of responses of rising global mean temperature and
changing precipitation patterns under four RCPs. Since GCM outputs are known to
differ substantially from observations due to biases (Piani et al., 2010), GCM climate
forcing (0.5 degree grid) including temperature, precipitation amount, the number
of wet days, radiation and other variables was bias-corrected (Table G.2), using the
observation-based WATCH climate forcing data for the overlapping reference climate
1960-1999. Detailed description of the bias-correction method is given in Hempel
et al. (2013). In brief, GCM climate data was bias-corrected, preserving the longterm trend in the GCM data. The method preserves the absolute changes in monthly
temperature, and relative changes in monthly values of precipitation and the other
climate variables (e.g., radiation, wind speed). The methodology essentially represents a modification of the transfer function approach applied in the Water Model
Intercomparison Project (Water-MIP). The method modifies the daily variability of
the climate data about their monthly means to match the observed daily variability. The monthly variability and mean are corrected only using a constant offset or
multiplicative correction factor that corrects for long-term differences between the
simulated and observed monthly mean data in the historical period to preserve the
absolute or relative trend of the climate data. The comparison of uncorrected and
corrected GCM climate data is extensively provided in Hempel et al. (2013). Note
that this method adjusts the monthly mean and daily variability of raw GCM climate
data to observations, whilst preserving the long-term climate signal. While preserving the long-term trend, the method decreases the daily variability by truncating
extreme high values (e.g., precipitation), whereas it also increases the daily variability by removing excessive drizzle which is often present in GCM precipitation data
1

400

http://www.isi-mip.org/

(Piani et al., 2010). The method adequately reduces overall biases in GCM climate
data (Hempel et al., 2013), but it likely adds another source of the uncertainty in
the climate forcing (Hagemann et al., 2011) over some regions where the impact of
climate change may be over- or underestimated.

G.2

Methods

G.2.1 Partitioning Fractional Uncertainty among GHMs, GCMs and RCPs
The uncertainty in projected ensemble IWD was partitioned into three distinct sources:
GHM uncertainty, GCM uncertainty, and RCP uncertainty similar to the method of
Hawkins and Sutton (2009) who calculated the variance of each uncertainty source
assuming that each source is independent. In our ensemble projections, the total
variance (Vt ) includes the variance from hydrological model uncertainty from GHMs
(Vh ), climate model uncertainty from GCMs (Vc ), and emission scenario uncertainty
from RCPs (Vs ):
Vt = Vh + Vc + Vs

(G.1)

Vh is approximated by calculating the variance across the GHMs for a given GCM
and RCP, and by repeating this exercise for each GCM and RCP combination, and
then by calculating the average variance. Since Vs is intrinsically associated with
Vc , and each GCM has a specific response to each emission scenario (RCP), we first
estimated the sum of Vc and Vs . The sum of Vc and Vs is approximated by calculating
the variance across the GCMs and RCPs for a given GHM, and by repeating this
exercise for each GHM, and then by calculating the average variance. To further
partition the sum of Vc and Vs into individual components, we calculated the average
variance of climate uncertainty (Vc ) over five GCMs over time during the reference
period 1971-2005 (no variance from RCPs). We then linearly extrapolated the trend
of Vc and used this to separate the climate and scenario uncertainty (the sum of Vc
and Vs ) for the future period. Each source was assumed to be independent with
one another. Time series of each fractional variance calculated from annual ensemble
IWD projection was smoothed with a linear trend over the period 2005-2099.

G.3

Results

G.3.1 Comparison of Simulated to Reported Irrigation Water Demand
We provide the evaluation of model performance simulating the present-day IWD for
the year 2000. Figure G.1 shows the ensemble mean of simulated IWD compared to
reported statistics obtained from the FAO AQUASTAT database on a country scale.
We calculated the ensemble mean among all GHMs simulated with all GCMs over the
present-day condition 1980-2010 (100 ensemble members: 5 GHMs, 5 GCMs, and 4
RCPs). Error bars show standard deviation (σ) among all simulation over the period
1980-2010.
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Figure G.1 Comparison of simulated irrigation water demand (IWD) to reported statistics [km3 yr−1 ] per country for the year 2000
(N = 212) in log-log plots. IWD was taken from the ensemble mean of all GHMs simulated with all GCMs (100 ensemble members: 5
GHMs, 5 GCMs and 4 RCPs) over the present-day condition (1980-2010). Error bars show σ among all simulation. Reported statistics
was obtained from the FAO AQUASTAT database. R2 , p, and slope denote the coefficient of determination, p-value (significance),
and the slope of regression line, respectively. The dashed line represents the 1:1 slope.

Overall, the correlation (based on original values) between simulated and reported
IWD by country is high (R2 = 0.96, p<0.001) and good results were obtained for most
countries. However, overall the simulated values (∼2850 km3 yr−1 ±∼500 km3 yr−1 )
are 16% higher (slope = 0.82) than the reported ones (∼2450 km3 yr−1 ). The simulated values overestimate IWD by ∼15% (±6%) for major irrigated countries including
India, China, and Pakistan, but underestimate it by ∼10% (±5%) for some countries
over Europe (e.g., Spain, Italy, and Greece), Asia (e.g., Iran, Uzbekistan, and Kazakhstan), Africa (e.g., Nigeria, Niger, and Kenya), and South America (e.g., Brazil,
Argentina, and Peru). The overestimation is likely affected by the fact that our estimate is potential demand rather than actual amount of water withdrawn constrained
by water availability (surface water and groundwater) at a given time. Moreover,
the method of bias-corrections in climatic forcing (GCMs), discrepancies of irrigated
areas, irrigation efficiency, and imprecise calendars of multiple cropping systems may
have large influences on the discrepancy of the results. Irrigated areas and irrigation
efficiency tend to be the two largest sources of the uncertainty simulating IWD (Döll
and Siebert, 2002; Wisser et al., 2008). In fact, a large difference in these two irrigation inputs is observed among the GHMs (Table G.3). Nevertheless, the deviations
of the ensemble means are rather small (within the standard deviation, σ) for most
countries and GHMs are generally capable of simulating regional variability of IWD
across the globe.
G.3.2

Spatial Agreement of projected IWD among the Global Hydrological
Models
Figure G.4 shows the coefficient of variation (CV ), i.e. the ratio of σ to the mean,
to depict the spatial agreement of simulated future IWD among the GHMs. The CV
was calculated based on ensemble mean and ensemble σ. The projections are highly
uncertain over many parts of the world and the uncertainty increases towards the end
of this century. The spatial agreement among the GHMs is low (CV >0.5) over many
parts of the USA, Europe, Southeastern Asia, Southern China, and Australia. The
projections show good agreement (CV <0.3) over major irrigated regions including
India, Northern China, Saudi Arabia, South Africa, and southern USA.

G.4

Discussion

This study provides a first global assessment of future IWD based on multimodel
simulation and multiclimate projections, and presents a comprehensive analysis on
future IWD highlighting the impact of climate change and the global and regional uncertainty. The results identified regions which will undergo substantial IWD change
based on projected climate variations. The uncertainty of projected ensemble IWD
was partitioned into hydrological model (GHM), climate model (GCM), and emission
scenario (RCP) uncertainty. The results revealed an increasing trend in global IWD
towards the end of this century, primarily due to higher evaporative demand over
irrigated areas as a result of global warming that tends to outweigh increasing precip403

