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Samenvatting

In de afgelopen paar decennia is de bevolking enorm gegroeid in ontwikkelingslanden. Dit
heeft een grote impact op beschikbare land- en waterreserves. Afrika heeft de laagste land-
bouwproductiviteit ter wereld en veel regio’s kampen regelmatig met voedseltekorten. Naast
de alsmaar toenemende behoefte aan voedsel door bevolkingsgroei, zal ook klimaatverander-
ing onzekerheden in de voedselproductie teweeg brengen. Veranderingen in ruimtelijke en
temporele patronen van regenval zullen de lokale en regionale waterbeschikbaarheid en voed-
selproductie beïnvloeden.

De Verenigde Naties hebben de ambitie om voor 2030 wereldwijde voedselveiligheid te
bereiken. Hiervoor zullen de komende jaren grote toenames in voedselproductie nodig zijn.
De ontwikkeling en verbetering van de geïrrigeerde landbouw gaat een belangrijke rol spelen
in ontwikkelingslanden. In deze landen wordt voedsel voornamelijk lokaal geproduceerd door
kleinschalige landbouw. Om de voedselproductie te verhogen is de toegang van kleinschalige
boeren tot irrigatie-infrastructuur cruciaal. Daarnaast moet de irrigatie-efficiëntie van bestaande
kleinschalige irrigatie verbeterd worden. Aangezien de irrigatiesector op dit moment wereld-
wijd de grootste onttrekker van water is zal de groei van deze sector voor extra druk zorgen op
beschikbare waterbronnen. Efficiënte distributie en gebruik van water worden hierdoor nog
belangrijker.

Op dit moment is niet bekend waar, hoe vaak en hoeveel irrigatie er plaatsvindt door klein-
schalige landbouw. Dit soort informatie is echter nodig om op veldniveau watermanagement
en daarmee voedselproductie te optimaliseren. Remote sensing wordt vaak gebruikt om irri-
gatiegebieden in kaart te brengen. Het gebruik van remote sensing voor het karteren en mon-
itoren van irrigatie wordt in ontwikkelingslanden bemoeilijkt door de complexe landbouw-
landschappen. De kleinschalige landbouw heeft kleine velden, verschillende gewassen per veld
en ruimtelijk en temporeel dynamische patronen van zaaien, oogsten en irrigatie. Bestaande
karteermethodes focusen zich voornamelijk op gebieden met een grootschalige commerciële
irrigatie-infrastructuur, hebben een te lage resolutie voor kleinschalige boeren en zijn vaak
afhankelijk van lokale velddata (spectrale calibratiedata) waardoor ze vooral geschikt zijn voor
kleine gebieden. Deze methodes zijn niet toepasbaar voor de identificatie en kwantificatie
van kleinschalige irrigatie in ontwikkelingslanden. De databeschikbaarheid is hier namelijk
ontzettend laag en data is moeilijk te verzamelen. Daarnaast bieden deze remote-sensing-
producten geen temporele informatie en geven ze een statisch beeld van de ruimtelijke distributie
van geïrrigeerde landbouw.

Met de komst van Sentinel-2 is de ruimtelijke en temporele resolutie van open-source op-
tische satellietbeelden enorm verbeterd. Deze sensor biedt elke vijf dagen een beeld met een
10-m ruimtelijke resolutie. Dit biedt uitkomst voor de complexe landbouwlandschappen met
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kleine velden in ontwikkelingslanden. Deze thesis onderzocht de ruimtelijke en temporele
irrigatiepatronen van kleinschalige landbouw door het gebruik van object-gebaseerde beeld-
analysetechnieken in combinatie met hoge-resolutie satellietbeelden. Beelden werden geseg-
menteerd op veldniveau wat een per-veld-analyse mogelijk maakte. Universele eigenschappen
van geïrrigeerde landbouw die betrekking hebben op het veld, maar ook op de lokale con-
text van de velden, worden gebruikt in de classificatie en kwantificatie van irrigatie. Land-
bouwvelden hebben vaak een rechthoekige vorm en een homogene textuur. Ook bevinden ze
zich vaak in clusters in het landschap. Een specifieke eigenschap met betrekking tot irrigatie is
dat het per veld wordt toegepast terwijl regenval meerdere velden (grotere gebieden) beïnvloedt.
Zulke veldkarakteristieken en contexteigenschappen kunnen geanalyseerd worden met object-
gebaseerde beeldanalysetechnieken. Het gebruik van objecten i.p.v. pixels vermindert spectrale
verwarring in hoge-resolutie beelden. Daarnaast beschrijven veld- en contexteigenschappen
universele eigenschappen van landbouw en worden ze nauwelijks beïnvloed door geografische
variatie. Het gebruik van zulke eigenschappen is zeer nuttig voor data-arme ontwikkelings-
landen aangezien het moeilijk is om daar aan spectrale calibratiedata te komen en deze sterk
variëren per gebied.

De ontwikkelde methodes in deze thesis zijn geanalyseerd en beschreven aan de hand van ver-
schillende studiegebieden in Oost-Afrika. Deze thesis biedt de eerste interpretatie op veldniveau
met een maandelijkse specificatie van de distributie van kleinschalige geïrrigeerde landbouw en
een schatting van bijbehorende waterconsumptie. Door het gebruik van universele irrigatie-
eigenschappen zijn deze methodes onafhankelijk van velddata. Buurrelaties zijn gebruikt om
onderscheid te maken tussen geïrrigeerde landbouw en regengebaseerde landbouw. Daarna zijn
buurrelaties gebruikt om te kwantificeren hoeveel extra verdamping (waterconsumptie) gepaard
gaat met irrigatie.

Het gebruik van object-gebaseerde beeldanalyse op Sentinel-2 beelden zorgt voor een veel
hogere schatting van irrigatie-areaal in de Hoorn van Afrika in vergelijking met eerdere schat-
tingen. Oppervlaktewater is hier een belangrijke bron voor irrigatie. In het regenseizoen is meer
oppervlaktewater beschikbaar dan in het droge seizoen. Dit komt overeen met de resultaten in
deze thesis; een hogere waterbeschikbaarheid in het regenseizoen laat een groter irrigatie-areaal
en een hogere waterconsumptie zien. Vaak is regenval alleen niet genoeg voor de gewassen en
is aanvullende irrigatie nodig. De ontwikkelde methode is ook in staat tijdens het regenseizoen
irrigatie te karteren en geeft daarmee een breder beeld van de irrigatiedistributie. Voor een
studiegebied in de Centrale Riftvallei in Ethiopië is irrigatiewaterconsumptie gekwantificeerd
m.b.v. object-gebaseerde beeldanalyse. Kleinschalige irrigatie wordt standaard genegeerd in
regionale en globale waterbalansstudies, omdat het niet mogelijk was dit te karteren voor grote
gebieden. De resultaten in deze studie laten zien dat de irrigatiewaterconsumptie hoog is t.o.v.
het beschikbare water (regenval). Het is daarom belangrijk om de waterconsumptie van klein-
schalige geïrrigeerde landbouw mee te nemen in toekomstige waterbalansstudies. Deze thesis
laat zien dat er geschikte manieren zijn om ruimtelijke en temporele patronen van kleinschalige,
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geïrrigeerde landbouw te classificeren en een indicatie te geven van de hoeveelheid irrigatiewa-
terconsumptie.

Naast het karteren van irrigatie is er ook een methode ontwikkeld op basis van object-
gebaseerde beeldanalyse voor het karteren van het type landbouw. Deze methode kan onder-
scheid maken tussen traditionele kleinschalige landbouw en grootschalige commerciële land-
bouw. Zo’n methode is nuttig voor een per-type landbouw analyse als beide types in een ge-
bied voorkomen. Verschillen in irrigatie (b.v. hoeveelheid en timing) tussen beide types kun-
nen dan worden geanalyseerd. Daarnaast is er in deze thesis een semi-automatische methode
ontwikkeld die in staat is om landbouw in oude zwartwit luchtfoto’s te karteren. Dit is van
belang om landgebruik te karteren terug tot de tijd waarvoor wel luchtfoto’s maar nog geen
satellietbeelden beschikbaar zijn. Zulke luchtfoto’s werden vroeger veelal visueel geïnterpre-
teerd omdat ze te weinig informatie bevatten (alleen grijstinten) voor de toepassing van automa-
tische algoritmes. Het gebruik van object-gebaseerde beeldanalysetechnieken zorgt voor de
beschikbaarheid van extra variabelen in de classificatie. Deze bieden voldoende informatie om
geautomatiseerd landbouw te classificeren. Hierdoor kunnen zwartwit luchfoto’s van ver voor
de eerste satellietmissie in 1972 semi-automatisch geclassificeerd worden en wordt de tijdspanne
van de analyse van landgebruiksveranderingen aanzienlijk groter.

De object-gebaseerde beeldanalysetechnieken die zijn ontwikkeld in deze thesis gebruiken
universele informatie m.b.t. landbouweigenschappen en zijn gebaseerd op open-source satelli-
etdata. Daardoor zijn deze methodes ook toe te passen op grote gebieden in andere regio’s en
klimaatzones. De veldniveau informatie die deze methodes biedt kan gebruikt worden in het
kader van irrigatiebeleid, het monitoren van irrigatie-efficiëntie, het optimalizeren van irrigatie
en het analyseren van de impact van kleinschalige geïrrigeerde landbouw op de waterbalans.
Zulke informatie helpt (inter)nationale en lokale instituten bij het creëren van een efficiënt water-
management en het vergroten van de voedselveiligheid, wat essentieel is gezien de aanhoudende
bevolkinsgroei en onzekere invloeden van klimaatverandering.





Summary

Over the last decades population growth in low- and middle-income (LMI) countries has been
very large thereby putting high demands on land and water resources. Africa is characterized
by the lowest agricultural productivity worldwide and many regions are often struck with food
shortages and famine. Next to growing populations and a low agricultural productivity, climate
change is anticipated to affect food production. Shifts in spatio-temporal patterns of precipitation
will have a large impact on local and regional water availability and food security.

The ambition of the Sustainable Development Goals of 2015 is to achieve global food security
by 2030, which requires large increases in food production over the coming years. In LMI coun-
tries, irrigated agriculture will play a vital role to enhance food production. In these countries,
most food is locally produced by traditional smallholder farming. International development
policy focuses on the establishment and improvement of smallholder irrigated agriculture to en-
hance local food security. Irrigated agriculture is currently responsible for the larger part of
global freshwater withdrawal and future irrigation needs will put further pressure on available
water resources, making efficient water-resource management essential.

As efficientwater-resourcemanagement becomes increasingly important given the challenges
of food security, growing populations and climate change, field-level knowledge on the use of
water resources for irrigation is vital. Currently, the distribution (when, where, how much) of
smallholder irrigation is unknown. Remote sensing has emerged as an effective tool for irriga-
tion mapping in different regions and climates. Existing irrigation-mapping methods generally
focus on commercial large-scale irrigation, have a coarse spatial resolution, and are highly data-
dependent making them suitable for smaller areas only. Moreover, they do not incorporate
temporal irrigation dynamics. In LMI countries it is difficult to map irrigated agriculture at field
level, because of data-poor systems and complex agricultural landscapes. Smallholder agricul-
ture has small cultivated plots, intercropping systems and dynamic spatio-temporal patterns of
sowing, harvesting and irrigation application. This complexity complicates field-level irrigation
mapping.

The arrival of Sentinel-2 provides high spatial-resolution images (10 m) with a 5-day revisit
time and considerably increased the prospects of field-level mapping of smallholder agriculture
in LMI countries. In this thesis, the understanding of spatio-temporal dynamics of smallholder
irrigated agriculture and water consumption is improved by exploring the value of object-based
image analysis on high-resolution imagery in data-poor regions. This thesis exploits universal
characteristics of (irrigated) agricultural fields and local context in classification and quantifica-
tion approaches. Fields generally have distinct rectangular shapes and smooth textures. Next to
field characteristics, agriculture tends to cluster in the landscape. Irrigated agriculture is often
organized in irrigation schemes, reflecting areas of water availability. Furthermore, irrigation is
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applied at field level resulting in per-field vegetation changes. In contrast, a rainfall event results
in vegetation changes over larger areas than the field. This type of information can be captured
using object-based image analysis. The adoption of such information is beneficial for mapping
approaches in complex data-poor agricultural landscapes. The use of objects decreases spectral
intra-class variability. The use of local context and field characteristics is relevant for many types
of agriculture, and is not dependent on absolute spectral signatures of specific crops, which differ
per region and climate zone. Such object-based approaches are especially valuable for data-poor
LMI countries, as ground truth to attain spectral signatures are generally unavailable or difficult
to acquire.

