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Abstract Large-scale hydrological models are nowadays mostly calibrated using observed discharge. As
a result, a large part of the hydrological system, in particular the unsaturated zone, remains uncalibrated.
Soil moisture observations from satellites have the potential to fill this gap. Here we evaluate the added
value of remotely sensed soil moisture in calibration of large-scale hydrological models by addressing two
research questions: (1) Which parameters of hydrological models can be identified by calibration with
remotely sensed soil moisture? (2) Does calibration with remotely sensed soil moisture lead to an improved
calibration of hydrological models compared to calibration based only on discharge observations, such that
this leads to improved simulations of soil moisture content and discharge? A dual state and parameter
Ensemble Kalman Filter is used to calibrate the hydrological model LISFLOOD for the Upper Danube. Cali-
bration is done using discharge and remotely sensed soil moisture acquired by AMSR-E, SMOS, and ASCAT.
Calibration with discharge data improves the estimation of groundwater and routing parameters. Calibra-
tion with only remotely sensed soil moisture results in an accurate identification of parameters related to
land-surface processes. For the Upper Danube upstream area up to 40,000 km2, calibration on both dis-
charge and soil moisture results in a reduction by 10–30% in the RMSE for discharge simulations, compared
to calibration on discharge alone. The conclusion is that remotely sensed soil moisture holds potential for
calibration of hydrological models, leading to a better simulation of soil moisture content throughout the
catchment and a better simulation of discharge in upstream areas.

1. Introduction

Soil moisture plays a crucial role in the hydrological cycle, modulating evapotranspiration, overland flow,
and groundwater replenishment. As a consequence, an accurate simulation of discharge with hydrological
models requires good quality estimates of soil moisture content. Especially in situations with a precipitation
amount close to the storage capacity of the unsaturated zone, the soil moisture content has a large impact
on whether overland flow will occur and the amount of overland flow generated [Merz and Plate, 1997;
Penna et al., 2011]. However, soil moisture content is highly variable in time and space [Western et al., 2002]
and ground-observations are still limited [Dorigo et al., 2011].

Remotely sensed soil moisture provides observations with a high temporal resolution and a large spatial
extent. Satellite soil moisture observations are therefore increasingly used for calibration of hydrological
models and the identification of parameters related to land-surface processes [e.g., Santanello et al., 2007;
Montzka et al., 2011; Sutanudjaja et al., 2013]. Moreover, in areas with a low coverage of precipitation meas-
urements, remotely sensed soil moisture can give valuable information on the spatial distribution and the
intensity of precipitation events [Crow et al., 2009]. Thus, when used in real time, remotely sensed soil mois-
ture observations have the potential to increase flood forecasting accuracy [Komma et al., 2008; Hendricks
Franssen et al., 2011].

Due to the large data volumes, coarse spatial resolution and its complicated error structure, the use of near
real-time remotely sensed soil moisture has not yet been fully explored by hydrologists. In numerical weather
forecasting and unsaturated zone modeling, the assimilation of remotely sensed soil moisture for hydrological
and atmospheric simulations has showed promising results [e.g., Pauwels et al., 2001; Reichle et al., 2002; Scipal
et al., 2008; Bolten et al., 2010; Brocca et al., 2010; Liu et al., 2011; Dharssi et al., 2011; Draper et al., 2011; Brocca
et al., 2012; Draper et al., 2012; de Rosnay et al., 2013]. For large-scale catchments, Draper et al. [2011] assimi-
lated remotely sensed soil moisture from the Advanced Scatterometer (ASCAT) over France to improve
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discharge simulations. It was concluded that the assimilation of soil moisture mainly corrected for biases in
precipitation or incorrect model climatology. Several studies used in situ observations of soil moisture or syn-
thetic simulations of remotely sensed soil moisture to show that using these observations in model calibration
could significantly change the parameter values of the model [e.g., Aubert et al., 2003; Santanello et al., 2007;
L€u et al., 2011; Montzka et al., 2011]. These studies were performed in catchments smaller or slightly larger
than the typical resolution of microwave satellites (626–2500 km2), and therefore do not allow to evaluate the
added value of remotely sensed soil moisture for model calibration over a range of spatial scales and espe-
cially scales larger than the spatial resolution of the sensors. A recent study over a larger spatial domain by
Sutanudjaja et al. [2014] used a brute force calibration of a large-scale hydrological model for the Rhine and
Meuse river basin using data from the ERS scatterometer. It was shown that, using remotely sensed soil mois-
ture, the parameters related to the percolation through the unsaturated zone could be improved to yield a
better simulation of the soil moisture content. However, discharge simulations were not improved.

The aim of this study is to investigate the benefits of multisensor remotely sensed soil moisture observa-
tions in parameter identification in large-scale hydrological models using detailed error estimates on
satellite soil moisture observations. To achieve this aim, this research focuses on two main research ques-
tions: (i) Which parameters of hydrological models can be identified by calibration with remotely sensed
soil moisture? (ii) Does calibration with remotely sensed soil moisture lead to an improved calibration of
hydrological models compared to approaches that calibrate only with discharge, such that this leads to
improved simulations of soil moisture content and discharge? To address these questions, the LISFLOOD
[Van Der Knijff et al., 2010] large-scale hydrological model is used to simulate discharge and soil moisture
for the Upper Danube catchment, which contains parts of Austria, Germany, and the Czech Republic.
LISFLOOD is the underlying model used in the European Flood Awareness System (EFAS) and is used in
operational flood forecasting in Europe [Thielen et al., 2009; Bartholmes et al., 2009]. The model is calibrated
in this study using remotely sensed soil moisture observations from the Advanced Microwave Scanning
Radiometer-EOS (AMSR-E), Soil Moisture and Ocean Salinity (SMOS), and ASCAT and discharge observations
for the period 2010–2011. Also combinations of calibration on discharge and all satellites sensors are per-
formed, to study the added value of the remotely sensed soil moisture when discharge observations are
readily available. Error structures for the different sensors and their error cross covariance are retrieved from
a previous study of Wanders et al. [2012]. The impact of the new calibration on the soil moisture simulations
is studied and a validation on multiple discharge locations is performed. Compared to previous work, our
study contains the following new elements: (i) It is the first time that real remotely sensed data are used for
calibration of a large-scale distributed hydrological model. (ii) The use of multiple sensors is new, which
allows to compare the relative benefit of the different products, also compared to using discharge only. (iii)
Using a probabilistic data assimilation framework for calibration and state estimation is new, in particular
taking into account the full retrieval error structure and cross covariance between multiple sensors. The lat-
ter enables optimal weighting between their different information sources, potentially leading to improved
calibration.