itation amounts. However, the magnitude of the increase substantially varies among
the emission scenarios (RCPs) and over regions. For RCP 2.6, the increase in regional
IWD is milder compared to that for the other RCPs. Over major irrigated areas, for
RCPs 2.6 and 4.5, a slight decrease in IWD is found over South Asia (India and Pakistan) where regional IWD exceeds a quarter of the global total. This suggests that
under the lower greenhouse gas emission scenario leading a global warming by 1-2◦ C
by 2100, impacts of climate change as mediated via slight increases in projected IWD
may have a lesser influence on regional food production.
A large spread in ensemble projections attributable to a large variability of simulated IWD among the GHMs was observed during the present (Figure G.2). The
spatial agreement of ensemble IWD projections among the GHMs is low over many
parts of the USA, Europe, Southeastern Asia, Southern China, and Australia (Figure G.4). The most likely reason for this variability in projected IWD relates with
the methodological approach and the parameterization of irrigated crops including
growing season, crop factor, and rooting depth, which differs substantially among
the GHMs (Table G.2). A large difference in irrigated areas and irrigation efficiency
among the GHMs also explains the variability (Table G.3). As suggested by previous
studies (Gosling et al., 2010, 2011; Haddeland et al., 2011), a multimodel and multiclimate forcing approach may be indeed preferable. The emission scenario uncertainty
signifies the difference how global community responds to global warming, rather than
the difference arising from climate projections. This component is related more with
societal decisions rather than our abilities in projecting the climate impacts.
During the past 50 years, IWD more than doubled (Wisser et al., 2010; Wada
et al., 2011a,b). Yet available surface freshwater resources at a given time are finite.
As a result, water scarcity has become prevalent in many regions of the world, e.g.,
India, Pakistan, the USA, China, and Iran. Anticipated climate change will likely
worsen the water scarcity condition over these regions due to increasing temperature
and changing precipitation patterns (Alcamo et al., 2007). In such regions, projected
net increase in IWD will bring a further challenge for local farmers to cope with
less water availability. At the same time, improving irrigation efficiency and water
recycling technology have a good potential to reduce the substantial amount of water
used for irrigation and other uses (Gleick, 2010), which facilitates adaptive responses
to cope with water scarcity conditions in many rapidly developing countries.
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Figure G.2 Trends in IWD for (a) the globe, (b) India, (c) Pakistan, (d) China, and (e) the
USA over the period 1971-2099 [km3 yr−1 ]. The results of the ensemble mean for all GCMs
and RCPs (100 ensemble members: 5 GHMs, 5 GCMs and 4 RCPs) and each RCP (25
ensemble members: 5 GHMs, 5 GCMs) are provided. Error bars show standard deviation
(σ) among all scenario projections (RCPs). Outer error bars show maximum (Max.) and
minimum (Min.) for all scenario projections.
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Figure G.3 Shift in peak (a) IWD and (b) IWC from the 2000s to the 2080s under the strongest greenhouse gas emission scenario
(RCP 8.5) in months (negative: backward or earlier, positive: forward or later) at a grid scale (0.5◦ ). Major irrigated regions (India,
Pakistan, China, USA, Iran, Nile Delta, Spain) are highlighted with solid red lines.
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Figure G.4 Coefficient of variation (CV ), i.e. the ratio of σ to the mean for each RCP. CV was calculated from the ensemble σ and
the ensemble mean of each ensemble RCP projections. Major irrigated regions (India, Pakistan, China, USA, Iran, Nile Delta, Spain)
are highlighted with solid red lines.
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all projections is provided for each GHM. For LPJmL model, the results without CO2 fertilization or beneficial effects are provided,
but these are not included in our overall analysis.
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Table G.1

Study

Previous global assessments of future irrigation water demand (IWD) and consumption (IWC).

Sector

Seckler et al.
Irrigation
(1998)

Irrigated area

Climate Change

Year 1990 irrigated area
(World Resources
Institute (WRI), 1996)

ECHAM4/OPYC3
(Roeckner et al., 1996)
HadCM3
(Gordon et al., 2000)

Döll and
Year 1995 irrigated area
Irrigation
Siebert (2002)
(Döll and Siebert, 2000)

Alcamo et al.
Year 1995 irrigated area
Irrigation
(2007)
(Döll and Siebert, 2000)

ECHAM4/OPYC3
(Roeckner et al., 1996)
HadCM3
(Gordon et al., 2000)

Changes relative to year
Fischer et al.
2000 irrigated area
Irrigation
(2007)
(Bruinsma, 2003; Siebert
et al., 2007)

HadCM3
(Gordon et al., 2000)
CSIRO
(Hirst et al., 2000)

IWC/IWD [km3 ]

Spatial
resolution

Increased irrigation efficiency 1990Population growth
2025

-/2086[1990]
-/2431[2025]

country

1961Irrigation water consumption
1990
Cropping pattern
2020s
Growing season
2070s

1092/-[1961−1990]
1128-1147/-[2020s]
1151-1177/-[2070s]

0.5◦

-/2482[1995]
-/2342-2306[A2−2020s]
-/2233-2324[A2−2050s]
-/2222-2280[A2−2070s]
-/2317-2360[B2−2020s]
-/2219-2264[B2−2050s]
-/2187-2298[B2−2070s]

0.5◦

-/2630[2000]
-/2873[2020]
-/3019[2040]
-/3278[2080]

0.5◦

1772/-[2000]
1656/-[2050]

0.08333◦

1029/2709[1971−2000]
901/2249[2080s]

0.5◦

Additional component Duration

IPCC SRES A2 and B2
scenarios
Increasing irrigation
efficiency by 0.3% yr−1
between 1995 and 2025,
0.15% yr−1 thereafter

19952099

IIASA A2r scenario (Riahi
et al., 2007)
2000Increased irrigation efficiency
2080
With/Without mitigation
under SRES B1/A2 scenario

Expansion from year 2000 IPCC SRES A1B scenario
Irrigation water consumption
Pfister et al.
irrigated area (Fischer
multimodel average
2000
Irrigation
Four coping strategies to
(2011)
et al., 2007; Siebert et al., (Intergovernmental Panel on
2050s
feed global population
2007)
Climate Change (IPCC), 2007)
19 GCMs under IPCC SRES A2 Irrigation water demand and 1971Konzmann
Year 2000 irrigated area scenario (Intergovernmental
consumption
2000
Irrigation
et al. (2013)
(Ramankutty et al., 2008)
Panel on Climate Change
Increased atmospheric CO2 2070(IPCC), 2007)
concentration
2099
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Table G.2

Main characteristics of global hydrological models (GHMs) used in this study.

Meteorological Potential evapoSoil2
forcing1
transpiration

Crop(s)

(Monfreda et al.,
H08
R, S, T, W, Q,
Bulk formula
FAO
2008)
(Hanasaki et al., 2008a,b)
LW, SW, SP
LPJmL
11 crops
Priestley and
FAO
(Rost et al., 2008;
P, T, LWn , SW
pasture
Taylor
Konzmann et al., 2013)
MPI-HM
(Portmann et al.,
(Stacke and Hagemann, P, T, W, Q, LWn ,
Penman-Monteith LSP2
2010)
2012; Hagemann and
SW, SP
Gates, 2003)
Paddy
Non-paddy
PCR-GLOBWB
P, T
Hamon
FAO
(Portmann et al.,
(Wada et al., 2011a,b)
2010)
Paddy
Non-Paddy
Priestley and
WaterGAP
FAO
P, T, LWn , SW
(Portmann et al.,
Taylor
(Döll and Siebert, 2002)
2010)
Paddy
WBMplus
Non-Paddy
P, T
Hamon
FAO
(Wisser et al., 2008, 2010)
(Monfreda et al.,
2008)
VIC
FAO
P, T, W, Q, LW,
(Liang et al., 1994;
Penman-Monteith GSDP
AQUASTAT4
SW, SP
Haddeland et al., 2006)
USDA
1

Additional
components

Temporal
resolution

Spatial
resolution

Outputs3

Irrigation efficiency
Multicropping

Day

0.5◦

IWD, IWC

CO2 fertilization
Irrigation efficiency

Day

0.5◦

IWD, IWC

Single crop class

Day

0.5◦

IWC

Portmann et al. (2010) MIRCA2000
Siebert and Döll
(Portmann
(2010)
et al., 2010)

Flooding irrigation to
paddy
Irrigation efficiency
Multicropping

Day

0.5◦

IWD, IWC

Crop factors with 150 Siebert et al.
day growing season
(2007)

Irrigation efficiency
Multicropping

Day

0.5◦

IWD, IWC

Optimal growth

MIRCA2000
(Portmann
et al., 2010)