The methodologies developed in this thesis are conceptualized and realized through case stud-
ies in Eastern Africa. This thesis provides the first field-level assessment at amonthly time interval
of irrigated agriculture and its water consumption in smallholder-dominated complex landscapes.
This assessment is based solely on earth observation without the use of ground data on irrigation.
The new methods use smart neighbourhood relations to identify irrigated agricultural land and
quantify irrigation-water consumption.

This study achieved much higher estimates of irrigated agricultural land-use than current
available estimates for the Horn of Africa. Surface water is here the dominant source for irri-
gation, which has a higher availability in the rainy seasons than during the dry season. The
results show that irrigation intensifies with increased water availability during the rainy sea-
sons. Often rainfall patterns are too erratic to support sufficient yields, and supplemental irri-
gation is required. The developed methodology enables irrigation mapping even in the rainy
season, therefore giving an extended view on the distribution of irrigated agriculture in the
Horn. Moreover, irrigation-water-consumption calculations for a case-study area in the Cen-
tral Rift Valley, Ethiopia, show a considerable impact of smallholder irrigation on available water
resources. Smallholder irrigation is usually ignored in regional and global-hydrology studies as
the large-scale identification of smallholder croplands, irrigation and irrigation-water consump-
tion was not possible. It is important to consider smallholder irrigation in future water-resource
distribution and catchment-hydrology studies now methods are available for its identification
and monitoring.

Besides irrigation mapping, this thesis provides a workflow for the characterization of the
type-of-agricultural system; smallholder or modern large-scale agriculture. This is beneficial
for studying irrigation practices specifically for both types of agriculture when they occur side-
by-side in the landscape. In addition, this thesis shows a semi-automated object-based approach
for the interpretation of black-and-white aerial imagery. This imagery is generally visually
interpreted as black-and-white values do not hold sufficient information for an automatic clas-
sification. The use of objects provides a large set of additional variables which allows for a semi-
automated cropland identification in such imagery. The time span of land-use change analysis
is thereby expanded to far before the availability of satellite imagery in 1972, when black-and-
white aerial photos are available. Such longer historic record of land-cover change is valuable for
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the evaluation of the impact of growing populations on cropland expansion for food production.

The object-based approaches described in this thesis exploit universal characteristics of (irri-
gated) agriculture and the methodologies are mainly based on open-source readily-available
remote-sensing datasets. This makes the methodologies portable to other regions and cli-
mates and applicable for large areas. These methods provide field-level information useful for
irrigation-development policy, the monitoring of irrigation efficiency and optimization mea-
sures, and the analysis of the irrigation-impact on the water balance. It will aid (inter)national
and local governance institutes in an efficient water-resource management to overcome the chal-
lenges of population growth and climate change and to achieve food security at household level.





1
Introduction

The world population passed the number of 7 billion in 2011 and is expected to pass 8 billion
before 2023 (United Nations, 2018). Especially, low- and middle-income (LMI) countries have
experienced large population increases over the last decades thereby affecting food and water
resources (Klein Goldewijk & Ramankutty, 2010). All these people rely on agricultural products
for their living and as a consequence, cropland area has expanded tremendously at the expense of
natural vegetation (Gibbs et al., 2010). Food security in LMI countries still dominantly depends
upon local food production by traditional smallholder farming (Funk & Brown, 2009), of which
the food production is directly influenced by climate variability (e.g. droughts) (Wani et al.,
2009). Furthermore, climate change is anticipated to increase the frequency and duration of
crop water stress in these countries, enhancing the risk of crop failure, and hence food insecurity
(FAO, 2011; IPCC, 2014).

The United Nations developed 17 Sustainable Development Goals, which include the achieve-
ment of global food security by 2030 through a sustainable use of land and water resources
(United Nations, 2015). Smallholder irrigation will play a pivotal role towards food security in
LMI countries. International development policy adopted the establishment and improvement
of smallholder irrigated agriculture (Burney & Naylor, 2012; FAO, 2011; IAC, 2004; Tschirley,
2011; United Nations, 2012;World Bank, 2008). However, the current extent of smallholder irri-
gation (where, when and howmuch) is unknown. Accurate information on the distribution and
amount of irrigation is required for policy development on efficient land- and water-resource
management regarding food security (Droogers et al., 2010).

Although remote sensing offers a wide range of irrigation-mapping opportunities, its use is
not straightforward for smallholder agriculture in LMI countries. The small cultivated plots have
intercropping systems and dynamic spatio-temporal patterns regarding planting, harvesting and
irrigation, which is challenging for irrigation mapping (Bégué et al., 2018; Ozdogan et al., 2010).
Therefore, the objective of this thesis is to develop mapping tools suitable for smallholder agri-
culture. The emphasis of this thesis is to apply new and advanced image-processing methods to
extract information on smallholder irrigation. They should be suitable for such complex agri-
cultural landscapes and provide useful information to improve land and water resources for food
security.

9
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The sections in this chapter will provide further elaboration on food production and secu-
rity in LMI countries, smallholder irrigation and the remote-sensing perspective on irrigated
agriculture. The chapter will be closed with the thesis objective and research questions.

1.1 Current state and outlook of food security in low- and middle-income

countries

Population growth in the LMI countries has been very large over the last decades with severe
implications on land and water resources (Klein Goldewijk & Ramankutty, 2010). As a conse-
quence, cropland area has expanded tremendously at the expense of natural vegetation (Gibbs
et al., 2010). Population numbers in Africa went up exponentially from 229 million in 1950 to
an estimated 1288 million in 2018 and are expected to increase to 2530 million in 2050 (United
Nations, 2018). All these people use natural resources and heavily rely on agricultural products
for their living. By 2050 it is estimated that a doubling of food production is required for LMI
countries (Alexandratos & Bruinsma, 2012). For Sub-Saharan Africa, a tripling of the food pro-
duction by 2050 is necessary to keep up with the increasing food demand as a result of population
increases (Van Ittersum et al., 2016).

On top of growing populations in LMI countries, IPCC climate-change scenarios predict
increasing global temperatures of approximately 0.1 to 0.4 ◦C per decade for the coming cen-
tury and changing precipitation patterns, which will have a strong impact on regional water
availability and food security (IPCC, 2014). Predictions show a global decrease in food availabil-
ity per capita of 14% by 2030 following projections in climate change, agricultural productiv-
ity and population density (Funk & Brown, 2009). LMI countries will be highly affected and
food-production predictions show decreases which approximate 36% for Eastern Africa, 38%
for Middle Africa, 22% for South America and Western Africa (Funk & Brown, 2009).

In LMI countries, food is dominantly locally produced by traditional smallholder farming
(Funk & Brown, 2009) (Figure 1.1), which is characterized by small agricultural fields (∼< 1 ha)
(Salami et al., 2010). Crop production is labor intensive and often a form of inter- or mixed
cropping is practiced (Abate et al., 2000). The largest part of smallholder farming is rainfed
and planting schedules follow the temporal rainfall pattern, which fluctuates between seasons
and years (Hansen et al., 2011). This makes the smallholder households susceptible to harvest
failures as food production is directly influenced by the amount and timing of rainfall (Wani
et al., 2009). Next to rainfed agriculture, irrigated agriculture contributes to food production
in LMI countries. Surface water is generally used for irrigation in LMI countries (Lebdi, 2016;
USGS, 2016a). Globally, Asia has the largest area equipped for irrigation (39.1% of cultivated
land) and Africa the smallest area (5.4% of cultivated land) (FAO, 2011). However, Africa has
the potential to increase agricultural productivity through irrigation by at least 50% (You et al.,
2011). So far, the development of Africa’s irrigation infrastructure is very slow. The expansion of
irrigated area, for example, over the last 30 years was 2.3% (You et al., 2011), which is worrying
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with regard to future needs of increasing food production.

Figure 1.1: Smallholder agriculture near Awassa Lake, Rift Valley, Ethiopia. The cultivated fields are small (∼<1 ha) and
inter- and mixed cropping is common. Photos taken by Marjolein Vogels.

1.2 The importance of smallholder irrigated agriculture

LMI countries with low purchasing capabilities import little food from global markets (Funk
& Brown, 2009). Hence, LMI countries remain prone to food shortages and famine during
periods of local production declines, and frequently depend on international aid during those
times (Funk & Brown, 2009). Local, sustainable and secured agricultural production is desired
and pivotal for both food security and economic development in LMI countries (Funk & Brown,
2009). Most LMI countries suffer from serious crop-yield gaps (Wu et al., 2018). Its irrigated
agriculture produces half or less of their potential yield which could be acquired by optimal water
management (FAO, 1995, 2011). For instance, Africa is characterized by the lowest agricultural
productivity per unit area of land globally (Abate et al., 2000). Smallholder irrigation plays a
vital role for food security and improved rural livelihoods in LMI countries (Burney & Naylor,
2012). Dejen (2014) showed that land productivity of smallholder irrigation schemes was 3 times
higher compared to neighbouring rainfed fields in the Central Rift Valley, Ethiopia. Although
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even higher yields can be obtained by improved irrigation management. Currently, irrigation
in LMI countries is characterized by low land- and water productivity with respect to their
potential (Dejen, 2014; FAO, 2011).

Irrigated cropland artificially receives full or supplemental irrigation, which is the controlled
application of water to land, to compensate for precipitation deficits during the growing season
(Bégué et al., 2018). Two general irrigation systems are distinguished in this study; large-scale ir-
rigation systems with collective hydraulic networks and an established management institution,
and smallholder irrigationwith traditional irrigation systems, based on communitymanagement
or individual exploitation of shallow groundwater or surface water (Lebdi, 2016). Large-scale
irrigation systems are often not accessible for smallholder farmers (Dejen, 2014). And as ground-
water pumps are expensive, smallholders rather exploit surface water (FAO, 2011; USGS, 2016a).
Generally, river diversions (Figure 1.2) are placed to irrigate fields by furrow or flood irrigation
(USGS, 2016b). Poor management results often in undesirable water losses and inefficient water
use.

One of the ambitions of the Sustainable Development Goals of theUnitedNations is to achieve
global food security by 2030 (United Nations, 2015). The development of irrigated agriculture
is key to close crop-yield gaps and to achieve this goal (Wu et al., 2018). Currently, only a
fifth of all arable land in LMI countries is irrigated, meanwhile accounting for nearly half of
the crop production (FAO, 2011). Despite the slow expansion of irrigated area, irrigated agri-
culture currently accounts for 38% of the agricultural output in Africa (Svendsen et al., 2009).
International development policy increasingly focuses on the development of smallholder agri-
culture. Their goal is to increase agricultural productivity through the development of irrigation
infrastructure for smallholders and to optimize water use in existing smallholder irrigation by
implementing sustainable land- and water management (Burney & Naylor, 2012; FAO, 2011;
IAC, 2004; Tschirley, 2011; United Nations, 2012; World Bank, 2008). Globally, yield from ir-
rigated crops is an estimated 2.7 times higher than from rainfed crops (WWAP, 2012), so it pays
off to invest in irrigation and proper water use. As the majority of people in LMI countries de-
rive their food from local production, improving local agricultural productivity by stimulating
smallholder irrigation is vital to achieve national food security (Funk & Brown, 2009).

1.3 Knowledge gap on existing smallholder irrigated agriculture

Accurate information on the distribution of irrigation is required for water-resource manage-
ment regarding food security (Droogers & Aerts, 2005; Vörösmarty & Sahagain, 2000) and for
the assessment of irrigation impact on catchment hydrology (Beilicci & Beilicci, 2016). Despite
overwhelming consensus about the advantages of expanding and improving irrigation infras-
tructure and management in LMI countries (FAO, 2011; Wu et al., 2018), the current spatio-
temporal extent of smallholder irrigation is unknown (Beekman et al., 2014) and therefore often
neglected in water-balance studies (e.g. Siebert & Döll, 2010; Wada et al., 2014). LMI coun-
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Figure 1.2: River diversions for irrigation near Awassa Lake, Rift Valley, Ethiopia. Photos taken by Marjolein Vogels.

tries are generally known as data-poor regions (Beguy, 2018) and this definitely holds for data
on smallholder irrigation. National statistics are scarce or incomplete. Quantification of crop-
land expansion (land-use change in general), smallholder irrigation, and associated land- and
water degradation is inadequate due to the absence of reliable data. Administration of irrigation
schemes on timing and magnitude is generally absent. Additionally, irrigation by farm dams or
river and stream diversions, i.e. without established irrigation infrastructure, is unregulated and
its spatial distribution unknown (Beekman et al., 2014; Lankford, 2005).

Given the increasing population, the warming climate and the shifting rainfall patterns, effi-
cient water-resource management is of paramount importance to achieve domestic food security
for smallholders (FAO, 2004). Water resources are already stressed, and the growing irrigation
needs further increase the pressure (Droogers et al., 2010). To optimize water use, water man-
agers and policy makers require detailed (field level) and continuous information on: 1) the
regional distribution of cropland fields, 2) the spatio-temporal distribution of irrigated agricul-
ture, and 3) the amount of water consumed for irrigation. With such information, field-level
policy targets can be developed to guide land and water managers towards more efficient water
use.