2. Material and Methods

2.1. Study Area
In this study, the Upper Danube catchment up to Bratislava (catchment size 1353103km2, Figure 1) is used
for the calibration (state updating and parameter identification) of the LISFLOOD model. The border of the
Upper Danube consists of the Alps in the south and the catchment contains the northern part of Austria,
the southern part of Germany, the south-eastern part of the Czech Republic, and western Slovakia. Eleva-
tions range from 150 to 3150 mean annual sea level. The soil mostly consists of loamy sediments and
approximately 35% of the area is covered with forest. In the catchment, daily discharge observations for 23
locations are available through the Global Runoff Data Centre (GRDC) over 2000–2011.

Meteorological input was obtained from high density interpolated ground data from various national meteor-
ological services made available by the Joint Research Centre [Ntegeka et al., 2013]. The data were interpolated
with an Inverse Distance Weighting [IDW, Shepard, 1968] approach instead of kriging, since this could gener-
ate errors if not well controlled in a real-time spatial interpolation. Time series of approximately 200 meteoro-
logical stations were used to create the spatially interpolated meteorological variables. The total precipitation
over the period 2001–2011 in the catchment is approximately 920 mm y21 and total actual
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evapotranspiration is approxi-
mately 630 mm y21. The runoff
ratio of the catchment is 0.31,
where a total of approximately
290 mm y21 leaves the catch-
ment as discharge at Bratislava,
of which approximately 22 mm
y21 on average is generated as
surface runoff. Moreover, in the
mountainous areas, this
amount of surface runoff is in
general much higher than in
the lower areas near the main
stream of the Danube.

2.2. Hydrological Model
The hydrological model LIS-
FLOOD [Van Der Knijff et al.,

2010] was used for the calibration and validation of soil moisture and discharge simulations. LISFLOOD is a
hydrological rainfall-runoff-routing model running in the PCRaster modeling environment [Wesseling et al.,
1996; Karssenberg et al., 2010]. LISFLOOD is used in the operational EFAS of the European Commission for

medium range flood forecasting of large river basins in
Europe [Thielen et al., 2009; Bartholmes et al., 2009]. The
meteorological forcing of LISFLOOD consists of daily
precipitation, daily potential evapotranspiration, and
the average daily temperature. The model originally
consists of a vegetation layer, two layers for the unsat-
urated zone, one fast responding and one slow
responding linear groundwater reservoir and a channel
network for discharge routing (Figure 2). The kinematic
wave equation is used for discharge routing using an
hourly time step for both surface runoff to the channel
network and routing within the channel network.

For this study, a number of modifications have been
made to the LISFLOOD model. To enable a more
detailed modeling approach of the soil moisture in the
topsoil, two additional unsaturated zone layers have
been added to the original LISFLOOD model, which
also enables direct comparison and assimilation of
each of the satellite products. The upper two layers are
2 and 3 cm thick, respectively, and the third layer rep-
resents the remaining part of the rooting depth (first
three layers together are hence referred to as the top-
soil, Figure 2). The root zone is simulated using the first
three layers of the unsaturated zone and evapotranspi-
ration occurs from these layers. The evaporation for a
particular layer is limited if soil moisture is below criti-
cal soil moisture conditions, in which case more water
is extracted from the other soil moisture layers to com-
pensate for the reduced evaporation. Critical soil mois-
ture conditions are calculated from the local soil
properties [ Panagos., 2012]. The abstraction per layer
is linearly related to the total storage capacity of the
layer. Thick layers will thus have a larger contribution

Figure 1. Digital elevation map of the Upper Danube catchment, colors indicate elevation
(m), indicated in black is the river network, square symbols indicate locations for calibration
on discharge observations, and circles indicate locations for validation on discharge obser-
vations. The large square near the outlet (right) is the location used for calibration if only
one discharge time series is used.

Figure 2. LISFLOOD model setup, precipitation (P), evapora-
tion (E), snowmelt coefficient (SnCoef), Xinanjiang shape
parameter (bxin), saturated conductivity of the topsoil (KSat1),
saturated conductivity of the subsoil (KSat2), empirical shape
parameter preferential macropores flow (cpref), recharge from
the unsaturated zone to the groundwater (Rch), maximum
percolation rate from upper to lower groundwater (GWprec),
reservoir constant upper groundwater (Tuz), reservoir con-
stant lower groundwater (Tlz), surface runoff roughness coef-
ficient (ChanN2), and Channel Manning’s roughness
coefficient (CalMan).
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to the evapotranspiration compared to thinner layers. When the entire root zone is below critical soil mois-
ture conditions, the evaporation is limited for the entire topsoil and actual evapotranspiration will be lower
than potential evapotranspiration. Bare soil evapotranspiration will occur only from the first layer of 2 cm.
Via capillary rise replenishment of the root zone can occur from the subsoil. The amount of capillary rise
depends on the difference in hydraulic head of two layers and the average conductivity of the layers. Sub-
daily time steps are included to enable a stable performance of the soil moisture simulation, where the
number of subdaily time steps is dependent on the amount of infiltration and water storage in the unsatu-
rated zone. For a more detailed description of the original LISFLOOD model and a full description of the
equations, the reader is referred to Van Der Knijff et al. [2010].

The parameters calibrated are given in Table 1, combined with the range of the prior normal distribution
before calibration. The same set of parameters is used to calibrate EFAS and a sensitivity analysis for each of
these parameters has been performed for every new version of the LISFLOOD model [Van Der Knijff et al.,
2010]. Thus, the same set of parameters was subject to calibration in this study. The mean of the prior nor-
mal distribution for the model parameters is determined by the original LISFLOOD calibrated parameters.
Since the distribution of parameter errors is unknown, a normal distribution with a standard deviation of
20% of the mean parameter value is used to generate ensemble member realizations for the Ensemble Kal-
man Filter. Realizations outside the possible parameter range (e.g., negative saturated hydraulic conductiv-
ity) are rejected and replaced by new realizations. The prior distribution is used to determine the baseline
scenario to which the other scenarios are compared and evaluated. For the reservoir constant of upper and
lower groundwater (Tuz ; Tlz), three spatially distributed values are identified in the calibration because
groundwater response throughout the catchment may be significantly different. Therefore, the catchment
is divided into three groundwater regions: locations with a terrain gradient of � 15% are classified as steep,
areas with a gradient between 5 and 15% are classified as intermediate, and areas with gradients � 5% are
classified as the flat areas. The division in groundwater regions is made since in the mountainous (steep)
areas aquifers are shallow and groundwater response will be faster compared to the flat lowland areas.