Flooding irrigation to
paddy
Irrigation efficiency
Multicropping

Day

0.5◦

IWD, IWC

FAO AQUASTAT4
crop calendar

Siebert et al.
(2007)

Multicropping

Day

0.5◦

IWC

Crop calendar

Irrigated
areas

Simulate a cropping (Siebert et al.,
calendar by H08
2007)
Simulate crop growth (Fader et al.,
by LPJmL
2010)
Climatological
vegetation phenology
(LSP2)

MIRCA2000
(Portmann
et al., 2010)

R: rainfall rate, S: snowfall rate, P: precipitation rate (rain and snow calculated in the model), T: air temperature, W: wind speed, Q: air specific humidity, LW: downwelling
longwave radiation; LWn : net longwave radiation; SW: downwelling shortwave radiation, SP: surface pressure.
2 FAO: FAO Digital Soil Map of the World; http://www.fao.org/nr/land/soils/digital-soil-map-of-the-world/, LSP2: Global Dataset of Land Surface Parameters (Hagemann,
2002), GSDP: Global Soil Data Products (IGBP-DIS: International Geosphere-Biosphere Programme Data and Information System); http://daac.ornl.gov/SOILS/igbp.html/
3 IWD: irrigation water demand, IWC: irrigation water consumption
4 FAO AQUASTAT database; http://www.fao.org/nr/water/aquastat/main/index.stm/

Table G.3 Main characteristics of irrigation inputs and outputs in global hydrological
models (GHMs) per continent1
H08

LPJmL

MPI-HM

PCRWaterGAP WBMplus
GLOBWB

VIC

Average

GIA 358,908 276,213
NIA 358,908 276,213
2
0.490
North America IEFF 0.572
IWD 239.6
333.3
IWC 135.9
135.9

259,350
259,350
84.1

309,809
276,426
0.385
406.1
137.3

365,616
364,057
0.472
380.0
179.7

346,235
355,387
0.627
180.2
100.5

345,847 323,140
273,480 309,117
0.501
307.8
125.3
128.4

GIA 114,574
NIA 114,574
IEFF
0.450
South America
IWD
85.5
IWC
38.5

69,466
69,466
0.430
85.5
33.7

78,964
78,964
20.5

103,065
79,547
0.328
96.7
30.4

100,998
100,917
0.407
103.1
39.5

97,767
93,898
0.440
65.8
29.0

58,773
55,851
24.4

Europe

GIA 242,680 145,186
NIA 242,680 145,186
IEFF 0.550
0.600
IWD
86.4
71.9
IWC
48.3
39.5

150,220
150,220
20.4

222,157
152,968
0.482
116.4
51.2

236,799
218,146
0.539
170.8
89.4

246,074
237,057
0.569
95.5
56.4

210,600 207,674
187,462 190,531
0.559
108.2
30.1
47.9

Africa

GIA 133,380
NIA 133,380
IEFF 0.613
IWD 143.9
IWC
89.1

88,469
88,469
80.9

129,009
101,659
0.451
163.0
74.8

144,405
122,267
0.415
245.6
98.5

135,508
117,160
0.570
95.4
60.1

129,039 120,068
86,528 104,304
0.501
153.5
101.9
79.3

1,916,680
1,533,460
0.401
2328.5
988.6

2,435,610
1,886,060
0.376
2198.5
825.6

26,951
26,842
0.587
22.3
12.3

40,098
26,932
0.422
44.7
18.6

2,707,671
2,170,902
0.407
3132.9
1264.5

3,323,526
2,718,379
0.408
3142.7
1251.2

Asia

Oceania

World

80,663
80,663
0.450
119.4
49.6

GIA 2,419,102 1,574,380 1,425,285
NIA 1,849,058 1,574,380 1,425,285
IEFF 0.394
0.370
IWD 2504.0 1633.6
IWC 976.1
561.1
543.0
GIA 39,689
NIA 26,555
IEFF 0.699
IWD
20.1
IWC
14.1
GIA
NIA
IEFF
IWD
IWC

17,001
17,001
0.380
32.2
12.2

26,795
26,795
13.6

3,340,118 2,162,909 2,029,083
2,725,155 2,162,909 2,029,083
0.440
0.410
3079.3 2275.9
1301.9
840.8
762.4

89,087
84,745
0.424
87.3
30.9

2,227,687 1,592,548 1,941,613
1,798,472 1,198,704 1,609,346
0.482
0.403
2176.4
2168.2
980.9
836.4
816.0
30,346
20,229
0.688
12.9
8.9

17,234
14,409
4.4

28,302
22,680
0.598
26.5
12.0

3,070,729 2,354,041 2,712,582
2,635,088 1,816,434 2,322,564
0.501
0.432
2626.1
2851.4
1235.7
1122.5 1111.3

1

GIA: gross irrigated areas (areas accounting for multicropping) [km2 ], NIA: net irrigated areas (without
multicropping) [km2 ], IEFF: irrigation efficiency [dimensionless], IWD: irrigation water demand [km3 yr−1 ],
IWC: irrigation water consumption [km3 yr−1 ], IWD and IWC were calculated over the present period (mean
of 1980-2010).
2
Irrigation efficiency per country/per grid cell was averaged over each continent. Note that the continental
averages smoothed out the differences over countries/grid cells.
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Table G.4 GCMs (Global Climate Models)1 and scenarios (Representative Concentration
Pathways) used in this study.

GCM

RCP

Period

HadGEM2-ES
IPSL-CM5A-LR
MIROC-ESM-CHEM 2.6, 4.5, 6.0, 8.5 1971-2099
GFDL-ESM2M
NorESM1-M

Organization
Met Office Hadley Centre
Institute Pierre-Simon Laplace
JAMSTEC, NIES, AORI (The
University of Tokyo)
NOAA Geophysical Fluid
Dynamics Laboratory
Norwegian Climate Centre

1

GCMs were obtained from the newly available CMIP5 (Coupled Model Intercomparison
Project Phase 5; http://cmip-pcmdi.llnl.gov/cmip5/).

Table G.5 Overview of representative concentration pathways (RCPs) (Van Vuuren et al.,
2011)

1

RCP

Scenario1

8.5

Rising radiative forcing pathway leading to 8.5 W m2
(∼1370 ppm CO2 equivalent) by 2100

6.0

Stabilization without overshoot pathway to 6 W m2
(∼850 ppm CO2 equivalent) at stabilization after 2100.

4.5

Stabilization without overshoot pathway to 4.5 W m2
(∼650 ppm CO2 equivalent) at stabilization after 2100

2.6

Peak in radiative forcing at ∼3.1 W m2 (∼490 ppm
CO2 equivalent) before 2100 and then decline (the
selected pathway declines to 2.6 W m2 by 2100).

Radiative forcing values include the net effect of all anthropogenic
greenhouse gases and other forcing agents.
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Table G.6 Ensemble projections of irrigation water demand (IWD) under each RCP scenario (25 ensemble members) and all RCP
scenarios (100 ensemble members: 5 GHMs, 5 GCMs and 4 RCPs) for the present-day condition (2000s), the mid-century (2050s), and
the end of the century (2080s). Ensemble mean and standard deviation (σ ) of each RCP and all RCPs are shown for major irrigated
countries and over the globe [km3 yr−1 ].