1.4 Satellite's perspective on smallholder agriculture

The wealth of remote-sensing datasets nowadays available at various spatial and temporal res-
olutions offers ample opportunities to monitor agricultural lands (Bégué et al., 2018). Remote
sensing has progressively developed as a tool to identify and monitor irrigated lands for a vari-
ety of climatic settings (Bégué et al., 2018; Ozdogan et al., 2010). The crop phenology of an
irrigated crop differs from a purely rainfed crop (Thenkabail et al., 2005). Irrigated agriculture
is characterized by more active vegetation, which shows in higher greenness and more biomass
and is especially pronounced in (semi-)arid regions (Ozdogan et al., 2010). This is well visible in
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satellite images. Multi-temporal information on greenness is often used for the classification of
irrigated agriculture as it describes the different phenology development of irrigated and rainfed
crops (Ozdogan et al., 2010; Thenkabail et al., 2005). The Normalized Difference Vegetation
Index (NDVI) together with expert knowledge on crop phenology is most commonly exploited
for the identification of irrigated lands (e.g. Ambika et al., 2016; Siddiqui et al., 2018). Irrigation-
mapping efforts are often successful, albeit site-specific for small study areas and are not easily
transferable to other regions and climates (Bégué et al., 2018; Ozdogan et al., 2010).

Although satellite imagery offers a wide range of irrigation-mapping opportunities, its use
for smallholder agriculture remains a challenge due to the complex agricultural landscapes. The
complexity shows in terms of spatial scale (Figure 1.3), spatio-temporal dynamics, and agricul-
tural practices, which are displayed by: 1) small cultivated fields (∼< 1 ha), 2) multiple crop
types in inter- and mixed cropping systems, 3) planting schedules that follow the rainfall pat-
tern, which fluctuate between years, and 4) spatio-temporal variability of irrigation as it is a
highly dynamic land-use type (Bégué et al., 2018). Agricultural landscapes of this nature are
in this thesis referred to as complex agricultural landscapes. Such landscapes are challenging for
field-level mapping efforts with regard to food security and water availability. The absence of re-
liable data on distribution, timing and duration of irrigation further complicates mapping efforts
in LMI countries as it prohibits calibration and validation with field or administrative data.

Generally, existing mapping efforts are too coarse to identify smallholder irrigation and un-
derestimate its occurrence (Beekman et al., 2014). Current remote-sensing estimates of irri-
gated agriculture in the Horn of Africa lay far apart and range from 0.95 Mha, described by
the Global Irrigated Area Map at 10-km spatial resolution (Thenkabail et al., 2009), to 22.39
Mha, described by the Irrigated Area Map Asia (2000 2010) and Africa (2010) at 250-m spatial
resolution (Siddiqui et al., 2018). Expert knowledge on local crops and crop phenology is often
used to identify irrigated agriculture (Bégué et al., 2018), which is unavailable and difficult to
acquire for the data-poor regions in LMI countries. Furthermore, many irrigation studies are
conducted within modern large-scale irrigated areas with an established irrigation infrastruc-
ture (Abuzar et al., 2015). Agriculture using other types of irrigation, such as river and stream
diversions or farm dams, are often not incorporated in irrigation-mapping studies (Abuzar et al.,
2015). These are, however, characteristic for LMI countries. Moreover, existing land-use and
land-cover (LULC) maps that incorporate irrigated agriculture have no temporal specification,
thereby ignoring temporal irrigation dynamics (Deines et al., 2017). Thus, while policy aims at
the development and improvement of smallholder agriculture and irrigation infrastructure, cur-
rent remote-sensing derived LULC maps do not provide information on existing smallholder
farming and irrigation practices. Besides, the inability to identify smallholder irrigated agri-
culture also disables the analysis of the impact of smallholder irrigation on the available water
resources and its incorporation in catchment-hydrology analyses on water-resource distribu-
tion.

Traditionally, information on LULC is derived using pixel-based image analysis (PBIA)
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through the specification of spectral signatures in relation to particular classes. To map small-
holder agriculture at field level, high-resolution imagery is required (Velpuri et al., 2009). How-
ever, this imagery suffers from increased spectral confusion and within-class spectral variability,
which makes PBIA rather unsuitable for the complex agricultural landscapes of LMI countries.
A more appropriate approach is geographic object-based image analysis (GEOBIA), which in-
terprets groups of pixels (objects) created bymerging neighbouring pixels on the basis of spectral
similarity (Blaschke et al., 2014). It uses the full structural parameters of an image, i.e. colour,
tone, texture, pattern, shape, shadow, context and size (Blaschke et al., 2014). This method is
superior to PBIA as it is less sensitive to spectral confusion. The workflow of GEOBIA is sim-
ilar to our visual perception of the landscape in imagery (Addink et al., 2012) and the use of
GEOBIA in smallholder (irrigated) agriculture mapping efforts is highly recommended (Bégué
et al., 2018; Ozdogan et al., 2010). GEOBIA is able to capture information on field character-
istics, e.g. shape, size and texture. It also allows to capture information on the local context of
agriculture, e.g. agriculture tends to cluster in the landscape. Agricultural management, such as
the application of irrigation water, is applied at the field level. This results in per-field changes
of vegetation as opposed to water from a rainfall event, which results in vegetation changes over
larger areas. Field characteristics and local context that are visually perceived in the imagery can
be exploited in a GEOBIA approach. They represent universal characteristics of agriculture, i.e.
are not dependent on geographic variability. Examples of GEOBIA applications on smallholder
agriculture are the identification of croplands (Xiong et al., 2017b), crop types (Lebourgeois et al.,
2017), crop production (Lambert et al., 2018), and soil water conservation measures (Wickama
et al., 2015). GEOBIA applications for irrigation mapping are not reported in literature, while it
has a high potential for irrigation mapping as it can exploit information on field characteristics
and local context of irrigated agriculture. The use of such information in GEOBIA mapping
is especially valuable for data-poor regions. These regions can benefit from an approach based
on universal characteristics of (irrigated) agriculture as ground truth and expert knowledge is
absent to specify spectral signatures.

1.5 Research objective and thesis outline

The previous sections presented the relevance of the information availability for smallholder
agriculture and the difficulties involved regarding smallholder-irrigation mapping. Adequate
mapping techniques providing information at the field level and at short time steps (e.g.
monthly) are currently lacking. Existing mapping methods are generally too coarse and highly
dependent on local knowledge and ground data. This poses a problem as reliable field data to
calibrate and validate mapping results are generally missing for smallholder farming in LMI
countries. With respect to food security and water availability, it is however important to quan-
tify past and present patterns on land and water use. The emphasis of this thesis is to illustrate the
potential of high-resolution remote-sensing derived time series combined with object-based
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Figure 1.3: Satellite’s perspective of agricultural landscapes in a smallholder-dominated agricultural area near Adama,
Ethiopia (left) versus a modern large-scale agricultural area Kansas State, United States (right). Note the different spatial
dimensions of the agricultural fields (note: scale bars are identical).

image-processing methods to extract field-level information on the spatio-temporal distribution
of croplands, irrigated croplands and consumptive use of irrigation water. Therefore, the main
objective of this thesis is:

To map smallholder agriculture and spatio-temporal patterns of irrigation in data-poor
regions using time series of remote-sensing images and smart GEOBIA algorithms

The spatio-temporal complexity of smallholder agriculture requires descriptors of field charac-
teristics and local context in addition to spectral information to produce reliable irrigation maps.
Pixel-based analysis is incapable to handle such data, while GEOBIA can integrate spectral, field
and context information. Field characteristics and local context of agriculture describe univer-
sal properties of agriculture. They are not site-specific and do not depend on absolute spectral
signatures, thereby partly compensating for the absence of validation data. The feasibility of
irrigation mapping over large data-poor regions is therefore high. The combined use of high-
to very-high-resolution imagery and GEOBIA techniques was the topic of this study and was
addressed by the following research questions:

1. How well can irrigated agriculture be detected in complex agricultural landscapes using a GEOBIA
approach?

Smallholder irrigation mapping is complicated due to its small spatial scale and temporal
variability. The use of additional information on shape, texture, neighbour and location in-
formation is beneficial for a mapping approach on smallholder irrigated agriculture. Here,
the underlying assumption is that irrigation stimulates crop growth throughout the field,
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following the field’s borders. This information can be used in addition to spectral infor-
mation in a GEOBIA approach to identify smallholder irrigated agriculture. Chapter 3
shows this proof-of-concept mapping approach using GEOBIA and SPOT6 imagery.

2. How can spatio-temporal patterns of smallholder irrigated agriculture be mapped using GEOBIA
and Sentinel-2 imagery?

Smallholder irrigated agriculture is a highly dynamic land-use type both spatially and tem-
porally. The new ESA satellite Sentinel-2 enables large-scale mapping at 10-m resolution
with a 5-day revisit time. It has the current highest spatial resolution available for open-
source satellites. It offers tremendous potential for the mapping of complex smallholder-
dominated landscapes of LMI countries. Rainfall-induced crop growth (regional extent)
and irrigation-induced crop growth (field extent) were classified at a monthly interval.
The different responses in the surrounding landscape between a rainfall event and irriga-
tion application were exploited in a GEOBIA approach. Chapter 4 presents the workflow
of this methodology.

3. What is the current spatio-temporal extent of smallholder irrigated agriculture in the Horn of
Africa?

The Horn of Africa is home to 175 million people, of which the majority derives food
at the domestic level by traditional smallholder farming. It has the lowest agricultural
productivity worldwide and projections in agricultural productivity, population growth
and climate change are not very optimistic. To improve the situation, it is important to
know the current extent of irrigated (smallholder) agriculture. Current available maps on
irrigated agriculture covering theHorn of Africa are too coarse and differ much in their es-
timates. Chapter 4 presents a large-scale GEOBIA mapping approach to map smallholder
irrigated agriculture at field level with a monthly time-step.

4. What is the irrigation-water consumption of smallholder irrigated agriculture and its impact on the
water balance?

Following the previously described methodology (research question 3), monthly land-use
maps on the spatial distribution of smallholder irrigated agriculture were produced. Using
these maps, a GEOBIA approach was developed to estimate irrigation-water consumption
and its effect on the water balance for a case-study area in the Central Rift Valley, Ethiopia.
In this area both traditional smallholder farming as well as modern large-scale agriculture
are present, although smallholders dominate the area. Irrigation-water consumption is
assessed for both types of agriculture. Readily-available hydrological products on evapo-
transpiration and precipitation were exploited to estimate irrigation-water consumption
and to asses smallholder-irrigation impact on the water balance. Chapter 5 presents the
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developed GEOBIA approach and the irrigation-water-consumption results of the case-
study area.

5. How well can traditional smallholder agriculture be distinguished from modern large-scale agricul-
ture using a GEOBIA approach?

Traditional smallholder agriculture and modern large-scale agriculture co-exist in the
same landscape, but have different agricultural and irrigation practices. They differ in
field size, cropping systems and temporal patterns of sowing, harvesting and irrigation.
The distinction between them would allow for the specification of agricultural and irri-
gation practices for each type of agriculture. This would be especially valuable to analyse
domestic food security as it is related to the food production and water use of smallholders
specifically. Chapter 3 shows a GEOBIA workflow that distinguishes these two types of
agriculture.

6. How well can croplands be identified in black-and-white aerial imagery using a GEOBIA ap-
proach?

A large pre-satellite remote-sensing dataset exists in the form of black-and-white aerial
imagery. This type of data is useful to determine ecosystem baseline conditions or to assess
land-use changes before the launch of Landsat in 1972, as a large part of global deforesta-
tion and cropland expansion occurred before the launch of the Landsat program. Land-use
mapping using this type of data generally relies on visual interpretation, because standard
pixel-based approaches need more than just brightness values. GEOBIA provides much
more information in its mapping approach than brightness, and was therefore anticipated
to be a suitable tool for this purpose. Chapter 2 shows this GEOBIA approach on cropland
mapping in black-and-white aerial imagery.