2.3. Data
2.3.1. Satellite Data
Remotely sensed soil moisture data from three satellites are used, namely SMOS, ASCAT, and AMSR-E (Table
2). SMOS is the first dedicated soil moisture satellite using fully polarized passive microwave signals at
1.41 GHz (L-band) observed at multiple angles [Kerr et al., 2012]. The observation depth of SMOS is up to
5 cm with a spatial resolution of 35–50 km depending on the incident angle and the deviation from the sat-
ellite ground track. SMOS retrievals which are potentially contaminated with Radio Frequency Interference
(RFI) have been removed.

AMSR-E is a multifrequency passive microwave radiometer (6.9 GHz, C-band) and is a widely used sensor for
soil moisture retrievals. The spatial resolution of AMSR-E is between 36 and 54 km with an observation
depth of 2 cm and a revisit time of 3 days. Several algorithms estimating surface soil moisture from AMSR-E
observations exist [e.g., Njoku et al., 2003; Owe et al., 2008; Pan et al., 2014]. One of the algorithms using
exclusively satellite observations is the Land Parameter Retrieval Model (LPRM), which was used for this

Table 1. Calibration Parameters and the Range of Their Prior Normal Distributions, the Bottom Half Is Only Calibrated Using Discharge
Observationsa

Parameter Description Unit Prior

SnCoef Snowmelt rate mm d21 0.1–10
KSat1 Multiplier of unsaturated conductivity topsoil 0.9–15
KSat2 Multiplier of unsaturated conductivity subsoil 0.9–22
cpref Empirical shape parameter preferential macropore flow mm 0.1–2.3
bxin Xinanjiang shape parameter related to saturation degree 0.05–0.7
Tuz Linear reservoir constant upper groundwater Days 1.5–40
Tlz Linear reservoir constant lower groundwater Days 500–2500
GWperc Maximum percolation rate, upper to lower groundwater mm d21 0.3–1.8
ChanN2 Multiplier on surface roughness for surface runoff 0.1–7.2
CalMan Multiplier on channel Manning’s roughness coefficient 0.1–2.0

aTuz and Tlz are divided into three different zones namely, steep, intermediate, and flat areas. More details can be found in section
2.2.
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study. LPRM soil moisture prod-
ucts have been validated against
in situ observations [e.g., Wagner
et al., 2007; De Jeu et al., 2008;
Draper et al., 2009], models [e.g.,
Loew et al., 2009; Crow et al., 2010;
Bisselink et al., 2011; Wanders
et al., 2012], and other satellite
products [e.g., Wagner et al., 2007;
Dorigo et al., 2010].

Unlike SMOS and AMSR-E, ASCAT
uses active microwave at a frequency of 5.3 GHz (C-band) to determine the soil moisture content [Wagner
et al., 1999; Naeimi et al., 2009]. ASCAT uses a change detection method [Naeimi et al., 2009] and data are
provided relative to the soil moisture content of the wettest (field capacity) and driest (wilting point) soil
moisture conditions measured [Wagner et al., 1999]. The spatial resolution of ASCAT is around 25 km, the
observation depth is 2 cm, and the temporal resolution equals a revisit time of 3 days.

All satellite soil moisture products are used on an equal area Discrete Global Grid product (DGG). For the
SMOS and ASCAT soil moisture retrieval time series, a DGG is available. AMSR-E data were projected on the
DGG of SMOS using the nearest neighbor approach, because both satellites have roughly the same spatial
resolution. The DGG of ASCAT uses equally spaced areas of 12.5 km while the other DGG uses a slightly
lower resolution of 15 km between points.

Although the passive microwave satellite missions, SMOS and AMSR-E, give absolute soil moisture values in
m3 m23, all satellite data were converted to relative soil moisture. The relative soil moisture values are calcu-
lated compared to the model climatology, to remove systematic biases between observations and model
simulations. The converted satellite values hs;new in m3 m23 used for calibration are calculated by

hs;new5
hs2hs;5

hs;952hs;5
ðhFC2hWPÞ1hWP (1)

where hs are the observed satellite soil moisture values (m3 m23 or –), hs;95 and hs;5 are the 95th and 5th
percentiles of satellite soil moisture values per DGG location, respectively (m3 m23 or –), and hFC and hWP

are field capacity and wilting point of the modeled soil moisture values (m3 m23). The average model val-
ues, hFC and hWP , are calculated using the model average over the support unit of the satellite retrieval.

Frozen soils, snow accumulation, and Radio Frequency Interference (RFI) hamper the soil moisture retrieval
due to changes in the dielectric constant when water freezes. Therefore, retrievals done with (1) an air tem-
perature below 4�C, (2) simulated snow accumulation, and (3) the presence of RFI (mainly for SMOS) and (4)
a retrieval uncertainty for SMOS (DQX) of �0.04 m3 m23 were not used in the calibration. Retrievals under
one of the above conditions will be unreliable and would lead to incorrect calibration of the hydrological
model. The temperature data were derived from the observed data and snow conditions were derived from
the model simulation.

2.3.2. Discharge Data
The Upper Danube catchment contains 23 locations where daily discharge observations are available. Time
series of discharge are available from January 2000 until December 2011. Using a split sample approach,
the model parameters are calibrated using 7 stations and validated against 16 stations which are situated
throughout the catchment of the Upper Danube (Figure 1). Calibration and validation stations are selected
such that they are equally distributed over the catchment and are situated in both small streams and the
main stream of the Upper Danube.

2.4. Data Assimilation
The Ensemble Kalman Filter (EnKF) is a Monte Carlo-based approach which is highly suitable for data assimila-
tion and model calibration in high dimensional systems [Evensen, 1994; Burgers et al., 1998; Evensen, 2003,
2009], like the LISFLOOD model. Due to the Monte Carlo approach, the model uncertainties in the EnKF can
be calculated from the ensemble spread. In order to reduce calculation time, it is assumed that the ensemble