Country

2000s
Mean

2050s
RCP 2.6 RCP 4.5 RCP 6.0 RCP 8.5

Mean

2080s
RCP 2.6 RCP 4.5 RCP 6.0 RCP 8.5

Mean

India

751
(±191)

738
(±203)

740
(±215)

756
(±220)

768
(±225)

750
(±217)

742
(±214)

748
(±219)

780
(±248)

820
(±282)

773
(±258)

China

526
(±153)

580
(±152)

596
(±164)

581
(±165)

608
(±169)

590
(±168)

594
(±152)

610
(±166)

634
(±180)

673
(±207)

627
(±195)

Pakistan

320
(±85)

318
(±90)

325
(±96)

333
(±98)

342
(±101)

330
(±90)

310
(±90)

330
(±99)

348
(±106)

366
(±127)

339
(±111)

USA

210
(±67)

205
(±70)

215
(±72)

214
(±71)

225
(±74)

215
(±72)

195
(±71)

224
(±73)

228
(±75)

250
(±80)

224
(±80)

Globe

2852
(±512)

3096
(±528)

3120
(±545)

3140
(±548)

3200
(±590)

3140
(±560)

3130
(±535)

3210
(±568)

3275
(±640)

3450
(±800)

3270
(±700)
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Table G.7 Calculated statistics with linear regression for relative changes [%] of IWD (ensemble mean of each RCP) as a function of
warming [◦ C] and relative change of annual precipitation amounts [%] over the global land and the major irrigated countries: India,
Pakistan, China, and the USA. (from Figure 12.2). R2 denotes the coefficient of determination.

Country

India

China

Pakistan

USA

Globe

Warming [◦ C]

Statistics

Relative change of precipitation amounts
[%]
RCP2.6 RCP4.5 RCP6.0 RCP8.5

RCP2.6

RCP4.5

RCP6.0

RCP8.5

Slope
Intercept
R2

5.95
-5.0
0.16

1.86
-2.06
0.12

3.06
-2.72
0.34

2.72
-4.29
0.57

-0.35
4.12
0.77

-0.21
2.68
0.61

-0.18
3.74
0.44

-0.08
3.47
0.12

Slope
Intercept
R2

4.73
-0.64
0.36

3.97
1.31
0.50

5.74
-1.82
0.72

4.78
0.40
0.85

-0.21
7.76
0.04

0.24
8.04
0.05

0.59
7.83
0.12

0.90
8.83
0.25

Slope
Intercept
R2

1.35
0.40
0.03

3.05
-1.60
0.42

2.60
-1.47
0.38

3.07
-2.21
0.80

-0.15
2.81
0.74

-0.14
4.20
0.55

-0.12
3.87
0.46

-0.16
7.28
0.18

Slope
Intercept
R2

1.96
1.28
0.08

3.23
-0.08
0.47

2.96
1.05
0.53

3.71
0.33
0.78

-0.61
6.73
0.31

-0.22
7.77
0.04

-0.31
8.40
0.03

-0.18
12.75
<0.01

Slope
Intercept
R2

3.12
-0.32
0.29

3.21
-0.71
0.77

3.61
-1.28
0.87

3.62
-1.66
0.95

-0.003
3.84
<0.01

0.67
3.32
0.25

0.91
2.83
0.38

1.71
1.92
0.61
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Döll, P. and S. Siebert (2002), Global modeling of irrigation water requirements. Water
Resour. Res. 38(4), 8.1–8.10.
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Fekete, B. M., C. J. Vörösmarty and W. Grabs (2002), High-resolution fields of
global runoff combining observed river discharge and simulated water balances. Global
Biogeochem. Cy. 16, 1042.