The methodologies developed in this thesis are conceptualized and realized through case studies
in Eastern Africa. In Chapter 6, a synthesis of the research presented in this thesis is provided.
There, main findings are discussed and put into a wider perspective in the framework of food se-
curity and water availability. Additionally, a future outlook and recommendations are provided
on agricultural mapping approaches for data-poor smallholder-dominated complex agricultural
landscapes.
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Cropland detection on black-and-white aerial imagery

Abstract

Land-use and land-cover (LULC) conversions have an important impact on land degra-
dation, erosion and water availability. Information on historical land cover (change) is
crucial for studying and modelling land- and ecosystem degradation. During the past
decades major LULC conversions occurred in Africa, Southeast Asia and South Amer-
ica as a consequence of a growing population and economy. Most distinct is the conver-
sion of natural vegetation into cropland. Historical LULC information can be derived
from satellite imagery, but these only date back until approximately 1972. Before
the emergence of satellite imagery, landscapes were monitored by black-and-white
(B&W) aerial photography. This photography is often visually interpreted, which is
a very time-consuming approach. This study presents an innovative, semi-automated
method to map cropland acreage from B&W photography. Cropland acreage was
mapped on two study sites in Ethiopia and in The Netherlands. For this purpose, we
used Geographic Object-Based Image Analysis (GEOBIA) and a Random Forest clas-
sification on a set of variables comprising texture, shape, slope, neighbour and spectral
information. Overall mapping accuracies attained are 90% and 96% for the two study
areas respectively. This mapping method increases the timeline at which historical
cropland expansion can be mapped purely from brightness information in B&W pho-
tography up to the 1930s, which is beneficial for regions where historical land-use
statistics are mostly absent.

Chapter based on:

Vogels, M. F. A., S. M. de Jong, G. Sterk, and E. A. Addink (2017). Agricultural croplandmapping using black-and-
white aerial photography, Object-Based Image Analysis and Random Forests. International Journal of Applied
Earth Observation and Geoinformation, 54, 114-123.
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2.1 Introduction

Land degradation is widely recognized as a global problem and poses a threat regarding food se-
curity, biodiversity, biomass productivity and environmental sustainability (Millennium Ecosys-
temAssessment, 2005; Mueller et al., 2014). Especially dryland regions, defined as arid, semi-arid
and dry sub-humid zones, are vulnerable to land degradation, which is often followed by severe
desertification (Gisladottir & Stocking, 2005; Mueller et al., 2014). Key drivers of land degrada-
tion are the conversion of natural vegetation into agricultural land and themanagement practices
in the agricultural sector (Foley et al., 2005). Enhanced rates of soil erosion and a decrease in
soil-water holding capacity are observed as a result of unsustainable agricultural practices thereby
causing environmental damage through sedimentation, pollution and increased flooding (Mor-
gan, 2005).

During the last decades, population increases in developing countries have resulted in ma-
jor LULC changes (Lambin & Meyfroidt, 2011). Cropland expansion, the dominant land-use
change, has not yet reached its maximum in Africa, South America and Southeast Asia (Laurance
et al., 2014). A consequence of this conversion to cropland is the alteration of the hydrology of
watersheds, which is often accompanied by enhanced rates of soil erosion (Bewket & Sterk, 2005;
Yang et al., 2003). Generally surface runoff increases in the absence of the natural vegetation
cover, thereby triggering sheet, rill, and gully erosion. Land degradation as a result of LULC
changes and poor management is also revealed by the flushing of nutrients and fine sediments
(including organic material), and loss of soil structure and biodiversity (Bowyer et al., 2009). To
what extent such land-use changes, particularly cropland expansion, have affected hydrology,
and have initiated land- and ecosystem degradation, has been extensively studied, recognized,
and embedded in policy for most developed countries (EEA, 2015). However, in developing
countries quantification of the land-degradation problem is poor due to the absence of reliable
data, especially for longer time-scales.

To assess the impact of LULC changes on land degradation over longer time-scales, historical
land-use (change) maps serve as key input in such studies. Historical cropland can be derived
with certain accuracy from satellite imagery, which is available since the first earth observation
mission of Landsat in 1972; a time-span of approximately 40 years. Further back in time, an
important source for mapping land-cover change are B&W aerial photographs. The collection
of aerial photography is extensive and provides the longest temporally continuous record of
land cover, with some imagery dating back to the 1930s (Morgan et al., 2010). The use of
such photography is limited due to its panchromatic spectral information. An image analyst can
visually identify cropland plots in B&W aerial photography by the cropland plot’s characteristic
rectangular shape, and smooth, regular texture, but such imagery holds little information for
machine learning. A promising method evaluated here to identify cropland acreage in B&W
photography is Geographic Object-Based Image Analysis (GEOBIA). This approach of LULC
discrimination is not pixel-based, but object-based to identify coherent landscape elements based
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on a heterogeneity threshold (Blaschke, 2010). The advantage of GEOBIA is that its workflow
is similar to our visual perception of the world (Addink et al., 2012). This similarity principle is
used in this research where GEOBIA is applied on brightness values of B&W photography for
the purpose of mapping cropland acreage. Ancillary slope data is used in the classification process.
GEOBIA is increasingly used in a wide range of applications, but is generally applied to multi-
spectral imagery. The novelty in this study is its application on only brightness information to
map cropland. Few studies exist for the use on B&W photography and these do not actually
classify LULC (Morgan & Gergel, 2010).

This study aims at developing a semi-automated procedure to map cropland in B&W photog-
raphy. To assess the universal applicability of this mapping approach, the method is tested and
validated in two contrasting study areas with respect to LULC types: 1) the Awassa Lake region
in the Central Rift Valley in Ethiopia and 2) the Kempen region in the Netherlands. This study
will investigate and evaluate: 1) the feasibility to delineate cropland plots by segmenting B&W
photography on the basis of brightness, and 2) the possibility to distinguish cropland areas from
other types of LULC based on textural, shape, slope, neighbour and spectral variables of the
segmented objects in the B&W photography using Random Forests.

2.2 Methods

The cropland acreage mapping procedure on B&W photography comprised four major stages.
The original B&W photograph (Figure 2.1A) was segmented into coherent landscape elements
(objects), e.g. cropland plots (Figure 2.1B). Secondly, a training and validation set were gener-
ated by means of interpretation of B&W photography and ancillary data sources by randomly
selecting a number of objects (Figure 2.1B). These landscape objects were then classified by a
Random-Forest algorithm into two classes: 1) ‘cropland’ and 2) ‘other land cover’, on the basis
of object attributes (Figure 2.1C). Cropland is here described by the definition of IFAD (2008)
as cultivated land, the sum of arable land and land under permanent crops, where arable land
is land under temporary crops, temporary meadows for mowing or pasture, land under market
and kitchen gardens or land that is temporarily fallow. The ‘other land cover’ class incorporates
all other LULC. Finally, accuracy statistics of this classification procedure were calculated to
validate the method.

2.2.1 Data collection and preparation

Site description

This methodology was applied and evaluated for two regions in different environmental settings:
1) the Awassa Lake region in the Ethiopian Rift Valley and 2) the Kempen region in the Southern
part of the Netherlands (Figure 2.2). Both regions have a dominant agricultural land use and
experienced agricultural expansion over the past 50 years.
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Figure 2.1: Illustration of the workflow: A) an example B&W photograph, B) the segmentation result and the randomly
selected objects for interpretation and training- and validation dataset generation, and C) the Random Forest classification
result showing a LULC map with two classes, ‘cropland’ and ‘other land cover’.

The Awassa Lake region is located in the south-central Rift Valley, 300 km south of the
Ethiopian capital Addis Ababa. A prominent feature in this area is a steep rim in a dominant
north-south direction marking the edge of the Awassa caldera. For decades, natural forest has
been diminishing in favour of agricultural area in many parts of Ethiopia (McCann, 1997) and
this region is no exception. Smallholder farms dominate the area (Dessie & Kinlund, 2008).
They have an average plot size of ∼<1 ha per household and mainly cultivate perennial crops.
The large agricultural farms mainly produce non-perennial crops.

The Kempen region is a geographical area characterized by sandy soils on the border of Bel-
gium and the Netherlands. For centuries, the area was covered by deciduous forest, but intensive
logging resulted in the spontaneous development of heathland, which served as rangeland for
cattle (Wouters & Vandenberghe, 1994). Today it is one of the most intensively cultivated areas
of the Netherlands and it is mainly characterized by large-scale agricultural farmland with a
few scattered remnants of the old heathland vegetation and forests. This research will focus on
the Kempen region around the municipality of Bladel in the Netherlands, further referred to
as the Bladel Kempen region. The average plot size in this region is 4.6 ha and the owned land
property per farm is on average 18.9 ha, which equals approximately four cropland plots (CBS,
2015; NGR, 2015). Landscape variability in this region is high with an alternation of natural
areas of old vegetation (heathlands and forests), intensively cultivated farmland and villages.
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Figure 2.2: Geographical location of the study areas and the spatial distribution of the 15 selected sectors per study area.
The left- and right figures show the Awassa Lake region and the Bladel Kempen region specifics respectively. The lower
right figure illustrates the significant difference in cropland plot size between the two study areas.

B&W aerial photography simulation

B&W aerial photography was simulated from the Web-Map-Service layer named World Im-
agery (ESRI, 2015). This data is selected to simulate B&W aerial photography for the reason that
this recent data aids in a proper validation of the methodology compared to historical photogra-
phy. The methodology was evaluated on 15 sectors for each region, comprising agriculturally
dominated sectors as well as high landscape-variability regions e.g. cropland area combined
with the presence of villages and natural vegetation (Figure 2.2). Panchromatic imagery from
the WorldView-1 platform (0.5-m spatial resolution) acquired between 19 October 2008 and
11 February 2009 was used to represent B&W aerial photography for the Awassa Lake region.
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The size of the sectors here is 1375 m x 990 m. For the Bladel Kempen region, aerial data from
the UltraCam-G camera (0.3-m spatial resolution) acquired on 9 October 2010 was obtained
to simulate B&W aerial photography by averaging its three bands (400-700 nm). The average
cropland plot size in the Bladel Kempen region is distinctly larger compared to the Awassa Lake
region (Figure 2.2). The surface area per sector was taken four times larger (2750 m x 1980 m)
to account for this effect in plot size difference for proper comparison. In this manner an equal
amount of training- and validation objects could be labeled in both study areas.

2.2.2 Slope as a covariate for the classification of cropland

The Awassa Lake region ranges from 1643 m to 2950 m altitude. Remnants of natural forests
are present on the steep slopes of the Awassa caldera rim (Dessie & Kinlund, 2008). The Bladel
Kempen region has an extremely low variation in altitude (25 - 43 m) and a low or no correla-
tion between LULC and slope is present. Common practice is that on steep slopes no or little
cropland agriculture persists. For this reason slope is added as a covariate to enhance the dis-
crimination between ‘cropland’ and ‘other land cover’ in the classification procedure. The Aster
GDEM V2 (LP DAAC, 2011), a product of METI and NASA with a resolution of 30 m, and
the AHN (Rijkswaterstaat, 2015), the official Dutch elevation map with a ground resolution of
5 m, is used for slope calculations for the Awassa Lake region and the Bladel Kempen region
respectively. The slope data was resampled using Nearest Neighbour resampling to match the
spatial resolution of the associated B&W photography.

2.2.3 Image segmentation

In this study, the GEOBIA workflow was chosen to create a semi-automated procedure to map
cropland on B&W photography, because its workflow resembles our visual interpretation of an
image (Addink et al., 2012). GEOBIA here involves a brightness-based grouping of pixels into
objects followed by labeling them as LULC classes using some type of classification algorithm.
This distinction of landscape elements preserves the high diversity of land use in the classifica-
tion procedure compared to pixel-based methods (Blaschke, 2010; Myint et al., 2011). The B&W
photography in this study was segmented by a multi-resolution segmentation algorithm avail-
able in the eCognition® Developer software (Trimble, 2007). The generation of homogeneous
objects is driven by several parameters defined by the operator. In a multi-resolution segmen-
tation, these parameters are the heterogeneity threshold, the shape and the compactness. These
parameters were visually optimized for both study areas with a focus on cropland plots. For both
study areas the selected heterogeneity threshold, shape and compactness were 300, 0.1, and 1.0
respectively.
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2.2.4 Cropland classification

In total 25 attributes were derived for each object (Table 2.1): 13 shape variables, 1 spectral
variable (brightness), 2 neighbour variables, mean slope, and 8 texture variables, which are ex-
pressed by the gray level co-occurrence matrix (GLCM) principle (Haralick et al., 1973). GLCM
attributes describe the texture of an object , i.e. the spatial arrangement of the brightness values
within the object. These variables were assumed to cover the maximum extent of information
that can be obtained from B&W photography.

Table 2.1: Overview of selected object attributes. For a detailed description see Trimble (2007).

Type Variable Definition

Shape Asymmetry The more longish an object, the more asymmetric it is.
Border index The smallest rectangle enclosing the object.
Border length Sum of the edges of the object.
Compactness The product of the maximum length and width divided by the number of

pixels of the object.
Density The area covered by the object divided by its radius.
Elliptic fit How much the object approaches the shape of an ellipse.
Length/width ratio The maximum length divided by the maximum width of the object.
Pixel number The number of pixels within an object. A proxy for size.
Radius of largest enclosing ellipse Ratio between an ellipse of object size and an ellipse that is scaled down

until it is enclosed by the object.
Radius of smallest enclosing ellipse Ratio between an ellipse of object size and an ellipse that is enlarged until

it is enclosing the object.
Rectangular fit How much the object approaches the shape of a rectangle.
Roundness Difference between the radius of the largest enclosing ellipse and the

radius of the smallest enclosing ellipse.
Shape index The border length of an object divided by four times the square root of its

area.