Table 2. General Sensor Properties Relevant for This Studya

SMOS ASCAT AMSR-E

Frequency (GHz) 1.41 5.3 6.9
Microwave type Passive Active Passive
Spatial resolution (km) 35–50 25 36–54
Max revisit time (days) 3 3 3
Observation depth (cm) 0–5 0–2 0–2
Descending overpass (h) 6:00 P.M. 9:30 A.M. 1:30 A.M.
Observation error (m3 m23) 0.057 0.051 0.049
Number of observations 92,000 223,000 81,000

aSatellite errors are derived from Wanders et al. [2012].
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spread is significantly large to simulate the true uncertainty of the simulation. When the ensemble size is too
low, the tails of the distribution are most likely not simulated correctly and ensemble uncertainty is underesti-
mated. An advantage of the EnKF is that it does not require propagation of the error covariance matrix as the
standard Kalman Filter would require. This eliminates the need for a complex forward error model which
needs to be run parallel to the model simulations. Compared to the 4DVAR [Le Dimet and Talagrand, 1986]
assimilation technique, the advantage is that there is no need for an adjoint state model to invert the model
state into the period before assimilation. In contrast to the particle filter [Van Leeuwen, 2009], the EnKF can be
used with a lower number of members, because the risk of particle collapse and ensemble deterioration is
not as high as for the particle filter. These properties of the EnKF make it highly suitable for complex spatially
distributed models, with long calculation times, a large number of calibration parameters and state variables.
The EnKF has been successfully applied for flood forecasting with assimilation of discharge observations [e.g.,
Weerts and El Serafy, 2006; Clark et al., 2008; Komma et al., 2008; Camporese et al., 2009; Pauwels and De Lan-
noy, 2009; Mendoza et al., 2012; Rakovec et al., 2012; McMillan et al., 2013]. Additionally, the current EnKF setup
can be used to do forecasts in an operational flood forecasting framework, without changing the model setup
and preserving the model uncertainties [e.g., Wanders et al., 2014].

With a total of 300 ensemble members, the EnKF is applied to update state variables and identify parame-
ters (Figure 3 and Table 1) of the hydrological model LISFLOOD (Figure 2). The perturbation of each parame-
ter has been described in section 2.2, while the initial model states are determined based on a 10 year open
loop simulation of LISFLOOD with the perturbed parameters. A 10 year period is used to ensure that the
deep groundwater simulations would no longer be influenced by the initial conditions. The forward LIS-
FLOOD model is given by

Wðt11Þ5f ðWðtÞ; FðtÞ; pÞ (2)

where WðtÞ is the state of the model at time t, F(t) the model forcing at time t (e.g., precipitation and evapo-
ration), and p are the model parameters. The EnKF is applied on each daily time step using observations
from remote sensing (AMSR-E, SMOS, and ASCAT) and discharge observations. The general form of the
EnKF is given by Evensen [2003]. It can be formalized by the model forecast (Wf ), given by

Wf 5ðwf
1; :::;w

f
nensÞ (3)

where wf
1; :::;w

f
nens are the individual model forecasts, for each of the nens ensemble members. Wf is a

nstate3nens matrix where nstate is the number of model states. The state error covariance matrix of
the model is directly calculated from the spread between the different ensemble members using

Pf 5ðWf 2WtÞðWf 2WtÞT (4)

where Wt is the true model state nstate3nens matrix. Since the true state is not known, it is assumed that

Pf � Pf
e5ðWf 2Wf ÞðWf 2Wf ÞT (5)

where Wf represents the ensemble average and it is assumed that the ensemble of model predictions is
unbiased. The observations matrix, Y, is a nobs3nens matrix containing the observations, where nobs is the
number of observations. Y is given by

Y5HWt1� (6)

where H is a nobs3nstate transforming Wt to the observations and � the random error in the observations. �
is random noise with a zero mean and an standard deviation given by R, the measurement error covariance
(nobs3nobs matrix). In this study, H ensures a spatial match between the satellite observations and mod-
eled soil moisture from the model. This leads to the general form of the EnKF:

Wa5Wf 1Pf HT ðHPf HT 1RÞ21

3ðY2HWf Þ
(7)

Apart from state-augmentation, the EnKF also allows model parameters of the LISFLOOD model to be esti-
mated in the same update moment. Since there are no observations of the parameters, matrix Y remains
the same. However, the matrix Wf and measurement operator are extended with 14 rows to enable the
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parameters of Table 1 to be estimated at the update
moment. This results in updated parameters in Wa which
are perturbed by multiplication white noise with a stand-
ard deviation of 0.01, to prevent ensemble deterioration.
The perturbations are given by

Lnðp0tÞ5LnðpÞ1Wð0; 0:01Þ (8)

where p0t are the perturbed parameters and W(0,0.01) is
white noise with a mean of 0 and standard deviation of
0.01 (–). These new parameters are then used to propagate
the model to the next update moment using equation (2).

A relaxation factor b of 0.7 is used for the parameter
updating, to prevent strong updates of Wa as a result of
erroneous measurements which could result in nonfeasi-
ble updates of parameters. Additionally, a b of 0.7 ensures
that observations at the end of the calibration still can
impact the parameter calibration. If no relaxation factor is
applied, the estimated uncertainty of the model predic-
tions (Pf) is small compared to R and no updates would
occur anymore at the end of the calibration period. This is
particularly important because some observations get
more abundant over time due to an improvement in the
algorithms of the remotely sensed soil moisture. Especially
in a scenario where multiple observations are used (e.g.,
discharge and multiple satellites), this will ensure that all
observations contribute to the calibration. A b of 0.7 was
selected as the best value, to ensure convergence of the
parameters and allows all sensor to be used in the param-
eter estimation. The introduction of b results in a modified
form of equation (7) for parameter updating:

Wa
p5bWf

p1ð12bÞPf HT ðHPf HT 1RÞ21ðY2HWf
pÞ (9)

where Wa
p and Wf

p are the parameter analysis and parame-
ter forecast, respectively. This theoretical framework has
been successfully applied in other studies to estimate
both state and parameters [e.g., Tong et al., 2012].

Due to small sample sizes and a small number of observations, spurious correlations could occur. This would
result in update of parameters that have no physical relation with the observations. To avoid the effects of
these unwanted updates of parameters, the covariance between the observations and these parameters is
set to zero. This is done for the parameters at the bottom half of Table 1. Given the relations defined in the
model structure, it is not possible that the satellite observations contain information on the values of these
parameters.

The soil moisture and discharge observations are used to correct the states in the model using equation (7).
The soil moisture observations are directly used in the data assimilation system to correct the soil moisture
content of the different layers. The error covariance between the different soil layers is calculated from
equation (5). Discharge observations are used to correct the groundwater states. Since the discharge obser-
vations are strongly related to the groundwater, they contain a large amount of information on the ground-
water storage and can be used to correct the groundwater simulations. Other advantages of the correction
of the groundwater is that the update will have a larger impact on discharge simulations for the next time
step, while updating the river water levels will only result in an improvement in the discharge simulation for
a short period (up to 6 days maximum for the Upper Danube).