422
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growing areas of 26 irrigated crops, Frankfurt Hydrology Paper 06. Tech. Rep., Institute
of Physical Geography, University of Frankfurt, Frankfurt am Main, Germany.
Portmann, F., S. Siebert, C. Bauer and P. Döll (2010), Mirca2000 - global monthly
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Vörösmarty, C. J., P. Green, J. Salisbury and R. B. Lammers (2000b), Global
water resources: Vulnerability from climate change and population growth. Science 289,
284–288.
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Summary
In this thesis the human and climate impacts on global water resources were investigated. To this end, a state-of-the-art global hydrological model and global water
demand model were developed and eventually coupled to assess the effects of both
climate variability and climate change, as well as the overexploitation of human water
use on surface freshwater and groundwater resources. All simulations were performed
at a 0.5◦ × 0.5◦ global grid. To systematically answer a number of key and unsolved
questions arising from previous global water resources assessments, the thesis was
divided into three major parts: (1) assessments of surface freshwater resources and
stress, (2) assessments of global groundwater resources and stress, and (3) development of an integrated modeling framework for evaluating global water resources under
the impact of human activities and imminent climate change, and of improved and
robust water resources indicators.
The thesis first shows the human and climate impacts on seasonal surface freshwater resources. Global surface freshwater (i.e., blue water) availability including
the effect of reservoir operations was simulated by forcing the global hydrological
model PCR-GLOBWB with daily global meteorological fields. Global monthly water demand was then calculated as the sum of demands from agricultural (livestock
and irrigation), industrial, and domestic sectors for the benchmark year of 2000 and
was contrasted against monthly blue water availability, reflecting climatic variability over the period 1958-2001. Climatic variability was found to be often a main
determinant of water stress. At a monthly temporal resolution, the number of people experiencing water stress increased by more than 40% compared to conventional
annual assessments. The calculation of monthly water demand was then extended
over the period 1960-2001, considering the effects of population growth, economic
and technological development, and expanding irrigated areas. The reconstructed
water demand was contrasted against the simulated surface freshwater availability to
quantify the transient effects in historical development of water stress considering not
only climatic variability but also growing water demand. A drastic increase in the
global population living under water-stressed conditions (i.e., moderate to high water stress) was found primarily due to growing irrigation water demand; 800 million
people or 27% of the global population for 1960 rising to 2.6 billion or 43% for 2000.
Increased water demand was found to be a decisive factor for heightened water stress
in various regions such as India, Pakistan, China, and Iran, enhancing the intensity
of water stress up to 200%, while climate variability is often a main determinant of
extreme events. Importantly, in several emerging and developing economies (e.g., India, Turkey, Romania and Cuba) some of past extreme events were anthropogenically
driven due to increased water demand rather than being climate-induced. Human
water consumption also has a profound impact on hydrological drought by substantially reducing local and downstream streamflow. Over Europe, North America and
Asia, severe drought conditions were found to be driven by increased consumptive
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water use rather than to be merely induced by climate variability. Over many parts
of those regions, this mechanism is the primary driver of hydrological drought; the
magnitude of hydrological droughts intensified by 10-500% occurring during nationand continent-wide drought events and by itself increased global drought frequency
by 27 (±6)%, suggesting that human water consumption is one of the more important
mechanisms intensifying hydrological drought.
Next, the thesis focused on the assessment of global groundwater depletion and
stress. Global groundwater recharge and global groundwater abstraction were estimated to quantify the magnitude of global groundwater depletion, defined as abstraction in excess of recharge. The analysis was limited to sub-humid to arid climate
zones in order to minimize the overestimation that arises from increased capture of
river discharge and enhanced recharge due to groundwater pumping. Global groundwater depletion was found to increase from 126 (±32) km3 yr−1 in 1960 to 283 (±40)
km3 yr−1 in 2000. The latter equals 39 (±10)% of the global annual groundwater
abstraction. To expand the analysis of global groundwater depletion, the global hydrological model and global water demand model were used to simulate water demand
for irrigated crops, available blue and green water availability, and associated groundwater abstraction to meet this demand. Over water-scarce regions such as the Middle
East and Northern Africa, more than half of irrigation water comes from nonrenewable groundwater abstraction. Over major irrigated countries, the contribution of
nonrenewable groundwater abstraction to irrigation is equally substantial: ∼20% for
India, ∼15% for China, and ∼25% for the USA and Pakistan. Globally, nonrenewable
groundwater abstraction contributes ∼20% to irrigation water supply and has more
than tripled in size over the last 50 years. Groundwater stress was then assessed using
newly developed groundwater stress indicators with simulated groundwater recharge
and groundwater contribution to environmental streamflow, and estimated groundwater abstraction: the groundwater footprint (GF) and the aquifer stress indicator
(AQSI), at the scale of aquifers as an principal unit that are more suited to assess
groundwater resources. The groundwater footprint methodology was applied globally to regional-scale, hydrologically active aquifers. The global groundwater footprint was found to be currently 3.5 times the actual area of aquifers. A few heavily
overexploited aquifers have a large influence on this global number. About 1.7 billion people or nearly 30% of global population was estimated to live in areas where
groundwater resources and/or groundwater-dependent ecosystems are under stress.
The AQSI was applied over internationally shared, or transboundary, aquifers (TBAs)
worldwide and revealed that 8% of TBAs are currently stressed due to human overexploitation. Many TBAs over Europe, Asia and Africa are not currently stressed,
but their aquifer stress has been increasing at an alarming rate (>100%) over the
past fifty years (1960-2010), due to the increasing reliance on groundwater for food
production. Improving irrigation efficiency can reduce groundwater stress over some
TBAs, but it likely aggravates it over TBAs where conjunctive use of surface water
and groundwater is prevalent due to decreased return flow (recharge) from surface
water irrigation in response to increased irrigation efficiency.
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Most of the groundwater released from storage due to groundwater depletion will
end up in the ocean, the depleting groundwater resources were found to be an important contributor to global sea-level rise. As most of the groundwater is used for
irrigation, much of the depleted groundwater reaches the ocean through evapotranspiration and subsequent precipitation. Based on the historical and future simulation
over the period 1900-2100, using a reconstruction of past groundwater depletion and
21st century projections of its contribution to global sea-level variation, the contribution of groundwater depletion to sea-level increased from 0.035 (±0.009) mm yr−1
in 1900 to 0.57 (±0.09) mm yr−1 in 2000, and is projected to increase to 0.82 (±0.13)
mm yr−1 by the year 2050. In addition, the results of groundwater depletion were
placed in context of other terrestrial water contributions (reservoir impoundment,
deforestation, wetland loss, endorheic basin storage loss) to sea-level variation. It
was found that the net contribution of terrestrial sources was negative of order -0.15
(±0.09) mm yr−1 over 1970-1990 as a result of dam impoundment, but became positive of order +0.25 (±0.09) mm yr−1 over 1990-2000 due to increased groundwater
depletion and decreased dam building. The net terrestrial contribution is projected
to increase to +0.87 (±0.14) mm yr−1 by 2050, when the contribution of groundwater
depletion to sea-level rise is likely to dominate over those of other terrestrial water
sources.
In the final part of this thesis, an improved modeling framework that integrates a
global water balance model with a global water demand model was explored. Daily
water withdrawal and consumptive water use were dynamically simulated considering
water allocation from surface water and groundwater resources, and explicitly taking
into account mutual feedbacks between supply and demand (e.g., irrigation, soil water, groundwater, and evapotranspiration). An extensive global reservoir dataset and
the latest climate forcing of ERA-Interim and MERRA were used to simulate human
water use by the year 2010, extending beyond most global analyses. A consistent
increase in both surface water and groundwater use was found worldwide, with a
more rapid increase in groundwater use after the 1990s. Human impacts on terrestrial water storage (TWS) signals were evident, altering the seasonal and inter-annual
variability over heavily regulated basins such as the Colorado and the Columbia, and
over the major irrigated basins such as the Mississippi, the Indus, and the Ganges.
The series of anthropogenic impacts on surface water and groundwater resources were
reflected in terrestrial water storage change and were well captured in the validation
using remotely-sensed gravity signals from GRACE satellite observation. The newly
developed integrated model together with other six state-of-the-art global hydrological models (GHMs) was applied to simulate future irrigation water demand over