Texture GLCM angular 2nd momentum Gray level co-occurrence matrix (GLCM) (Haralick et al., 1973).
GLCM contrast
GLCM correlation
GLCM dissimilarity
GLCM entropy
GLCM homogeneity
GLCM mean
GLCM standard deviation

Spectral Brightness The mean layer value of the grey-scale data in an object.

Covariate Mean slope The mean slope value of an object.

Neighbour Mean diff. to neighbouring brightness A measure of the difference between the brightness of the object and its
surrounding objects.

Mean diff. to neighbouring mean slope A measure of the difference between the mean slope of the object and its
surrounding objects.

Training- and validation data

A set of 100 objects was randomly selected for each sector independently for the two study areas
to create training- and validation sets. Random points were generated over the sector area and
the coinciding objects were selected for interpretation. These objects were thematically labeled
by visual interpretation as either: 1) ‘cropland’ or 2) ‘other land cover’. Important considerations
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while labeling objects by visual interpretation were: 1) the spatial domain in which an object
was located, 2) the continuity of patterns within an object and 3) the shape of an object e.g.
man-made structures. In case an object consisted of multiple land covers, the major land cover
(>75% coverage) was used to label the object. When an object could not be labeled, because
it was unidentifiable (∼ 5% of the objects) or there was no dominant land cover (∼ 5% of the
objects), it was replaced by a new object. The training- and validation set each comprised 50%
of the labeled objects per study area (Table 2.2).

Table 2.2: Class-frequency balance of the training- and validation datasets for both study areas.

Study area Dataset Cropland (%) Other land cover (%)

Awassa Lake region Training 40 60
Validation 37 63

Bladel Kempen region Training 57 43
Validation 40 60

Random-Forest algorithm

Random Forest is an ensemble learning technique which uses multiple decision trees on a vali-
dation set to generate a statistically prediction based on a set of independent variables (Breiman,
2001). Land-cover classification studies increasingly use Random Forests as a statistical classifier
on multi-spectral and hyper-spectral satellite imagery (Rodriguez-Galiano et al., 2012b). It can
easily handle different types of data e.g. shape, texture and neighbour variables, and does not re-
quire a normal statistical distribution of data input. The object attributes (independent variables)
and their visually identified label (dependent variable) of the training set were used to build a
Random Forest. This Random Forest was then used to classify all objects into ‘cropland’ or ‘other
land cover’ based on a majority vote taken for prediction (Liaw &Wiener, 2002). The variables
assessed at each tree node are a random subset of variables from which the best predictor is cho-
sen. For this study, the randomForest package available in the R statistical computing software
environment was used to create the Random Forests (Liaw & Wiener, 2002; R Development
Core Team, 2011). By default, 2/3 bootstrap of the training set is used for tree development.
The other 1/3 bootstrap (Out-Of-Bag) of the training data is used to determine the prediction
capacity of the Random Forest, the so-called OOB-estimate of error rate. Random Forests were
built independently for the two study areas using 10,000 trees each. The other settings were
kept at default.

Another advantage of the Random-Forest classification algorithm is that it is able to compute
variable importance (Rodriguez-Galiano et al., 2012b). Evaluation of the importance of variables
in the Random Forest is expressed in two manners: 1) the Mean-Decrease-in-Gini index, which
is a measure of the impurity of the output at each node and 2) the Mean-Decrease-in-Accuracy,
which is defined as the loss of accuracy measured by the OOB-error when leaving out a variable
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(Breiman, 2001). Higher values of these measures mean that such a variable is important for the
classification.

Validation and performance of the classification procedure

The validation set was used to test the predictive power of the Random Forest. The class fre-
quency balance of the training- and validation set in this study is assumed to be sufficiently bal-
anced for data mining (Chawla, 2005; Table 2.2). Overall accuracy, producer’s accuracy, user’s
accuracy, and the kappa coefficient were calculated to assess the performance of the Random
Forest. These are standard performance parameters in remote-sensing based land-use classifica-
tion procedures and range between 0% (no match) to 100% (complete match) (Lillesand et al.,
2004).

2.3 Results

2.3.1 Spatial distribution of cropland and other land cover

Characteristic for the Awassa Lake region is the difference in cropland presence between the area
downslope of the rim (for example ALR.14 and ALR.15 in Figure 2.3), where the land use is pre-
dominantly cropland, and the upslope area, where a significantly lower presence of cropland is
found (sectors ALR.1, ALR.2 and ALR.3). Visual interpretation of the image shows that in the
downslope area of the Awassa Lake region, the class ‘other land cover’ mainly consists of single
trees and bushes, roads, vegetation along roads or houses. In the upslope area the ‘other land
cover’ class mainly consists of natural vegetation such as forests, grassland, shrubs and bushes.
The steeper slopes present in sectors ALR.8 and ALR.12 show a dense uninterrupted band of
natural vegetation on both the B&W photography and the thematic map. In contrast to the
Awassa Lake region, the Bladel Kempen region has large homogeneous areas of both cropland
and ‘other land cover’ and the cropland object size is about 60 times larger (Table 2.3).
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Figure 2.3: Original B&W photography of the studied sectors in the Awassa Lake region (ALR) and the Bladel Kempen
Region (BKR) and the ’cropland’ – ’other land cover’ (Other LC) maps as created by the methodology outlined in this
study.
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Table 2.3: Statistics including accuracy, object size and fraction surface area of ‘cropland’ (CL) and ‘other land cover’ (OLC),
for the 15 sectors in each of the two study areas (Overall accuracy = Ov. Acc.; Kappa Coefficient = Kappa Coeff.; Producer’s
accuracy = Prod. Acc.; User’s accuracy = Us. Acc.).

Study
area

Average
CL plot
size (ha)

Average
OLC
object
size (ha)

Percentage
CL sur-
face
area (%)

Percentage
OLC
surface
area (%)

Ov. acc.
(%)

Kappa
coeff.

Class Prod.
acc. (%)

Us. acc.
(%)

ALR 0.11 0.03 36 64 90 0.77 OLC 84 88
CL 93 91

BKR 7.0 3.34 42 58 96 0.91 OLC 97 95
CL 94 96

2.3.2 Accuracy of the cropland acreagemappingmethodology on B&Wphotography

The cropland classification on B&W photography is successful in the different study areas, but
varied between the different sectors (Figure 2.4). Cropland classification in the Awassa Lake
region and the Bladel Kempen region have an overall accuracy and kappa coefficient of 90%
and 0.77 and 96% and 0.91 respectively (Table 2.3). Roads, vegetation along roads and the
contrast between populated areas and cropland are transferred well in the classification process
of both study areas. For example, in sector ALR.9 the contrast between the Wosha village and
the agricultural surroundings is extremely well depicted and producer’s and user’s accuracies for
cropland are 1.0 and 0.91 respectively. Sectors ALR.7 and ALR.10 in the Awassa Lake region
show significant wetland land cover in the B&W photography, but this is not well depicted in
the LULC maps where it is miss-classified as cropland. Sector ALR.10 also has the lowest score
for the overall accuracy (64%) and kappa coefficient (0.34).

The natural vegetated areas in Dutch landscapes typically have a rectangular, man-made shape
as a consequence of landscape planning. This might bemore difficult to interpret for the Random
Forest as the shape characteristics of such objects are similar to that of cropland plots. However,
these objects (often forested) are well-recognized by the Random Forest and correctly classified
in the category ‘other land cover’. In the Northern part of the Bladel Kempen region (BKR.1
and BKR.2), the natural vegetation shows more variation in vegetation cover and object shape.
Although the overall accuracy in this area is still high, 0.96 (BKR.1) and 0.88 (BKR.2), classifica-
tion proves to be more difficult in such a large natural vegetated area. Here a small number of
objects, 0.8% and 6.8% of the objects of BKR.1 and BKR.2 respectively, are wrongly classified
as cropland.

2.3.3 Variable importance

For both study areas three texture variables are highly important for the classification process:
GLCM homogeneity, GLCM angular 2nd momentum and the GLCM entropy (Figure 2.5 and
2.6). In the Awassa Lake region the mean slope variable is important while the mean-difference-
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Figure 2.4: Boxplot of the classification performance parameters for the two study areas (OA = Overall accuracy, KC =
Kappa coefficient, PA = Producer’s accuracy, UA = User’s accuracy). Note the different y-axis scales.

to-neighbouring slope variable has a low importance here. Furthermore, the brightness, mean-
difference-to-neighbouring brightness and pixel number are present in the top important vari-
ables for this region. Least selected here are the variables asymmetry, length/width ratio, ra-
dius of largest enclosing ellipse, and radius of smallest enclosing ellipse. Brightness, shape index,
border index, pixel number and mean-difference-to-neighbouring brightness are highly impor-
tant for the Bladel Kempen region. Least important in this region are the GLCM dissimilarity,
length/width ratio, asymmetry, GLCM contrast and GLCM correlation and both slope variables.

2.4 Discussion

2.4.1 Delineation quality of the segmentation and object interpretation quality from

B&W photography

The quality of the produced dataset by B&W photography object interpretation depends on the
ability of the segmentation procedure to satisfactorily delineate the cropland plots. Drăguţ et al.
(2009) highlighted the difficulty of choosing appropriate parameter values in the segmentation
procedure. In this study 90% of the 3000 randomly selected objects were easily visually identi-
fied (Section 2.4.1). This high degree of interpretability illustrates that the delineation process
of cropland and other objects was highly successful, i.e. B&W photography contains enough
information for a discrete distinction of landscape elements by means of GEOBIA. Some crop-
land plots were oversegmented. This occurs mostly in the croplands of the Awassa Lake region
upslope of the rim. A field survey in May 2015 revealed that these upslope areas were more
recently developed and cultivated. Field boundaries are less clearly expressed due to the time lag
between the cultivation of newly claimed land and the actual settlement of the people. Delin-
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Figure 2.5: Variable importance in the Random Forests in terms of Mean Decrease in Accuracy (top) and Mean Decrease
in Gini index (bottom) for the Awassa Lake region. The y-axis shows, in most- to least important order, the independent
variables. The x-axis shows the corresponding sum of importance values for all the nodes in the Random Forest per variable.
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Figure 2.6: Variable importance in the Random Forests in terms of Mean Decrease in Accuracy (top) and Mean Decrease
in Gini index (bottom) for the Bladel Kempen region. The y-axis shows, in most- to least important order, the independent
variables. The x-axis shows the corresponding sum of importance values for all the nodes in the Random Forest per variable.
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eation of the cropland plots performed much better in the downstream agricultural areas where
the plots are slightly larger and retain a straight rectangular shape due to the more developed
LULC activities. Besides, the absence of slope facilitates the formation of rectangular-shaped
plots. The Bladel Kempen region with its intensive agriculture and only mild relief is even more
suitable for cropland delineation. In both study areas, the generated objects in large homoge-
neous natural areas have a more random shape and often do not represent borders that seem
meaningful to the human eye. These natural areas are often represented by multiple objects,
because they are more heterogeneous than cropland. These observations suggest that larger and
more rectangular-shaped cropland plots are more accurately and successfully delineated in both
study areas given the segmentation parameters used in this study.

2.4.2 Random Forest characteristics

The ability of Random Forests to define the importance of a variable in the classification process
provides detailed insight into the mechanisms and characteristics behind LULC (Pal & Mather,
2003; Rodriguez-Galiano et al., 2012b). In this classification study, texture variables are domi-
nant over shape variables in both study areas (GLCM entropy, GLCM homogeneity and GCLM
angular 2nd momentum) and have a high capacity to structurally discriminate between the dif-
ferent types of objects, which is in accordance with several other LULC classification studies
based on satellite-image derived texture indices (Coburn & Roberts, 2004; Culbert et al., 2009;
Rodriguez-Galiano et al., 2012a). Furthermore, the size of the generated objects (pixel number),
brightness and the mean-difference-to-neighbouring brightness are depicted as being impor-
tant for both study areas. The mean slope is among the least important in the Bladel Kempen
region, but highly valued in the Awassa Lake region, where it provides a tool to distinguish large
homogenous regions of natural vegetation from cropland. This is proven to be of considerable
importance since objects located in such regions were sometimes systematically miss-classified
in flat areas. The addition of slope variables is highly recommended in the analysis of historical
B&Wphotography (Morgan et al., 2010), since land-use potential is strongly linked to this factor
(Lynn et al., 2009). Another difference in variable importance are the shape- and border index.
These are highly valued in the Bladel Kempen region, but not important in the Awassa Lake
region. These indices are used to describe the smoothness of the image-object borders (Trimble,
2007). Smoothness is more important in the Bladel Kempen region where a high contrast in
border smoothness is present between cropland and that of, for example, the villages.