Figure 3. Flowchart of data assimilation scheme.
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For the assimilation of the satellite data with the Ensemble Kalman Filter (EnKF), spatial information on the
measurements error covariance (R, equation (7)) is required. The structure of R is determined using the data
of Wanders et al. [2012] over Spain as obtained using high resolution modeling of the unsaturated zone.
From this study, the relative errors of each satellite product were determined as well as the spatial correla-
tion of the errors of the satellites. Because Wanders et al. [2012] did not include the spatial correlation
between the satellite errors of different sensors, the cross-variograms between sensors were additionally
calculated using the same data set (Appendix A). The error covariance between the discharge observations
is set to zero while the error for the discharge observations is assumed to be 30% of the discharge [e.g., Di
Baldassarre and Montanari, 2009]. It is also assumed that there is no error covariance between the satellite
observations and discharge observations.

2.5. Scenarios
To test if the Ensemble Kalman Filter calibration framework is capable to calibrate known parameters and
reproduce these results with different prior distributions, a synthetic data set was used for a calibration
experiment. Using known parameters, a synthetic data set was produced and used as synthetic observa-
tions for parameter estimation and state updates. Both discharge and synthetic satellite observations are
reproduced with the synthetic experiment. The framework was tested with the assimilation of one synthetic
discharge observation in combination with multisensor synthetic soil moisture observations for a period of
2 year. The errors assumed for the synthetic observations are identical to those of the real observations. For
the synthetic discharge, a 30% error and an error of 0.05 m3 m23 for all of the synthetic ASCAT, AMSR, and
SMOS observations are assumed. ASCAT and AMSR-E synthetic observations are created from the 0–2 cm
soil moisture layer, while SMOS synthetic observations are generated from the average of the two first soil
moisture layers (0–5 cm). A total of 300 ensemble members is used for the synthetic experiment, which is
identical to the number used for the calibration of other scenarios. It was tested whether calibrated parame-
ters are found to be identical to the parameter set used to create the synthetic data set.

After the synthetic experiment, a sensitivity analysis was performed on the LISFLOOD model to enable bet-
ter interpretation of the results. This sensitivity experiment is complementary to the normal sensitivity anal-
ysis of LISFLOOD, which is described by Van Der Knijff et al. [2010]. Since the LISFLOOD was modified for the
assimilation of remotely sensed soil moisture, this new sensitivity analysis is required. All parameters (Table
1) were modified by taking the 90% and 110% of the prior mean. The discharge and soil moisture dynamics
as well as the absolute levels of these variables have been related to all calibration parameters of the model.
The variance is computed for each of these variables to estimate the dynamic behavior, while the absolute
levels are computed by taking the long-term mean.

After these initial experiments, observations of three microwave satellites and seven discharge time series
were used to estimate the parameters of the LISFLOOD model for the Upper Danube area using the Ensem-
ble Kalman Filter. Different calibration scenarios were tested, each using different observations or combina-
tions of observations. This is done to obtain understanding of the influence of the observations on the
retrieved parameters and their capacity to estimate the parameters. A detailed description of the calibrated
parameters, updated state variables, total number of observations, and the total number of scenarios can
be found in Table 3. The calibration scenarios included are as follows:

1. One satellite soil moisture product, ASCAT, AMSR-E, or SMOS.

2. Discharge observations, either one or seven locations (Figure 1).

3. Discharge observations (one or seven locations) and one satellite soil moisture product.

4. Discharge observations (one or seven locations) and all satellite products.

The individual scenarios were calibrated for a 2 year period (2010–2011). This period was chosen
because of the availability of all three microwave soil moisture satellite products. When all three satel-
lite products are used, ASCAT and AMSR-E are directly compared to 0–2 cm simulated soil moisture and
SMOS is compared to the weighted average of the two first simulated soil moisture layers (0–2 and
2–5 cm). The updates of the two soil moisture layers are dependent on the specific uncertainty of the
satellite observation and the uncertainty in the modeled soil moisture. The satellite observations are
directly compared to the simulated soil moisture at their specific penetration depth to reduce errors in
the assimilation.
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The calibrated parameters found at the end of the calibration period for the different scenarios were used
to simulate discharge for the period 2000–2009 as a validation of the model. All 300 members from the
ensemble found by calibration were used in the validation to determine the uncertainty in the simulated
discharge and soil moisture. No assimilation of observations was performed during the validation, to only
validate the performance of the calibrated model without data assimilation. From this ensemble, the
ensemble mean discharge and soil moisture were calculated and compared with the observed discharge
and soil moisture. The performance of the soil moisture simulations was evaluated with time series of
AMSR-E (2002–2009) and ASCAT (2007–2009). These time periods were selected because these data are not
used during the calibration of the LISFLOOD model and are therefore considered to be independent,
although it is acknowledged that independent observations would have been better. The performance of
the calibration scenarios was also compared with a simulation using the prior distributions of parameters
(baseline scenario).

In the validation, the root-mean-square error of the discharge and soil moisture simulations was calculated by

RMSE5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXT

t51
ðZmodðtÞ2ZobsðtÞÞ2

T

s
(10)

where Zmod is the modeled ensemble mean discharge or soil moisture, Zobs is the observed discharge or soil
moisture, and T is the total number of observations, approximately 3600 for discharge and between 81,000
and 396,000 for the satellite observations (dependent on the scenario). To enable comparison between dis-
charge time series of different stations, the RMSE of a station is standardized on the average discharge of
the station (Qobs ) using

SRMSE5
RMSE

Qobs
(11)

where SRMSE is the normalized root-mean-square error of the discharge location and Qobs is the average
observed discharge (m3 s21).