currently irrigated areas by the end of this century using the latest CMIP5 (Coupled
Model Intercomparison Project Phase 5) climate projections. Ensemble projections
show an increasing trend in future irrigation water demand, but the increase varies
substantially depending on the degree of global warming and associated regional precipitation changes. Under the highest greenhouse gas emission scenario (RCP8.5),
irrigation water demand will considerably increase during the summer in the Northern Hemisphere (>20% by 2100) and the present peak irrigation water demand is
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projected to shift one month or more over regions where ≥80% of the global irrigated
areas are found and 4 billion people currently live. Uncertainties arising from GHMs
and global climate models (GCMs) are large, with GHM uncertainty dominating
throughout the century and with GCM uncertainty substantially increasing from the
mid-century. This indicates that the choice of GHM outweighs by far the uncertainty
arising from the choice of GCM and associated emission scenario.
In the final chapter of the thesis, an improved approach was introduced to assess
global water resources considering both the sustainability of blue water resources
(BlWSI : Blue Water Sustainability Index) and the multi-year variability and stress
of green water resources (GrWSI : Green Water Stress Index). The GrWSI uses
the ratio of actual to potential evapotranspiration compared to that of the longterm average, while the BlWSI incorporates both nonrenewable groundwater use
and nonsustainable water use that compromises environmental flow requirements to
satisfy human water consumption. The GrWSI is capable of reproducing varying
degrees of green water stress conditions, reflecting a multi-decadal climate variability.
The BlWSI revealed an increasing trend of water consumed from nonsustainable
surface water and groundwater resources (∼30%) worldwide. The global amount of
nonsustainable water consumption has been increasing especially since the late 1990s,
despite a wetter signal as indicated by a recent study as well as our GrWSI.
This thesis contributes to improve and extend an existing modeling framework in
order to better quantify and distinguish the impacts of human activities, and climate
variability and change on global water resources. Climate has a profound impact on
global water resources and extreme hydrological events such as drought. At the same
time, the impact of human water use on surface freshwater and groundwater resources
cannot be neglected and has been increasing rapidly over recent decades as a result
of economic development, and population growth and associated food production.
Over heavily regulated basins and intensely irrigated areas, the effect of human water use exceeds by far the impact of climate variability on regional water resources.
The improved modeling framework advances beyond earlier work by attempting to
account more realistically for the nature of human water use and associated impacts
on the terrestrial water fluxes. The integrated modeling framework enables one to
comprehensively assess human-induced changes in global water systems and to track
those changes over time. New developed water resources indicators are the first tools
suitable for consistently evaluating the sustainability and degradation of surface water
and groundwater resources as a result of human water over-abstraction.
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Samenvatting
In dit proefschrift is de invloed van mens en klimaat op de wereldwijde waterbeschikbaarheid onderzocht. Hiervoor is een model ontwikkeld om de mondiale watervraag
te simuleren en in combinatie met een geavanceerd hydrologisch model gebruikt om
zowel de effecten van klimaatvariabiliteit en -verandering als die van het overmatig
gebruik van oppervlakte- en grondwater vast te stellen. Alle simulaties zijn uitgevoerd op een wereldwijd raster van 0.5 bij 0.5 booggraden. Uit eerdere studies naar
wereldwijde waterbeschikbaarheid komen een aantal essentiële maar onbeantwoorde
vragen naar voren. Om deze vragen systematisch te beantwoorden, is dit proefschrift
onderverdeeld in de volgende drie delen: (1) een vaststelling van mondiale voorraden
aan zoet oppervlaktewater en mogelijke schaarste, (2) een vaststelling van de mondiale grondwaterbeschikbaarheid en mogelijke schaarste, en (3) de ontwikkeling van een
nieuw raamwerk om de invloed van menselijke activiteiten en klimaat op de mondiale watervoorraden om verbeterde en robuuste indicatoren van waterbeschikbaarheid
vast te stellen.
Dit proefschrift bestudeert eerst de invloed van menselijke activiteiten en klimaat
op seizoensvariaties in de mondiale beschikbaarheid van zoet oppervlaktewater (zogenoemd blauw water ter onderscheid van groen water, het bodemvocht dat voor de
transpiratie van planten beschikbaar is). De wereldwijde beschikbaarheid aan blauw
water, met in begrip van het regulerende effect van stuwdammen, is gesimuleerd door
het opleggen van dagelijkse weervelden aan het mondiale hydrologische model PCRGLOBWB. De wereldwijde watervraag is voor het referentiejaar 2000 gesimuleerd
als de som van de deelvragen uit de landbouwsector (voor veeteelt en irrigatie), uit
de industriële sector en uit de huishoudelijke sector. Deze vraag is vergeleken met
de beschikbaarheid aan blauw water welke de klimaatvariaties over de periode 1958
tot en met 2001 weerspiegelt. Klimaatvariaties bepalen grotendeels de mate van
waterschaarste. In vergelijking met traditionele bepalingen op jaarbasis, neemt de
bevolking die onderhevig is aan waterschaarste toe met meer dan 40% indien dit op
een maandelijkse tijdschaal wordt beschouwd.
De berekening van de maandelijkse watervraag is vervolgens uitgebreid tot de
periode 1960 tot en met 2001, waarbij rekening gehouden is met de effecten van
bevolkingsgroei, met economische en technologische ontwikkeling en de uitbreiding
van geı̈rrigeerde gebieden. Deze gereconstrueerde watervraag is opnieuw vergeleken
met de gesimuleerde waterbeschikbaarheid om temporele ontwikkelingen in de historische watervraag vast te stellen waarbij naast klimaatvariaties ook met een toenemende vraag rekening gehouden is. Hierbij is vastgesteld dat de mondiale bevolking
die aan waterschaarste blootstaat (matige tot hoge waterschaarste) drastisch toeneemt. Dit is allereerst het gevolg van een toenemende vraag aan irrigatiewater; 800
miljoen personen, 27% van de toenmalige wereldbevolking, ondervond waterschaarste
in 1960 en dit neemt toe tot 2.6 miljard, 43% van de wereldbevolking, in 2000. De
cruciale factor voor deze toename is de hogere watervraag in een aantal gebieden,
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zoals India, Pakistan, China en Iran, waardoor de waterschaarste tot 200% toe kan
nemen. Klimaatvariaties spelen vaak een beslissende rol in het voorkomen van extreme gebeurtenissen. Een belangrijke vaststelling is dat in verschillende landen met
een beginnende of gedeeltelijke economische ontwikkeling (bijvoorbeeld India, Turkije, Roemenië en Cuba), een aantal ernstige periodes van waterschaarste in het recente verleden eerder door de watervraag dan door klimaatvariatie gedreven werden.
Vergelijkbaar heeft menselijk waterverbruik ook een sterke invloed op hydrologische
droogte waarbij de lokale en regionale afvoer ernstig verminderd wordt. Voor NoordAmerika, Europa en Afrika is vastgesteld dat de intensiteit van ernstige hydrologische
droogte vooral door waterverbruik bepaald werd en minder door klimaat alleen. In
deze gebieden neemt om deze reden de hevigheid van hydrologische droogte toe met
10 tot 500% voor gebeurtenissen van nationale tot continentale omvang. Dit leidt tot
een verhoging van de mondiale frequentie met 27 (±6)% wat suggereert dat menselijk
waterverbruik een van de belangrijkste achterliggende redenen voor de toegenomen
intensiteit van droogte is.
Vervolgens is de aandacht verlegd naar het vaststellen van de mondiale grondwateruitputting en -schaarste. Mondiale grondwateraanvulling en -onttrekking zijn
geschat en onttrekking in overmaat aan grondwateraanvulling genomen als mate van
grondwateruitputting. Deze analyse werd beperkt tot sub-humide tot aride klimaatzones om de verstorende invloed van toegenomen infiltratie door het rivierbed of
grondwateraanvulling als gevolg van pompactiviteiten te vermijden. Hierbij is vastgesteld dat mondiale grondwateruitputting toegenomen is van 126 (±32) km3 jaar−1
in 1960 tot 283 (±40) km3 jaar−1 in 2000, wat overeenkomt met 39 (±10)% van
de wereldwijde grondwateronttrekking. Deze analyse is uitgebreid met een verdere
onderverdeling van de waterbehoefte van gerrigeerde gewassen naar hernieuwbare
waterbronnen (groen en blauw water) en niet-hernieuwbare grondwateronttrekking.
In gebieden met voortdurend waterschaarse gebieden zoals het Midden-Oosten en
Noord-Afrika komt meer dan de helft van het benodigde irrigatiewater van niethernieuwbaar grondwateronttrekking. In gebieden met een hoge irrigatiebehoefte
is deze bijdrage eveneens substantieel: ∼20% voor India, ∼15% voor China, en
∼25% voor de VS en Pakistan. Wereldwijd voorziet niet-hernieuwbare grondwateronttrekking in ∼20% van de irrigatiewaterbehoefte en is dit aandeel verdrievoudigd
over de afgelopen 50 jaar. Grondwaterschaarste is vervolgens uitgedrukt middels recent ontwikkelde indicatoren. De verhouding tussen grondwateronttrekking enerzijds
en de aanvulling minus ecologische afvoerbehoefte anderzijds over het oppervlak van
een watervoerend pakket (aquifer) kan uitgedrukt worden middels de grondwatervoetafdruk (GF) en de aquiferstressindicator (AQSI). Aangezien deze indicatoren de
situatie inschatten op het primaire niveau van een aquifer zijn ze beter toegerust
om grondwaterbeschikbaarheid te kwantificeren. De grondwatervoetafdruk is mondiaal toegepast voor regionale, hydrologisch actieve aquifers. Vastgesteld werd dat
de mondiale voetafdruk momenteel 3.5 keer het eigenlijke oppervlak van deze watervoerende pakketten beslaat. Dit getal wordt sterk benvloed door een aantal zwaar
overgeëxploiteerde aquifers. Op deze manier is vastgesteld dat ongeveer 1.7 miljard
mensen -bijna 30% van de wereldbevolking leven in gebieden waar de grondwater454