2.4.3 Classification accuracy and uncertainty

Overall accuracies of most individual sectors are above 85% and matches the land-cover classi-
fication performance target (>85%) set by Thomlinson et al. (1999). Other LULC classification
studies on aerial photography, using GEOBIA on high-resolution multi-spectral aerial photog-
raphy, showed similar accuracy results (Li et al., 2014; Li & Shao, 2014; Zhou et al., 2008).
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Historical aerial photography is subject to common issues such as light fall-off, distortion and
image noise (Aber et al., 2010; Morgan et al., 2010). Differences in Field-of-View and time
of day will not be consistent over time and space, and information to correct for those absent.
This is a source of uncertainty that cannot be quantified and may influence the segmentation
results, the training- and validation set generation, and hence classification performance. The
high performance of this methodology on imagery fromWeb-Map-Service layers in this study
highlights the even higher potential when applied on actual aerial photography, which generally
have a higher radiometric resolution and therefore holds more information for the distinction
of landscape elements.

2.4.4 Significance and application for modelling land-cover change impact and de-

veloping land-restoration strategies

Human LULC change resulted in the transformation of one-third to half of the Earth’s ice-free
terrestrial surface and is regarded as the single-most important factor affecting ecosystems at
present and for the decades to come (Vitousek, 1994). Especially dryland regions are vulnera-
ble to land degradation, such as the agriculturally-dominated Awassa Lake region (Gisladottir
& Stocking, 2005; Mueller et al., 2014). Aber et al. (2010) shows the high potential of aerial
photography for a wide range of applications, however, most mapping applications tend to be
labour-intensive as they rely on visual interpretation techniques. This methodology is an addi-
tion to land-cover monitoring on longer timescales than is possible using multi-spectral imagery,
because it is semi-automatic, which is till now absent for B&W photography. Little user input is
required besides the labeling of objects for the training of the Random Forests. This procedure is
a means to interpret landscape changes and assess their consequences in remote areas where little-
and often unreliable data is available. Restoration strategies of degraded ecosystems face one of
the biggest present and future challenges in the light of integrating climate-change adaptation
and historical baseline conditions (Harris et al., 2006). Aerial photography has made remote
regions easily accessible since the early 1900s to study landscape dynamics, establishing base-
line ecosystem conditions and in this case, to map cropland acreage. Morgan & Gergel (2010)
studied landscape heterogeneity in historical B&W aerial photography as a baseline measure for
ecosystem degradation status. They recommended to incorporate ecologically relevant thematic
classes rather than a spatial-variability description of landscape heterogeneity. This study shows
that for cropland, such a thematic map can be created over time by means of a GEOBIA and
Random-Forest workflow on B&W photography. Further exploration to give a meaningful
description to the ‘other land cover’ class might offer this information.
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2.5 Conclusions

In this paper we presented an innovative method for a semi-automated procedure for cropland
mapping on B&W photography using GEOBIA and Random Forests. Such method is perti-
nent for mapping land use for periods before the emergence of satellite imagery in 1972. Where
pixel-based methods fail to identify cropland due to the limited amount of spectral information
in B&W photography, GEOBIA proves to be able to separate cropland from other land-cover
types using information on texture, shape, spectral and neighbour relations in a Random-Forest
algorithm. Homogeneous regions of more intensively cultivated cropland are delineated more
easily and accurately than small patchy cropland areas or single cropland plots in between other
land-cover types. The classification procedure shows good results throughout the two study
areas as demonstrated by the high overall accuracies and kappa coefficients. It proved more dif-
ficult to classify objects in dense natural-vegetated areas, where some objects were confused
with cropland. A solution was found by adding a DEM-derived slope variable. The application
of the method on the Bladel Kempen region and the Awassa Lake region is assumed to cover
a wide range of current landscape patterns and LULC globally, making the method portable
to other regions. This cropland mapping approach provides valuable information on LULC
change, which is important to assess the impacts of land-cover change on land- and ecosystem
degradation processes such as runoff, erosion, and water availability. The method is fast and effi-
cient in mapping the expansion or shrinking of cropland acreage at the regional scale wherever
historical B&W aerial photography is available.
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Abstract

Irrigation infrastructure development for smallholder farmers in developing countries
increasingly gains attention in the light of domestic food security and poverty allevia-
tion. However, these complex landscapes with small cultivated plots pose a challenge
with regard to mapping and monitoring irrigated agriculture. This study presents an
object-based approach to map irrigated agriculture in an area in the Central Rift Val-
ley in Ethiopia using SPOT6 imagery. The study is a proof-of-concept that the use
of shape, texture, neighbour and location information next to spectral information is
beneficial for the classification of irrigated agriculture. The underlying assumption is
that the application of irrigation has a positive effect on crop growth throughout the
field, following the field's borders, which is detectable in an object-based approach.
The type of agricultural system was also mapped, distinguishing smallholder farming
and modern large-scale agriculture. Irrigated agriculture was mapped with an overall
accuracy of 94% and a kappa coefficient of 0.85. Producer's and user's accuracies were
on average 90.6% and 84.2% respectively. The distinction between smallholder farm-
ing and large-scale agriculture was identified with an overall accuracy of 95% and a
kappa coefficient of 0.88. The classifications were performed at the field level, since
the segmentation was able to adequately delineate individual fields. The additional use
of object features proved essential for the identification of cropland plots, irrigation
period and type of agricultural system. This method is independent of expert knowl-
edge on crop phenology and absolute spectral values. The proposed method is useful
for the assessment of spatio-temporal dynamics of irrigated (smallholder) agriculture
in complex landscapes and yields a basis for land and water managers on agricultural
water use.

Chapter based on:

Vogels, M. F. A., S. M. de Jong, G. Sterk, and E. A. Addink (2019). Mapping irrigated agriculture in complex
landscapes using SPOT6 imagery and object-based image analysis - A case study in the Central Rift Valley,
Ethiopia -. International Journal of Applied Earth Observation and Geoinformation, 75, 118-129.
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3.1 Introduction

Agriculture is currently responsible for about 70% of world’s freshwater withdrawals (WWAP,
2012). Agricultural water consumption will continue to rise as global population growth projec-
tions reveal an increase in food demand of 70% by 2050 (Bruinsma, 2009). Irrigated crop yield is
approximately 2.7 times higher than rainfed crop yield, hence irrigation will play an increasingly
important role in food production and food security (WWAP, 2012). Global irrigation-equipped
area increased from 170 million ha in 1970 to 304 million ha in 2008 (Bruinsma, 2009). For the
developing world opportunities are not fully exploited, e.g. only about 20% of Africa’s total
irrigation potential is currently utilized (WWAP, 2012).

Irrigation is the controlled application of water to land to enable or to enhance crop growth
in the absence of sufficient or timely rainfall (USGS, 2016b). Irrigation results in a different
crop phenology as compared to purely rainfed agriculture leading to different spatio-temporal
vegetation distributions (Thenkabail et al., 2005). In the landscape, irrigated agriculture can be
recognized by more active and more productive vegetation than can be supported by the direct
surroundings. Especially in (semi-)arid regions, at locations where the same crops are cultivated
with and without irrigation, an irrigated crop can readily be distinguished from non-irrigated
crops by pronounced differences in greenness and biomass (Thiruvengadachari, 1981). Besides, a
general landscape characteristic of agriculture is that crops are distributed in fields and that crop
management (irrigation) is applied to entire fields (field level). Irrigated fields are often part of
a larger irrigated area (irrigation scheme) and not scattered across the landscape. Furthermore,
the irrigated areas are located in the vicinity of water (resources) such as rivers, pumps, ponds,
reservoirs, or lakes.

Characteristic for agriculture in developing countries are the highly complex landscapes (Oz-
dogan et al., 2010). The small agricultural fields are dominantly cultivated by smallholder farm-
ers, i.e. the traditional farming system producing crops mainly for domestic purposes (Abate
et al., 2000). Often multiple crop types are grown either by intercropping or by mixed crop-
ping. Planting schedules fluctuate with the seasons and often follow the timing of the rainy
seasons. Smallholder irrigated agriculture mainly uses surface water as groundwater pumps are
expensive. Irrigation water is applied to crops mostly by furrow or flood irrigation in the absence
of mechanical techniques (USGS, 2016a).

International development policy focuses on smallholder agriculture to improve food security
at the domestic level by adopting smallholder irrigation development as the main strategy (Bur-
ney & Naylor, 2012; IAC, 2004; Tschirley, 2011; World Bank, 2008). Accurate information on
the extent of irrigation is essential for the assessment of the impact of irrigation on catchment
hydrology (Beilicci & Beilicci, 2016), for the management of water resources for food secu-
rity (Droogers & Aerts, 2005; Vörösmarty & Sahagain, 2000) and also for the assessment and
evaluation of national investments in irrigation infrastructure (FAO, 2011). Efforts to identify
smallholder irrigation (potential) in the developing world (e.g. Xie et al., 2014; You et al., 2011)
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are often too coarse for the complex agricultural landscape (Beekman et al., 2014). Previous irri-
gation studies mainly focus on areas with established irrigation infrastructure, thereby excluding
irrigation from other sources such as river and stream diversions or farm dams, characteristic for
the developing world (Abuzar et al., 2015). Consequently, the area under smallholder irrigation
is often underestimated (Beekman et al., 2014).

Over the last decades, remote sensing has developed as an advanced tool in monitoring irri-
gated lands for a variety of climatic settings (Ozdogan et al., 2010). Single-date imagery acquired
during the peak of the growing season (semi-arid regions) can hold sufficient information for
the classification of irrigated lands (Thiruvengadachari, 1981), although multi-temporal imagery
is preferred as it covers the different phenology stages of the crops (Ozdogan et al., 2010; Thenk-
abail et al., 2005). In many irrigation-assessment studies, the Normalized Difference Vegetation
Index (NDVI) is used to describe vegetation phenology, and expert knowledge is used to iden-
tify irrigated croplands (e.g. Ambika et al., 2016; Meier et al., 2018; Siddiqui et al., 2018). Hence,
irrigation-mapping methods are often site-specific and not easily transferable to other regions
and climates (Ozdogan et al., 2010). In complex landscapes with multiple irrigation periods and
multiple crop types with different planting schedules, the relation between NDVI and irrigation
is not straightforward (Ozdogan et al., 2010). The lack of accessible data further complicates the
identification of irrigated agriculture in developing countries.

Land-use and land-cover (LULC) information (including irrigated agriculture) is tradition-
ally derived using pixel-based image analysis (PBIA). For smallholder agriculture, very-high-
resolution (VHR) imagery offers the ideal resolution, but PBIA is less suitable for this resolution
as the within-class spectral variability is high and spectral confusion common (Blaschke et al.,
2014). A suitable approach for VHR imagery is GeographicObject-Based Image Analysis (GEO-
BIA). It uses object information on colour, tone, texture, pattern, shape, shadow, context and
size (i.e. structural parameters) to classify the images and is superior to a PBIA approach using
only spectral information (Blaschke et al., 2014). The use of objects is promising for irrigation
mapping in data-poor complex landscapes (Ozdogan et al., 2010). Generally, the application of
irrigation is at the field level and has a positive effect on the crop throughout the field following
the field’s borders. Therefore, the additional use of structural parameters in a GEOBIA approach
adds information for the discrimination of irrigated agriculture compared to a purely spectral
PBIA workflow. GEOBIA has been applied for smallholder cropland mapping (Lebourgeois
et al., 2017; Wickama et al., 2015) and to map the spatial distribution of crops within irrigation
systems (Conrad et al., 2010; Peña et al., 2014). However, GEOBIA applications for the purpose
of mapping irrigated agriculture itself, i.e. to map the distribution of fields with apparent access
to irrigation infrastructure are not reported in literature.

This study focuses on the proof-of-concept of mapping irrigated agriculture at the field level
in a complex landscape in Ethiopia using a GEOBIA approach. The case-study area encompasses
both traditional smallholder agriculture as well as a modern large-scale irrigation scheme. For
this reason, also a GEOBIAmapping approachwas conducted to discriminate between these two
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types of agricultural systems. GEOBIA is thought to be an appropriate approach as spectral prop-
erties of vegetation are not unique for different (management) types and scales of the agricultural
system, and additional information on structural parameters is required. The main objectives of
this study were: 1) to evaluate an object-based field-level approach to map the spatio-temporal
distribution of irrigated agriculture, 2) to evaluate GEOBIA for the discrimination of traditional
smallholder and modern large-scale agriculture.