3. Results

3.1. Calibration on Synthetic Data Set and Sensitivity Analysis
The synthetic calibration experiment was repeated 6 times using 300 ensemble members and different real-
izations of the prior distribution showing consistent results for every repetition. Parameters used to produce

Table 3. Detailed Description of the Calibration Scenariosa

Scenario

Number of Observations

Calibrated Parameters Updated State VariablesSoil Moisture Discharge

No assimilation 0 0 None None
ASCAT 81,000 0 Soil Topsoil
AMSR-E 223,000 0 Soil Topsoil
SMOS 92,000 0 Soil Topsoil
All satellites 396,000 0 Soil Topsoil
1 discharge station 0 730 All Topsoil & GW
7 discharge stations 0 5000 All Topsoil & GW
ASCAT 1 1 discharge station 81,000 730 All Topsoil & GW
AMSR-E 1 1 discharge station 223,000 730 All Topsoil & GW
SMOS 1 1 discharge station 92,000 730 All Topsoil & GW
All satellites 1 1 discharge station 396,000 730 All Topsoil & GW
ASCAT 1 7 discharge stations 81,000 5000 All Topsoil & GW
AMSR-E 1 7 discharge stations 223,000 5000 All Topsoil & GW
SMOS 1 7 discharge stations 92,000 5000 All Topsoil & GW
All satellites 1 7 discharge stations 396,000 5000 All Topsoil & GW

aScenario names indicate the assimilated data, the number of observations are divided between remotely sensed soil moisture obser-
vations. Calibrated parameters are either soil parameters (Soil), including SnCoef, KSat1, KSat2, cpref, and bxin. Finally, the updated state
variables are given, where Topsoil indicates the first two layers of the LISFLOOD model and GW both groundwater reservoirs of the LIS-
FLOOD model.
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the synthetic data set were within the 95% confidence interval of the calibrated parameter distributions
(Figure 4), with the exception of GWperc. This is caused by the low sensitivity of the model to changes in this
parameter compared to changes in Tlz. The synthetic discharge could be reproduced with a SRMSE of 0.06
at the outlet of the Upper Danube. From these results, it is concluded that the EnKF calibration framework
shows a consistent performance and could be used with confidence to calibrate scenarios based on satellite
and discharge observations. The framework can be used with confidence to calibrate large-scale hydrologi-
cal models and distributed land-surface models in general.

The results of the sensitivity analysis are presented in Table 4 and show that the soil moisture is very sensi-
tive to, in decreasing order of importance, cpref, bxin, KSat1, SnCoef, and KSat2. The parameters in the bottom
half of Table 1 do not have any impact on the soil moisture simulation and hence it is justified to assume
no correlation between these parameters and soil moisture observations during the data assimilation.

The discharge dynamics and total discharge volumes are sensitive to changes in all parameters (Table 1).
The largest sensitivity of the total runoff is to KSat1, bxin, Tlz, cpref, GWprec, and SnCoef (in decreasing order of
importance). Part of the impact of the parameters related to overland flow is caused by the contribution of
surface runoff to the total discharge. Additionally, the evapotranspiration rate largely determines the total
discharge volume of the catchment. Evapotranspiration is controlled by the infiltration rate of soil moisture
through the unsaturated zone and hence is strongly related to bxin and KSat1. Discharge dynamics are sensi-
tive to cpref, bxin, GWperc, Tuz, CalMan, KSat1, ChanN2, and KSat2.

3.2. Parameter Identification
The calibrated parameters for all calibration scenarios show that including more discharge and soil moisture
observations leads to decreased spread in the calibrated parameters (Figure 5). Including multiple discharge
observation time series instead of one leads to a better identification of parameters (Figure 5) as is expected
from the increased amount of information given to the calibration framework.

When both discharge and soil moisture observations are used for the parameter estimation and state updates
of the LISFLOOD model, parameters related to land-surface processes, e.g., saturated hydraulic conductivity,
are better identified, resulting in posterior parameter distributions with a low uncertainty (Figure 5). The
uncertainty of surface parameters calibrated with only discharge observations is significantly higher compared
to the calibration with both soil moisture and discharge observations. This confirms that discharge observa-
tions contain less information on processes related to the unsaturated zone than soil moisture observations
and are more informative regarding processes in the groundwater system and channel routing. Satellite
observations will contribute to the calibration and contain information on land-surface processes that cannot
be inferred from discharge observations. When soil moisture observations are added to the calibration, some
small changes can be found in the groundwater parameters. This is related to the fact that some parameters
impact both discharge and soil moisture simulations (e.g., KSat1 and bxin). When these parameters are modi-
fied, also other parameters impacting discharge should be modified to compensate for changes in the input
from the soil moisture, to correctly simulate the discharge in the catchment.

The uncertainty found in calibrated parameters by calibration with ASCAT is lower than with AMSR-E or
SMOS soil moisture (not shown), which could be caused by the smaller error in the ASCAT soil moisture
product used in the data assimilation system [Wanders et al., 2012] or higher spatial resolution of the ASCAT
product. For this study, it was assumed that the error structure of Wanders et al. [2012] is identical to the
error structure of the microwave remote sensing observations for the Upper Danube, which could also
impact the results. Additionally, the number of observations used for the calibration with ASCAT is also sig-
nificantly higher than for calibration with either AMSR-E or SMOS (Table 3). This result is not dependent on
the addition of discharge observations. More research is required to see if this result is also valid for other
areas and independent of model structure and calibration framework.

3.3. Discharge Simulation
Time series for the validation of the discharge at the outlet of the Upper Danube show that without the
EnKF data assimilation, the discharge is on average underestimated for both peak flows and base flow
(Figure 6). In all calibration scenarios, the estimation of discharge is improved compared to the no cali-
bration scenario; especially the base flow has increased to levels more similar to those observed during
low flow periods. Depending on the different satellites used for the calibration, the SRMSE is decreased
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by � 10% compared to no calibration (Figures 7 and 8). The improvement in discharge simulation is the
largest for AMSR-E and lower for ASCAT and SMOS. Although parameter uncertainties are smaller for
ASCAT, calibration did not necessarily lead to better discharge simulations. For SMOS, the performance
could be hampered by the relatively large number of missing data (masked). This is due to Radio Fre-
quency Interference (RFI), which has a big impact on the data quality of SMOS in this region [Dall’Amico
et al., 2012]. The error of SMOS satellite retrievals used in this study is also relatively large compared to

Figure 4. The calibrated parameter distributions for the synthetic experiment used in the simulation of discharge in the LISFLOOD model. In black, the parameter set used to create the
synthetic data set is shown, green indicates the calibrated parameter set based on the synthetic data. With the exception of GWperc, all parameters are within the 95% confidence interval
of their true values used to generate the synthetic data. Description of the parameters is given in Table 1.
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the other two satellites, which in
combination with a reduced number
of observations leads to a decreased
performance in the calibration.

For the simulation of discharge at the
catchment outlet, the calibration on
only one station shows a lower SRMSE
(equation (11)) compared to calibra-
tion on more discharge observations,
or calibration on both discharge and
satellite observations (Figure 7). This is
caused by the fact that the discharge
location used for calibration on only

one station is situated close to the catchment outlet (large square in Figure 1). Therefore, calibration param-
eters are only adjusted to give the best simulation of the discharge at the outlet as possible, while other cal-
ibration scenarios also aim at satisfying other calibration criteria. The average SRMSE for all validation
locations (Figure 1) is reduced when the LISFLOOD model is calibrated using seven discharge observations
compared to only calibration on one discharge observation (Figure 8). This decrease is found for all scenar-
ios that include seven discharge locations, with or without the addition of satellite observations. This leads
to the conclusion that increasing the number of discharge locations will not necessarily increase the accu-
racy of discharge simulations at the outlet. However, it will result in a better simulation of the distribution of
runoff and thereby improve overall discharge simulation throughout the catchment. Overall, the discharge
simulation for the validation period is improved by � 15% compared to calibration only on discharge at the
outlet, as shown by a decrease in the SRMSE (Figure 8).