voorraden of de hiervan afhankelijke ecosystemen onder druk staan. De AQSI is
toegepast op grensoverschrijdende aquifers (transboundary aquifers of TBAs) waarbij
vastgesteld dat 8% hiervan grondwateruitputting ondervinden. Momenteel ondervinden veel TBAs in Europa, Azië en Afrika nog geen uitputting maar grondwateronttrekkingen kennen hier een onrustbarende toename (>100%) over de afgelopen 50
jaar (1960-2010), vooral als gevolg van een toenemende grondwaterafhankelijkheid
voor irrigatie. Over TBAs en elders kunnen efficiëntere irrigatietechnieken de grondwaterschaarste deels tegengaan. Echter, in bepaalde gevallen kunnen efficiëntere irrigatietechnieken leiden tot een afname in de kunstmatige grondwateraanvulling die
optreedt bij het irrigeren met oppervlaktewater.
Het merendeel van het water dat door grondwateruitputting permanent aan de
berging onttrokken wordt, eindigt in de oceaan. Dit onttrokken grondwater wordt
vooral gebruikt voor irrigatie en vormt, na verdamping over land en neerslag over
de oceaan, een belangrijke bijdrage aan zeespiegelstijging. Gebaseerd op een simulatie van grondwateronttrekking over de historische en toekomstige periode 1900-2100
is de bijdrage aan de mondiale zeespiegelstijging bepaald. Deze bijdrage steeg van
0.035 (±0.009) mm jaar−1 in 1900 tot 0.57 (±0.09) mm jaar−1 in 2000 en projecties voorspellen een toename van 0.82 (±0.13) mm jaar−1 in 2050. Deze bijdrage is
vergeleken met andere bijdrages aan de zeespiegelstijging van terrestrische oorsprong
(opslag in stuwmeren, ontbossing, verlies aan wetlands, en afname in berging binnen
afgesloten stroomgebieden). Hierbij is vastgesteld dat de netto bijdrage van het landoppervlak negatief was over de periode 1970-1990, leidend tot een vermindering in
de zeespiegelstijging van ongeveer –0.15 (±0.09) mm jaar−1 als gevolg van opslag van
afvoer in stuwmeren. De netto bijdrage van terrestrische oorsprong wordt verwacht
toe te nemen tot 0.87 (±0.14) mm jaar−1 in 2050, waarbij de bijdrage van grondwateruitputting aan de zeespiegelstijging waarschijnlijk die van andere terrestrische
bronnen zal domineren.
Het afsluitende deel van dit proefschrift verkent een verbeterd modelleerraamwerk waarin een mondiaal hydrologisch model aan een watervraagmodel gekoppeld
is. In een dynamische simulatie worden dagelijkse wateronttrekkingen en verbruik
toegekend aan de beschikbare oppervlakte- en grondwatervoorraden en worden onderlinge terugkoppelingen tussen vraag en aanbod, zoals bijvoorbeeld door irrigatie,
bodemwater, grondwater en verdamping, meegenomen. Een uitgebreide dataset van
stuwdammen over de gehele wereld en de laatst beschikbare klimaatdatasets, MERRA
en ERA-Interim, zijn gebruikt om watervraag te simuleren tot het jaar 2010, waarmee
de simulatieperiode die van eerdere analyses overtreft. De simulatie toont aan dat er
wereldwijd een consistente toename is in het gebruik van oppervlakte- en grondwater
met in het bijzonder een sterke stijging na 1990. Menselijke invloeden op de terrestrische waterberging (terrestrial water storage, TWS) zijn ook duidelijk waarneembaar als veranderingen in de seizoens- en tussenjaarlijkse variabiliteit over sterk gereguleerde stroomgebieden als de Colorado en de Columbia, over belangrijke gerrigeerde
gebieden als de Mississippi, de Indus en de Ganges. Deze menselijke invloeden op
oppervlakte- en grondwatervoorraden zijn ook waarneembaar in veranderingen in
de terrestrische waterberging zoals waargenomen door de GRACE satellietmissie.
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Het vernieuwde, gecombineerde model is toegepast met zes geavanceerde mondiale
hydrologische modellen (global hydrological models, GHMs) om de toekomstige irrigatiewatervraag te simuleren voor het hedendaagse irrigatieareaal aan het einde
van de huidige eeuw op basis van de laatste CMIP 5 (Coupled Model Intercomparison Project Phase 5) klimaatprojecties. Ensemblevoorspellingen van verschillende
klimaatmodellen (general circulation models, GCMs) tonen een stijgende trend in
de toekomstige irrigatiewatervraag maar de toename wisselt sterk met de mate aan
wereldwijde opwarming en de daaraan verbonden veranderingen in neerslag van de
afzonderlijke ensembleleden. Voor het scenario met de hoogste broeikasgasuitstoot
(RCP8.5), neemt de irrigatiewatervraag aanzienlijk toe op het noordelijk halfrond
gedurende de zomer (>20% in 2100). Het model voorspelt dat de piek in het hedendaagse irrigatiewatervraag zal verschuiven bij een maand of meer in die regio’s waar
≥80% van het wereldwijde areaal aan gerrigeerd gebied gevonden wordt en momenteel
4 miljard mensen leven. Onzekerheden vloeien voort uit de gebruikte hydrologische
modellen (GHMs) en klimaatmodellen (GCMs) en zijn groot; de invloed van GHMs
overheerst over de hele 21e eeuw terwijl de onzekerheid ten gevolge van GCMs aanzienlijk toeneemt vanaf het midden van deze eeuw. Dit suggereert dat, in termen van
onzekerheid, de keuze van het GHM belangrijker is dan die van het GCM en het
bovenliggende klimaatscenario.
In het laatste hoofdstuk van dit proefschrift wordt een verbeterde benadering
geı̈ntroduceerd om mondiale waterbeschikbaarheid vast te stellen met in begrip van
blauwwatervoorraden (BlWSI : Blue Water Sustainability Index) en de tussenjaarlijkse variabiliteit en schaarste in groenwatervoorraden (GrWSI : Green Water Stress
Index). De GrWSI gebruikt de ratio tussen actuele en potentiële verdamping vergeleken
met het langjarige gemiddelde. De BlWSI beschouwt zowel het niet-hernieuwbare
grondwatergebruik en het niet-duurzame gebruik van water dat ten koste gaat van
de ecologische waterbehoefte om aan de menselijke vraag te voldoen. De GrWSI is
in staat om de veranderende spanning in groenwatercondities weer te geven als afspiegeling van de klimaatvariabiliteit over decennia. De BlWSI duidt op een toename
in waterverbruik van niet-duurzame grondwater- en oppervlaktewateronttrekkingen
op wereldschaal (∼30%). De mondiale hoeveelheid aan niet-hernieuwbaar waterverbruik is toegenomen, vooral na 1990, ondanks een tegenovergestelde trend die duidt
op nattere klimaatcondities zoals aangetoond in een recente studie en door onze GrWSI.