3.2 Study site, data and methods

3.2.1 Data collection and preparation

Site description

The study area (669 km2) is located in the Awash River basin, Rift Valley Ethiopia, 130 km east
of the capital Addis Ababa (Figure 3.1). The area experiences a semi-arid climate with a mean
annual rainfall of 543 mm, of which on average 70% is lost by evapotranspiration (Taddese et al.,
2010). There are two distinct seasons: 1) the wet season running from May to August, and 2)
the dry season, in which irrigation is predominantly applied, starting in September/October
and ending with the first rains in March. Irrigation developments in Ethiopia mostly occur in
the Awash River basin, which serves more than five million farmers (Dejen, 2014). This study
covered two irrigation schemes (Figure 3.1): 1) the Metahara irrigation scheme, a modern large-
scale agricultural system with a field size in the order of 10-15 ha, which was started in 1965 by
the Dutch company, Handels Vereniging Amsterdam, and currently encompasses 11,500 ha of
sugarcane, and 2) the Golgota irrigation scheme, which has a size of 600 ha and is managed by
the community serving smallholder farmers (Dejen, 2014). The water source for both irrigation
schemes is the Awash River. Average landholder size is 1.2 ha per farmer in the Golgota scheme,
and furrow irrigation, i.e. leading water by gravity through parallel channels along the field
length, is most commonly practiced here. TheMetahara scheme consists of a network of earthen
open canals where water is diverted from two inlets from the Awash River and distributed via
secondary and tertiary channels. The major crops in the Golgota scheme are onion, tomato,
maize and cabbage. The length of the cropping cycles for the crops in the study area is between
75 days and 720 days (FAO, 2010).

SPOT6 imagery

Three SPOT6 images were obtained for the dry season of 2013-2014: 8November 2013 (Novem-
ber or Nov), 4 December 2013 (December or Dec) and 1 February 2014 (February or Feb).
These images were selected based on availability in the SPOT database. SPOT6 imagery has
a spatial resolution of 6 m (pan-band 1.5 m) and has four spectral bands, namely blue (450 -
520 nm), green (530 - 590 nm), red (625 - 695 nm) and near-infrared (NIR) (760 - 890 nm).
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Figure 3.1: A: study area outline showing the Metahara irrigation scheme in the north-east and the Golgota irrigation
scheme in the south-west on a SPOT6 image (RGB: NIR, red, green). B: subset of the study area (RGB: NIR, red, green)
highlighting the difference between modern large-scale agriculture (corners north-east and south-west) and traditional
smallholder agriculture in the center of the image.

These images were pansharpened using the Gram-Smith pansharpening algorithm (cubic con-
volution), which was followed by a conversion to Top-Of-Atmosphere reflectance. The NDVI
was calculated for each of the three images. The focus of this study was to capture crop changes
at the field level, i.e. to delineate similarities in spatio-temporal spectral behaviour associated
with the application of irrigation. For this purpose, two NDVI change maps were derived by
subtracting the NDVI values of the image acquisition moment from the values in the next mo-
ment; NDVI December-November (period 1 or p1) and NDVI February-December (period 2
or p2).

3.2.2 Image segmentation

An essential step in the GEOBIA approach is a successful image segmentation representing the
desired scene objects, which are in this study the individual fields (Figure 3.2). The segmenta-
tion is driven by a heterogeneity threshold (scale parameter), which is composed of a spectral
and a shape component and can be determined by the user (Benz et al., 2004). This study as-
sumed that generally, the application of irrigation is at the field level and has a positive effect
on the crop throughout the field. Therefore, objects are created on the basis of similarities in
vegetation behaviour (NDVI change), and the segmentation involved a change-based grouping
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NDVI change (Dec-Nov, Feb-Dec) & NDVI (Nov, Dec, Feb) SPOT6 imagery

Objects with derived variables (Appendix A)
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Figure 3.2: Flow diagram of the GEOBIA approach of mapping irrigated agriculture and type of agriculture.

of pixels dominantly driven by the two NDVI-change maps. The three static NDVI maps (Nov,
Dec, Feb) were added to the segmentation (lower weight: 25% each), which is desired to obtain
an adequate delineation of all individual fields as it can occur that some fields show no change.
Multi-resolution segmentation (Baatz & Schäpe, 2000) followed by a spectral-difference merge
was applied to obtain objects of different sizes, i.e. modern large-scale agricultural fields and
traditional smallholder agricultural plots. This segmentation was executed in eCognition® De-
veloper software (Trimble, 2017) and the parameters were visually optimized with a focus on the
smallholder agricultural fields. For the multi-resolution segmentation, a heterogeneity thresh-
old of 150, a shape of 0.9, and a compactness of 0.5 was used. This was followed by a spectral
difference merge where the maximum spectral difference was set at 50.

3.2.3 Image classification

Training and validation data

Visual interpretation of imagery is by far the most accurate, but also the most time-consuming
approach as compared to (semi-)automated classification algorithms (Ozdogan et al., 2010). Es-
pecially for very high-resolution (VHR) imagery it is appropriate to perform a visual validation
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of the classification result (Blaschke et al., 2014). In this study 3000 objects were randomly se-
lected to create a training and validation set for the classification. These objects were thematically
labeled by visual interpretation as: 1) cropland irrigated in period 1 and period 2 (447 objects),
2) cropland irrigated in period 1 (189 objects), 3) cropland irrigated in period 2 (189 objects),
4) non-irrigated cropland (320 objects), 5) other LULC (1491 objects). Cropland irrigated in
period 1 and/or period 2 is here defined as an observed greening of the vegetation or the pres-
ence of a consistent high vegetation cover in these periods. Duration and timing of irrigation
is unknown. The cropland objects were also labeled for type of agriculture, either traditional
smallholder (596 objects) or modern large-scale agriculture (549 objects). The material for this
visual interpretation comprised the three pan-sharpened SPOT6 satellite images in a false-colour
setting highlighting vegetation, a layer stack of the three NDVI images, which showed the tem-
poral behaviour of vegetation, and ancillary information from World Imagery (ArcMap) and
Google Maps (ESRI, 2017; Google Maps, 2017). If multiple land-cover types were present, the
dominant land cover (>75%) was chosen to label the object. Three situations could occur to dis-
card an object: 1) either its class could not be identified (0.3%), 2) it did not contain a dominant
land cover (8.9%, or 3) land cover was obscured by clouds (2.9%). LULC and irrigation period
could be identified for 88% of the objects. The final dataset comprised 2636 objects, which were
equally split per class in training (1316 objects) and validation (1320 objects).

Object-based image classification using the Random-Forest classifier

For the classification, 17 spectral variables, 8 shape variables, 22 texture variables, 8 neighbour
variables and 2 location variables (x and y coordinate) were derived for each object (57 variables
in total, Table A.1). The Random-Forest algorithm was used for the classification, which is a
statistical classifier (Breiman, 2001). This machine-learning algorithm uses multiple decision
trees to create a statistical model based on sample training information and uses a majority vote
for the prediction (Liaw & Wiener, 2002). Random Forests are increasingly used in land-cover
classifications of multi-spectral and hyper-spectral satellite imagery (Rodriguez-Galiano et al.,
2012b). The advantage of a Random Forest over other classifiers is that it easily handles differ-
ent data types and does not require a statistically normal distribution of the dataset. Another
advantage is that the Random-Forest algorithm computes variable importance showing which
variables are considered important for discriminating LULC classes (Rodriguez-Galiano et al.,
2012b). This importance is expressed by the Mean Decrease in Accuracy, defined as the drop
in accuracy when leaving out the variable (Breiman, 2001). The Random Forests in this study
were created using the ‘randomForest’ package available in the R software environment (Liaw
& Wiener, 2002; R Development Core Team, 2017). The Random Forests were created using
the 1316 training objects and their 57 independent variables. Irrigated agriculture was mapped
using a two-step classification. Firstly, a Random Forest was created to classify the objects as
either cropland or other LULC. Secondly, the objects classified as cropland were assigned to the
different irrigation periods by a second Random Forest. Additionally, a Random Forest was built
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to allocate cropland objects into traditional smallholder or modern large-scale agriculture. The
final output consisted of two maps, one showing the spatial distribution of irrigated agriculture
with the period of irrigation and the other showing the spatial distribution of smallholder and
large-scale agriculture.

Validation and performance of the classifications

Confusion matrices were computed for the classifications using the validation set (remaining
1320 objects). Overall accuracy, producer’s accuracy, user’s accuracy and the kappa coefficient
were calculated. These classification parameters range between 0% (no match) to 100% (com-
plete match) and are widely used to evaluate land-use classification performances in remote sens-
ing (Lillesand et al., 2008). Accuracy results were expressed in hectares (i.e. corrected for object
size).

3.3 Results

3.3.1 Delineation of landscape objects

The segmentation resulted in 42,469 objects with amean object size of 1.6 ha. Oversegmentation
occurred in the modern large-scale fields, i.e. multiple objects arose within larger fields (Figure
3.3: A and B), because the segmentation parameter set was optimized to maintain the per-field
characteristics of smallholder agriculture (Figure 3.3: C). The segmentation results show that
delineation on the basis of NDVI and NDVI change, produces objects that generally follow field
borders (Figure 3.3). In the drier areas, the field borders of traditional smallholder agriculture
show the lowest contrast with their surroundings, and objects do not always follow field borders.

A                                                          B                                                         C

Figure 3.3: Illustrations of the segmentation results on a SPOT6 image (RGB: NIR, red, green). A: modern large-scale agri-
culture. B: combination of traditional smallholder andmodern large-scale agriculture agriculture. C: traditional smallholder
agriculture.
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3.3.2 Classification of irrigated agriculture

Irrigated agriculture was mapped using a GEOBIA classification approach (Figure 3.4). Overall
accuracy and the kappa coefficient are 94% and 0.85 respectively (Table 3.1). GEOBIA shows
high user’s accuracies for every class with an average of 90.6% (range is 84-95%). The producer’s
accuracies are lower; on average 84.2% (range is 62-98%). 141 km2 was mapped to have received
irrigation water in either or both the first and second period as opposed to 52 km2 of cropland,
which received no irrigation in this time frame. Confusion is strongest between non-irrigated
cropland and other LULC. Confusion is also present between other LULC and irrigated crop-
land p1 & p2. Objects of oversegmented fields were generally classified as a single class, hence,
GEOBIA was able to identify irrigated agriculture at field level.

Table 3.1:Confusionmatrix (in hectares) and accuracy for theGEOBIA classification of irrigated agriculture. Abbreviations:
irr. cl. is irrigated cropland, acc. is accuracy, coef. is coefficient.

Confusion matrix Observed

Predicted Irr. cl. p1 & p2 Irr. cl. p1 Irr. cl. p2 Non-Irr. cl. Other LULC User’s acc. (%) Mean object size (m2) Total mapped area (km2)

Irr. cl. p1 & p2 296 2 2 0 17 94 12878 96
Irr. cl. p1 0 53 0 2 3 92 8062 24
Irr. cl. p2 7 0 56 0 1 88 6383 21
Non-Irr. cl. 0 12 1 145 15 84 9651 52
Other LULC 17 4 2 88 2312 95 20721 486

Producer’s acc. (%) 92 76 93 62 98
Overall acc. (%) 94
Kappa coef. 0.85

Legend
Irrigated cropland p1 & p2
Irrigated cropland p1
Irrigated cropland p2
Non-irrigated cropland
Other LULC0 4 82 Kilometers

¯

A

Legend
Irrigated cropland p1 & p2
Irrigated cropland p1
Irrigated cropland p2
Non-irrigated cropland
Other LULC
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Figure 3.4: A: classification of irrigated agriculture using GEOBIA and B: subset of this classification for a close-up illus-
tration.
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3.3.3 Mapping traditional smallholder andmodern large-scale agriculture using GEO-

BIA

In this classification, 120 km2 was classified as modern large-scale agriculture and 70 km2 as
traditional smallholder agriculture (Figure 3.5). The overall accuracy and kappa coefficient are
95% and 0.88 respectively with high accuracy values for both types of agriculture (Table 3.2).
Modern large-scale agriculture mostly consists of irrigated cropland p1 & p2 (Table 3.3). It also
has a much higher classified area in irrigated cropland p1 compared to traditional smallholder
agriculture. The types of agriculture have a more equal distribution for irrigated cropland p2.
Traditional smallholder agriculture mostly consists of non-irrigated cropland. Generally, mod-
ern large-scale agriculture can be found in two distinct clumped areas (northeast and southwest)
close to the Awash River. Traditional smallholder agriculture does not necessarily concentrate
alongside the Awash River, since most of its mapped area is non-irrigated cropland. The mean
object size of modern large-scale agriculture is 2.7 times the size of the mean object size of tra-
ditional smallholder agriculture. Note that this is not equal to the average difference in field size
as fields can consist of multiple objects as a result of the segmentation.