Throughout the catchment, the calibration with remote sensed soil moisture improved discharge simulation
in the upstream part of the catchment (t test 95% confidence). However, no catchment above 40,000 km2

showed any significantly improved discharge simulation as a result of calibration on one or multiple sources
of remotely sensed soil moisture. Calibrations with seven discharge locations and ASCAT, AMSR-E, SMOS, or
a combination of satellites are compared to a scenario with only calibration on seven discharge locations
(Figure 9). Only locations where the discharge is decreased or increased by more than 5% are shown. From
this spatial comparison, it is concluded that discharge simulations are improved in the upstream areas
when soil moisture is added to the calibration.

Compared to calibration with only discharge, calibration with discharge and satellite data does improve dis-
charge simulations for smaller catchments. From these results, it is concluded that adding satellite data to
the calibration will mostly improve the overall discharge results in situations when no discharge data are
available for calibration. In these situations, satellite observations lead to small improvements of discharge
simulations.

3.4. Soil Moisture Simulation
Soil moisture simulation of the LISFLOOD model after calibration on discharge or satellite observations is com-
pared with time series of AMSR-E (2002–2009) and ASCAT (2007–2009). After calibration, an improvement is found
compared to the soil moisture simulation with the prior distribution. Compared to observed AMSR-E and ASCAT
data, the average RMSE is reduced from 0.24 (prior distribution) to 0.058 m3 m23 after calibration on multisensor
satellite observations. However, no difference could be found between the different scenarios, using one or multi-
ple satellite products. When the scenarios are compared spatially some distinct patterns are found. The improve-
ments for calibration with ASCAT and AMSR-E are mainly found in the mountainous areas as can be seen in Figure
9. This could be related to the relatively poor model simulation of the unsaturated zone in these regions in the sce-
nario without calibration, leading to a large improvement. Additionally, in these regions the observation error of
ASCAT and AMSR-E is lower than for SMOS [Wanders et al., 2012]. The combination of these two factors leads to
large improvements in mountainous areas, which would normally not be expected because of the low quality of
remotely sensed soil moisture retrievals in these areas. Calibration on SMOS data only improves soil moisture in
the lowland regions, which could be related to the increased observation depth of the SMOS satellite compared
to the other sensors. If all satellite data are used at the same time to calibrate the LISFLOOD model, simulated soil

Table 4. The Dependency of Mean Soil Moisture (H), Variance in Soil Moisture
(varðHÞ), Mean Discharge (Q), and the Variance in Discharge (var(Q)) to Changes
in Individual Parameters (Da)

DH
Da

varðHÞ
Da

DQ
Da

DvarðQÞ
Da

SnCoef 265 0.040 2638 20.0005
KSat1 2415 0.142 214,068 20.03
KSat2 3 0.001 1.21 0.002
cpref 1835 20.087 28891 0.103
bxin 1600 20.163 13,419 0.090
Tuz 0.0 0.0 484 0.064
Tlz 0.0 0.0 9115 0.001
GWperc 0.0 0.0 22649 0.069
ChanN2 0.0 0.0 26 20.008
CalMan 0.0 0.0 211 0.032
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moisture patterns are improved for large parts of the catchment, without favoring specific regions. This is caused
by the fact that single satellite improvements are compensated by other sensors and a more widespread improve-
ment is the result.

As all parameters are spatially lumped (with exception of Tuz and Tlz), calibration will result in improvements
for some areas while the simulation deteriorates for other regions of the Upper Danube. Due to the large
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Figure 5. The calibrated parameter distributions for three different calibration scenarios and the prior parameter estimations used in the simulation of discharge in the LISFLOOD model.
Prior is based on expert knowledge and used as prior for the other scenarios, 1 is calibration on one discharge station close to the outlet (Figure 1), 7 is calibration based on seven sta-
tions distributed across the catchment, and 7 1 sat is calibration based on seven discharge stations and remotely sensed soil moisture by three microwave satellite sensors (SMOS,
AMSR-E, and ASCAT). Description of the parameters is given in Table 1.
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number of parameters, it is not
feasible to include a calibration
of spatially distributed parame-
ters with the given number of
ensemble members, i.e., this
would lead to numerical prob-
lems for the calibration frame-
work and unidentifiable model
parameterizations.

4. Discussion and
Conclusion

The LISFLOOD hydrological
model was calibrated for the
Upper Danube catchment
using discharge observations
and remotely sensed soil mois-
ture from three different space-
borne sensors. An Ensemble
Kalman Filter with augmented

state was used to estimate parameters of the LISFLOOD model for a period of 2 years (2010–2011). In total,
10 model parameters were calibrated and used for a validation over a period of 10 years (2000–2009).

The Ensemble Kalman Filter was successfully used to calibrate the model on a synthetic data set with
known parameters and state variables. All parameters could be successfully identified using synthetic obser-
vations of discharge and satellite soil moisture. It is concluded that the Ensemble Kalman Filter can be used
with confidence to calibrate spatially distributed hydrological models and estimate both state variables and
parameters.

Parameters of the LISFLOOD model were identified with reduced uncertainty when soil moisture data were
assimilated into the hydrological model. Especially parameters related to land-surface processes showed a
strong decrease in parameter uncertainty compared to calibration without soil moisture data. Parameters

related to groundwater and
routing were better calibrated
using one or multiple dis-
charge observations. When
more discharge observations
were introduced to the calibra-
tion framework, uncertainties
in parameters, uncertainties in
groundwater and routing
parameters were reduced.

The use of remotely sensed soil
moisture significantly
improved the model perform-
ance compared to parameters
estimated with expert knowl-
edge. However, the results of
this study show that the contri-
bution of remotely sensed soil
moisture to the improvement
of discharge is limited for large
catchments. No catchment
above 40,000 km2 showed any
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Figure 6. Time series of ensemble mean discharge at the outlet of the Upper Danube catch-
ment, for multiple calibration scenarios: observed indicates the observed discharge time
series. Calibration scenarios are as follows: no calibration, a simulation using the prior distri-
bution of parameters based on expert knowledge, 1 station is calibration on one discharge
station (Figure 1), 7 stations is calibration based on seven stations, and 7 station 1 satellites
is calibration based on seven discharge stations and remotely sensed soil moisture by three
microwave satellite sensors (SMOS, AMSR-E, and ASCAT).