Dit proefschrift draagt, middels een verbeterd en uitgebreid modelleerraamwerk,
bij aan een betere kwantificering van en onderscheid in invloeden van menselijke
activiteiten en klimaatvariabiliteit en klimaatverandering op mondiale waterbeschikbaarheid. Op de mondiale waterbeschikbaarheid en op extreme gebeurtenissen zoals
droogte heeft het klimaat een grote invloed. Tezelfdertijd heeft menselijk waterverbruik een invloed op grondwater- en oppervlaktewater die niet verwaarloosd kan
worden en die sterk toegenomen is over de afgelopen decennia as het gevolg van
economische ontwikkeling, bevolkingsgroei en de hieraan verbonden toename in voedselproductie door irrigatie. Over sterk gereguleerde stroomgebieden en intensief gerrigeerde gebieden overtreft het effect van menselijk waterverbruik de invloed van het
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klimaat op regionale watervoorraden. Het verbeterde modelleerraamwerk overstijgt
eerder werk op dit gebied omdat het realistisch de aard van menselijk waterverbruik
en zijn invloed op de terrestrische watervoorraden simuleert. Het gentegreerde modelleerraamwerk staat ons toe om systematisch de door de mens in gang gezette veranderingen in het mondiale watersysteem vast te stellen en deze over tijd te volgen. De
hier pas ontworpen indicatoren van waterbeschikbaarheid zijn de eerste hulpmiddelen
om consequent de duurzaamheid of degradatie van oppervlakte- en grondwatervoorraden vast te stellen als het gevolg van overmatige wateronttrekking door de mens.
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Summary in Japanese
概要
この論文では、世界の水資源における人間活動と気候の影響を調査した。世界でも最先端の全
球水資源モデルと水利用モデルを開発、そして統合し、気候変動の効果のみならず人間活動に
由来する過剰な水利用がどのように世界の水資源に影響するか研究を行った。すべてのモデル
シミュレーションは、格子間隔が0．5度（赤道付近で約50km）で行われた。世界の水資源研究
において未だ解決されていない重要な課題を研究するために、この論文の内容は大きく三つの
テーマに分類される。それらは、（１）表流水資源とその水ストレス（水不足の程度）、（２）
地下水資源と過剰利用、そして（３）水資源と水利用を考慮した統合モデルの開発と向上した水
資源指標の開発である。
この論文の第１部では、まず表流水における人間活動と気候の影響を季節変動を考慮して調査し
た。世界の表流水資源賦存量をダムの操作を考慮して、全球水資源モデルPCR-GLOBWBを用い
求めた。その際には、1960年から2001年までの日単位の気候データを使用し気候の長期変動を
考慮しシミュレーションを行った。そして、現在の人間活動における水需要を農業（灌漑と家畜）、
工業、生活用水から計算し、それを格子毎に表流水資源賦存量と比較し水ストレスを求めた。結
果は、水ストレスは気候の変動により大きな影響を受けていることが判明した。水ストレスの計
算の際は、季節変動を考慮する場合には渇水の程度が４割増加することが判明し、従来の年単位
での計算では水ストレスを過小評価している実態が判明した。次に、水需要の計算を人口増加、
経済成長と技術革新、そして灌漑面積の増加を考慮して1960年から2001年に拡張した。そして、
過去50年の水需要動態を考慮し、水ストレスの再計算を行った。結果からは、水需要の急速な
増加により水ストレスにある人口が飛躍的に増えている実態が判明した。1960年には世界人口
の約3割もしくは8億人が水ストレスの状態にあったが、2000年には、4割以上もしくは26億人が
水ストレスの状態にあることが分かった。水需要がインド、パキスタン、中国、そしてイランな
どで急速に増加し、水ストレスを急激に悪化させている。ただ、深刻な水ストレスなどは気候に
よる影響も無視できないが、インド、トルコ、ルーマニアなどでは、水ストレスの急速な悪化は
ほぼ人間活動に由来することが分かった。欧州、北米やアジアなどでは、人間活動による水消費
が表流水を減少させ干ばつの影響を悪化させている。水消費により干ばつの規模が大きくなり、
またより頻繁に起こるようになってきており、人間活動が干ばつに及ぼす影響も大きい。
第2部では、世界の地下水資源の評価を行った。地下水涵養量と汲み上げ量を世界規模で計算し、
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どの地域でどの程度の枯渇の可能性があるのか調査した。その際には、地下水涵養量の算定が難
しいこともあり計算は温暖多湿気候の地域は除いて行った。結果は、1960年において世界で126
キロ立方メートルの地下水の過剰利用があり、その量は、2000年には283キロ立方メートルに増
加しており、地下水の汲み上げ量の約4割にあたる。次に、水需要の約7割を占める灌漑におけ
る地下水の過剰利用の実態を調査した。その際には、前述の全球水資源モデルと水需要モデルを
用いて灌漑水需要量と関連する地下水汲み上げ量を算定した。中東や北アフリカなどの水ストレ
スが深刻な地域では、驚くことに灌漑における水供給の半分以上が地下水の過剰利用に由来して
いる。インド、パキスタン、中国、そしてアメリカ合衆国などの重要な穀倉地帯、そして世界規
模でも約2割程度の灌漑水が地下水の過剰利用により賄われており、過去50年の間にその量は3
倍以上に増加している。人間活動が及ぼす地下水のストレスは定量化が難しい。本研究では地下
水フットプリントと地下水ストレス指標という概念を創出し、地下水涵養量と汲み上げ量、そし
て地下水の環境用水への貢献度を計算し、帯水層毎に地下水ストレスの定量化を行った。世界規
模では、地下水フットプリントは約3.5倍になり、地下水利用が供給を大きく上回っている。し
かし、地下水ストレスは、過剰利用が特に深刻ないくつかの帯水層によって大きく影響を受けて
いることも判明した。世界の人口の約3割もしくは17億人が地下水ストレスが深刻な地域に住ん
でいる。帯水層は多国間にまたがることも多いため地下水利用の影響評価も困難である。本研究
では、全球水資源・利用モデルを使い越境帯水層の評価も行った。世界では約1割の越境帯水層
で地下水利用が供給を上回っている。欧州、アジア、アフリカでは、利用が供給を下回っている
ものの、過去50年の間に利用が劇的に増加しており、今後地下水ストレスが発生することも十
分考えられる。灌漑における水利用の効率を向上させることで、地下水利用を減少できる地域も
あるが、表流水由来の灌漑水からの地下水涵養量の減少によって地下水利用が必ずしも地下水ス
トレスの軽減にはつながらない地域も多々ある。
地下水の過剰利用は過去何十年から何百年もの間に蓄積された化石地下水を大量に利用してお
り、それらの水が海面上昇につながっていることも突き止めた。前述の通り地下水の過剰利用は、
灌漑に由来することが多く、灌漑作物からの蒸発散そして、その水が降雨として再び降り注ぎ海
に流れている。1900年から2100年までのモデルによるシミュレーション結果から、地下水の過
剰利用が海面上昇に与える影響は過去100年の間に約20倍増加しており、将来的にもさらに増加
することが分かった。現在の海面上昇の約2割が地下水の過剰利用によってもたらされている。
地下水の過剰利用のほかに、森林の伐採、湿地帯の喪失、内部流域の水資源の減少なども海面上
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昇に少なからず影響するが、ダムなどの貯水施設によって水がせき止められ、海面上昇を減少さ
せていることも考慮する必要がある。1970年から1990年の間では、大規模なダムの建造により
氷河などをのぞく陸水からの海面上昇への影響はマイナスだったが、その後は地下水の過剰利用
の大幅な増加により影響はプラスに転じている。将来は、その影響が年0.87ミリメートルまで増
加することが予測され、そのほとんどが地下水の過剰利用に由来するものである。
この論文の最終部では、全球水資源モデルと水利用モデルの最善の統合方法を探究した。その際
には、表流水と地下水資源を区別しながら日単位での水の取水と消費を考慮した。取水した水は
灌漑などに利用され、土壌水量や地下水涵養量に影響すると同時に土壌や植物・作物からの蒸発
散量にも影響を及ぼす。これらの水需給の相互作用を水文サイクルを考慮しながら統合モデルに
構築した。また、ダムなどの貯水施設と貯水ルールも最新のデータを用いて組み込んだ。気候デ
ータは、最新のERA-InterimとMERRAデータを利用し、モデルのシミュレーションを2010年ま
で拡張した。結果から、過去数十年において表流水と地下水利用が世界で大幅に増加し、1990
年代以降は特に地下水利用が急速に増加している。人間の水利用や貯水施設の利用により、地球
の陸水貯留量の変化は明らかで、季節変動もしくは数年に渡る長期変動を引き起こしている。そ
れらの変化は、特にダムが多数存在するコロラド川やコロンビア川、そして灌漑が盛んなミシシ
ッピ川、インダス川やガンジス川で顕著である。これらの陸水貯留量のモデルのシミュレーショ
ン結果はGRACE衛星の観測値と比較しても確かなものである。
この統合モデルと共に六つの世界でも最先端の全球水資源モデルを使い、将来の灌漑需要の予測
を行った。シミュレーションでは、現在の灌漑土地利用データを用いて、今世紀の最後まで、最
新のCMIP5の気候データを利用した。七つのモデルの平均値から、将来の灌漑需要の増加傾向
が判明したが、地球温暖化の程度や地域の降雨量の変化に大きく影響を受けることが分かった。
もっとも高濃度の温室効果ガスシナリオ（RCP8.5）を用いた場合では、灌漑需要は北半球で20％
以上の大幅な増加を示し、ピーク需要が気候の季節変動により一月以上も移行することが判明し
た。ピーク需要の移行は現在の灌漑地が存在する80％以上の地域で起こり、その地域には現在
40億の人々が居住している。ただ、全球水資源モデルと全球気候モデルのシミュレーションか
ら生じる不確実性は大きく、全球水資源モデル由来の不確実性が全球気候モデル由来の不確実性
を大幅に上回っている。これらの結果からは、どの全球気候モデルや温室効果ガスシナリオを選
択するかよりも、どの全球水資源モデルを利用するかによって将来の灌漑需要予測が大きく影響
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を受けることが分かった。
この論文の最終章では、世界の水資源を評価するために向上した水資源指標の開発を行った。土
壌水（グリーンウォーター）資源は、GrWSI（土壌水ストレス指標）を用い月単位で最大と実蒸
発散量を比較し、長期間の値と比べてストレスの度合を評価した。この指標は数十年に渡る気候
変動の影響が土壌水に及ぼす影響を明らかにできる。表流水と地下水（ブルーウォーター）資源
は、BlWSI（表流水と地下水利用持続可能指標）を用い、人間の水消費と地下水と表流水の過剰
利用を環境用水を考慮しながら評価した。結果から、世界の水消費の約3割が地下水と表流水の
過剰利用によって供給されており、その量は特に1990年代以降の降雨が増加傾向にある期間か
ら急速に伸びている。
本論文は、人間活動と気候の変化がどのように世界の水資源に影響をあたえているかを調査し、
またそれに必要な向上した統合モデルと水資源指標の開発と応用を行った。気候の変化は、世界
の水資源に深く影響し、特に干ばつなどの極度なイベントの発生に関連している。しかし、人間
の水利用の影響も無視できず、経済発展、人口増加とそれに伴う食料生産の増加によって世界の
水資源に大きく影響を及ぼすようになっている。ダムなどの貯水施設が多く存在する流域や灌漑
が盛んな地域では、人間の水利用による地域の水資源への影響が気候の変動の影響を大きく上回
っている。本論文で開発した統合モデルは、人間の水利用とその水資源への影響をより正確に考
慮しており、将来における人間活動がどうのように世界の水資源に影響を与えるかより綿密な評
価が可能である。向上した水資源指標は、人間の地下水と表流水の過剰利用と持続可能性の評価
を可能にする。
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