Figure 7. Cross table with the normalized root-mean-square error of the ensemble mean
discharge at the outlet of the Upper Danube catchment using 15 different calibration sce-
narios. Columns indicate calibration without using discharge, 1 discharge location close to
the outlet, or 7 discharge locations distributed throughout the catchment. Rows indicate
calibration on soil moisture, without using any data or using either data from the ASCAT,
AMSR-E, or SMOS satellite or a combination of all three sensors (All satellites).
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improved discharge simula-
tions as a result of calibration
on one or multiple sources of
remotely sensed soil moisture.

On average, small improve-
ments in soil moisture simula-
tions were found for all
scenarios that included soil
moisture assimilation. Soil mois-
ture simulations are mostly
improved for ASCAT and AMSR-
E in areas with large relief, where
the relative importance of fast
runoff processes is larger com-
pared to the topographically flat
areas. SMOS showed a different
pattern, with improvements in
soil moisture simulation mainly
observed in flat areas, and SMOS
showed relatively smaller
improvements in soil moisture
simulations. When all three sen-

sors were combined, locally improvements were more averaged out, while on average, simulations of soil mois-
ture throughout the catchment were improved. Compared to soil moisture simulation with the prior distribution

Figure 8. Cross table with the average normalized root-mean-square error of the ensemble
mean discharge at all validation locations of the Upper Danube catchment (Figure 1) using 15
different calibration scenarios. Columns indicate calibration without using discharge, 1 dis-
charge location close to the outlet, or 7 discharge locations distributed throughout the catch-
ment. Rows indicate calibration on soil moisture, without using any data or using either data
from the ASCAT, AMSR-E, or SMOS satellite or a combination of all three sensors (All satellites).

Figure 9. Comparison between calibration on seven discharge locations and calibration based on these discharge locations and remotely sensed soil moisture. Colors indicate the
improvement in the soil moisture simulations for the validation period, circles indicate whether any improvement is found for the ensemble mean discharge simulation, size of the circle
indicates the relative improvement in the discharge simulations, and blank circles are locations with a less than 5% change compared to the calibration on seven discharge locations.
ASCAT is a comparison between the calibration on only discharge and discharge combined with remotely sensed soil moisture observations from ASCAT (similar for AMSR-E and SMOS).
All satellites show a comparison between the calibration on only discharge and discharge combined with all three remotely sensed soil moisture observations.
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of parameters, all calibration sce-
narios with remotely sensed soil
moisture significantly improved
soil moisture simulations.

Compared to calibration with
only discharge, calibration with
addition of satellite data does
improve discharge simulations
for smaller catchments. In con-
trast to Lee et al. [2011], in this
study only an improvement
was found for discharge simu-
lations in small-sized catch-
ments. This small improvement
in upstream discharge is also in
line with work of Brocca et al.
[2010]. However, Brocca et al.
[2010] and Lee et al. [2011]
both used assimilation of soil

moisture during the validation period, which could lead to different results. Sutanudjaja et al. [2014] cali-
brated a hydrological model on soil moisture observations and also found minor improvements in dis-
charge simulations for a large catchment.

It is concluded that remotely sensed soil moisture improves the calibration of the LISFLOOD hydrological
model for small catchments, while for larger catchments, above 40,000 km2, this increase in model perform-
ance is negligible due to the large relative importance of groundwater and channel routing.

Increasing the number of discharge observations will improve catchment average discharge simulations,
which confirms previous work by Rakovec et al. [2012]. Moreover, the error in the discharge simulation at the
outlet will not decrease by adding more discharge observations, which is mainly caused by the fact that it is
easier to fit a single discharge time series than discharge series at multiple locations simultaneously. This find-
ing is contradictory to Rakovec et al. [2012], which might be the result of a larger catchment size in this study.
This larger catchment will result in significantly longer travel times of the water, interference of man-made
structure, and additionally, a larger grid resolution of the hydrological model. All these factors could cause the
difference between this study and work of Rakovec et al. [2012].

The addition of soil moisture in the calibration further improves discharge simulations in the upstream areas
of the Upper Danube. Additionally, the soil moisture simulation is improved for large parts of the catch-
ment. This leads to the conclusion that a more realistic portrayal of the catchment’s hydrology (i.e., being
right for the right reason) will thus be achieved by using multiple discharge time series and remotely sensed
soil moisture in model calibration.

A point of attention is the availability of discharge and precipitation data for this catchment. The precipita-
tion network in this catchment is very dense, leading to low uncertainties in interpolated precipitation for
the Upper Danube. As suggested by Crow et al. [2009], remotely sensed soil moisture could be used to cor-
rect for uncertainties in precipitation or other meteorological forcing data. Thus, the assimilation of
remotely sensed soil moisture for parameter estimation in more sparsely gauged regions could potentially
result in larger improvements in discharge and soil moisture simulations than observed in this study.

Appendix A: Cross-Variograms of Errors in Remotely Sensed Soil Moisture Products

To calculate the spatial correlation between the satellite errors of different sensors, cross-variograms of the
errors have been calculated using the data from Wanders et al. [2012]. The semivariance of the measure-
ments is calculated by computing the distance between two individual observations. The fitted cross-
variogram is used to derive the semivariance for these observations. This procedure is repeated for all possi-
ble combinations of the satellite observations. Cross-variograms of the error show that the error for the dif-
ferent satellite products is correlated up to a maximum distance of 150 km (Figure A1).

Figure A1. Cross-variograms of the bin-average time-dependent satellite product error cal-
culated for three satellite soil moisture products and a unsaturated zone model, for the
period January 2010 to June 2011 over Spain [Wanders et al., 2012].
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Erratum
In the originally published version of this article, the second and third initials for coauthor M. F. P. Bierkens were transposed. The citation

to Sutanudjaja et al. [2013] on pages 2 and 16 should have been in reference to the following, which should have appeared in the Referen-

ces list: Sutanudjaja, E. H., L. P. H. van Beek, S. M. de Jong, F. C. van Geer, and M. F. P. Bierkens (2014), Calibrating a large- extent high-reso-

lution coupled groundwater-land surface model using soil moisture and discharge data, Water Resour. Res., 50, doi:10.1002/

2013WR013807. These errors have since been corrected and this version may be considered the authoritative version of record.
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