Table 3.2: Confusion matrix (in hectares) and accuracy for the GEOBIA classification of type of agricultural system; tradi-
tional smallholder and modern large-scale agriculture. Abbreviations: acc. is accuracy, coef. is coefficient.

Confusion matrix Observed

Predicted Traditional smallholder agriculture Modern large-scale agriculture User’s acc. (%)

Traditional smallholder agriculture 354 12 97
Modern large-scale agriculture 19 189 91

Producer’s acc. (%) 95 94
Overall acc. (%) 95
Kappa coef. 0.88

Table 3.3:Mapped area and mean object size per (irrigated) agricultural class for traditional smallholder and modern large-
scale agriculture.

Class Type Mapped area (km2) Mean object size (m2)

Irrigated cropland p1 & p2 Traditional 6 4623
Modern 89 14780

Irrigated cropland p1 Traditional 8 4478
Modern 15 14083

Irrigated cropland p2 Traditional 12 4554
Modern 9 13299

Non-Irrigated cropland Traditional 44 8946
Modern 7 18269
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Figure 3.5: Classification of traditional smallholder agriculture and modern large-scale agriculture using a GEOBIA ap-
proach.

As expected, irrigation leads to high or increased NDVI values, while the values decrease
when irrigation is absent (Figure 3.6). Irrigated cropland p1 and irrigated cropland p2 show
an increase in NDVI for their respective periods. Continuously irrigated crops show a slight
decrease in NDVI in the second period, however, the NDVI is continously high and shows
little variation over time. The non-irrigated cropland class is characterized by a decrease in
NDVI over time. The other LULC class shows a less sharp decline in NDVI over time, which
can be expected because healthy natural vegetation is also incorporated in other LULC. For
non-irrigated cropland, the difference between modern large-scale agriculture (steep decline)
and traditional smallholder agriculture (gentle decline) is pronounced. This gentle decline for
traditional smallholder agriculture is probably related to reduced soil-water availability for the
growing crop or weeds covering the field after harvest. In modern large-scale agriculture, the
crop often has been harvested and the field is plowed showing bare soil or mulch.

3.3.4 Variable importance in the Random-Forest classifications

The Random Forest used 57 variables, which vary in importance for the classification process
(Table 3.4 and Figure A.1, Figure A.2, Figure A.3). The discrimination between cropland and
other LULC is driven by a mix of spectral, shape and texture variables. Classification of the
period of irrigation relies heavily on spectral variables and to a lesser extent on neighbour vari-
ables. The NDVI change appears to be important for the identification of cropland as well as
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Figure 3.6:NDVI over time per class. On the Y-axis average NDVI derived from the objects. Abbreviations: M is modern
large-scale agriculture, T is traditional smallholder agriculture, t1 is Nov, t2 is Dec, t3 is Feb.

Table 3.4: Top 10 variable importance, ranging from 1 (most important) to 10 (less important). They are categorized by
type of variable: spectral (⋆), shape (▹), texture (⊖), neighbour (•), location (◦). Abbreviations: ch. is change, GLCM is
gray-level co-occurrence matrix (Haralick et al., 1973), corr. is correlation, con. is contrast, DN is difference to neighbours,
ang. is angular second momentum, ent. is entropy, hom. is homogeneity. For complete overview of variable importance
in the Random Forests and associated importance values see Figure A.1, Figure A.2, Figure A.3.

Importance Cropland - other LULC Irrigation period Modern or traditional agriculture

1. ⋆ Mean NDVI ch. p1 ⋆ Mean NDVI Feb ⊖ GLCM ang. NDVI ch. p2
2. ▹ Shape index ⋆ Mean NDVI ch. p2 ⊖ GLCM ent. NDVI ch. p2
3. ▹ Border index ⋆ Mean NDVI Dec ◦ X-location
4. ⋆ Mean NDVI ch. p2 ⋆ Mean red Feb ⊖ GLCM ent. NDVI ch. p1
5. ⋆ Mean NDVI Feb ⋆ Mean NDVI ch. p2 ⊖ GLCM ang. NDVI ch. p1
6. ⊖ GLCM corr. NDVI ch. p2 ⋆ Mean NIR Dec ▹ Border length
7. ⋆ Mean NDVI Dec ⋆ Mean blue 1 Feb ⊖ GLCM hom. NDVI ch. p2
8. ⊖ GLCM corr. NDVI ch. p1 • Mean DN NDVI ch. p2 ⋆ Mean red Feb
9. ⋆ Mean red Feb ⋆ Mean red Dec ⋆ Mean blue Feb
10. ⊖ GLCM con. NDVI ch. p2 ⋆ Mean NIR Feb ▹ Area

determining the period of irrigation. The identification of the type of agriculture relies heavily
on texture, shape and location, i.e. object features describing non-spectral characteristics allow
for the distinction of type of agricultural system.

3.4 Discussion

GEOBIA studies successfully identified agricultural cropland area in smallholder-dominated
complex landscapes (Lebourgeois et al., 2017; McCarty et al., 2017; Neigh et al., 2018; Wickama
et al., 2015). This study expands on that by identifying irrigated agriculture using a GEO-
BIA approach as irrigated croplands have characteristic information contained in shape, texture,
neighbour and location variables in addition to spectral behaviour. The results show that shape
and texture information were essential for the identification of croplands. Spectral information
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was then dominantly used to identify the period of irrigation.

Ideally, the optimal parameter setting is the setting where over- and undersegmentation are
balanced (Möller et al., 2007). It was not possible to delineate both the traditional smallholder and
modern large-scale fields exactly at their field borders. Oversegmentation generally occurred in
the larger fields, which allowed for the mapping of within-field variation. However, these fields
were generally classified as a single class per field. Confusion occurred between other LULC
and non-irrigated cropland. A large part of the other LULC in the area is relatively bare with
sparse vegetation, which is spectrally similar to non-irrigated crops. The confusion between
other LULC and irrigated cropland p1 & p2 is a result of the spectral similarities between a con-
stantly irrigated cropland plot and continuously green natural vegetation. The segmentation of
the images into objects using NDVI and NDVI-change information and subsequent classifica-
tion showed that changes in crops occurred at field level. This illustrates that by means of the
segmentation using NDVI and NVDI change, GEOBIA is able to grasp irrigated agriculture at
its management level, which is important as policy and management is developed and applied at
the field level. Overall, high accuracy statistics were achieved following this procedure, which
illustrates its potential for monitoring the spatio-temporal patterns of irrigation scheduling for
agriculture in these complex landscapes.

Agricultural policy makers focus on the identification of existing smallholder irrigation (po-
tential), which is often clouded by the misconception that smallholder irrigation does not exist
and should be developed (Beekman et al., 2014). GEOBIA proved to be able to distinguish the
smallholder fields and to determine whether they are irrigated, thus have access to water re-
sources. A combination of shape, texture, location and spectral variables was necessary to make
that distinction. Interestingly, the area of an object (size of the field) is not the single-most im-
portant variable for the discrimination of type of agriculture, which might be related to the
oversegmentation of the modern large-scale fields. Location in the landscape is another impor-
tant variable as the different agricultural types tend to cluster in the landscape rather than appear
scattered across the landscape. Texture is the most important variable, which is likely related to
the intercropping or mixed cropping systems in smallholder agriculture versus the monocrop-
ping system generally in place in modern large-scale agriculture. Although, these differences
in management are also reflected in spectral variables, they are insufficient for the distinction of
smallholder versus modern large-scale agriculture. The identification of smallholder agriculture
is useful for monitoring the benefits or failures of irrigation investments. In general, irrigation
schemes administered by smallholder farms in Ethiopia are poorly managed, and irrigation wa-
ter is used inefficiently due to a lack of understanding of on-farm water management (Derib
et al., 2011; Van Halsema et al., 2011). Over-irrigation is a commonly occurring phenomenon,
which leads to conflicts in water-stressed areas downstream (Haileslassie et al., 2016). The GEO-
BIA approach presented here illustrates that the where and when of irrigation in both modern
large-scale and smallholder agricultural areas can be identified and monitored at the field level.

This study showed high potential of a GEOBIA approach to map irrigated agriculture in a
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complex landscape in Ethiopia. The environmental settings of many other (irrigated) agricul-
tural areas in the world show similar complexity and are a challenge for remote-sensing applica-
tions (Asgarian et al., 2016; Jin et al., 2016). Irrigation-mapping methods are not easily transfer-
able to other locations and climates, because the spectral signatures of irrigated agriculture differ
and are not necessarily unique (Ozdogan et al., 2010). In general, the effect of irrigation on a
field has a positive impact on crop growth, showing a change throughout the field. Also, irri-
gated fields are generally in the vicinity of other irrigated fields. This GEOBIA approach shows
that the combination of spectral and structural parameters yields valuable information to map ir-
rigated agriculture. The signature, expressed in spectral change, shape, texture, neighbour and
location variables, is characteristic for irrigated agriculture, and hence the transferability of the
method to other regions is more straightforward compared to a classification only on pixel-based
spectral behavior. This study does not require ground truth acquired in the field, as the training
and validation data can be created from the imagery, which makes the method easily portable to
other remote regions. This is especially valuable for data-poor regions in the developing world,
where policy makers and water managers are frustrated by the absence of information on ac-
tual irrigation-water applications (Droogers et al., 2010). Also, future developments in publicly-
available remote sensing products (e.g. Sentinel-2) are promising for these regions. The mean
object size for smallholder croplands in this study is equivalent to 46 Sentinel-2 pixels as opposed
to 5 Landsat pixels, which also makes ground-truthing from this finer imagery more appealing.
The 5-day revisit time of Sentinel-2 also enhances the ability to capture the temporal dynamics
of irrigated agriculture, which as shown in this study, varies considerably. The spatio-temporal
resolution will increasingly match the complexity of the landscapes in these settings enabling
the continuous monitoring of smallholder irrigated agriculture.

3.5 Conclusions

This study presents a GEOBIA approach in mapping irrigated agriculture in complex landscapes.
The segmentation of NDVI and NDVI-change maps produced image objects matching individ-
ual agricultural fields. Results show that it is possible to map irrigated agriculture and irrigation
period with an accuracy of 94% using a GEOBIA approach with high values for the kappa
coefficient (0.84), producer’s (62-98%) and user’s accuracy (84-95%). Spectral, shape, texture
and neighbour variables are essential in the classification of irrigated agriculture. Furthermore,
GEOBIA allowed for the characterization of the agricultural system, i.e. traditional smallholder
farming versus modern large-scale agriculture, with an overall accuracy of 95% using spectral,
shape, texture and location variables.

This method is a valuable tool in assessing the spatio-temporal dynamics of irrigated agri-
culture in complex landscapes, especially with the increased attention on food security and wa-
ter availability in the developing world. It will help to identify areas of sub-optimal irrigation
schemes and can form a basis to optimize water use for crops in smallholder irrigation and large-
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scale irrigation schemes.
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4
Spatio-temporal patterns of irrigated agriculture in the Horn of
Africa

Abstract

Irrigated agriculture practiced by smallholders is essential for food security in East
Africa. Insight in the spatio-temporal distribution of irrigated agriculture is required to
optimize irrigation water use. Irrigation-mapping efforts in the complex smallholder-
dominated agricultural landscape in the Horn of Africa so far are generally too coarse
and often the extent of smallholder irrigated agriculture is underestimated. The arrival
of Sentinel-2 (10-m resolution) considerably enhanced the prospect of analyzing agri-
culture at field level. The objective of this study is to demonstrate the feasibility to map
spatio-temporal patterns of smallholder irrigated agriculture in the Horn of Africa us-
ing a novel method based on object-based image analysis and Sentinel-2 imagery. The
method includes segmentation at field level and smart process-based rules on neigh-
bouring objects and NDVI time series to distinguish irrigated agriculture from rainfed
agriculture. The assumption is that irrigation is applied at field level, while a rainfall
event is not restricted to field borders and that this information on the local context
of irrigated agriculture can be exploited in an object-based approach. Monthly land-
use maps on irrigated agriculture were produced for September 2016 to August 2017
at 10-m resolution field level (objects). Three different spatial-heterogeneity thresh-
olds were used to describe the vegetation development of neighbouring objects and to
assign crop growth to either rainfall or irrigation. This method is unique as it can dis-
criminate irrigation- and rainfall-induced crop growth, even in the rainy season. The
estimates of irrigated agriculture in the Horn of Africa range from 27.96 Mha to 37.13
Mha. This is 2.8 to 3.7 times higher than the current highest estimate, the Global
Irrigated Area Map at 1000 m resolution, and 1.2 to 1.7 times higher than the Irri-
gated Area Map Asia (2000 - 2010) and Africa (2010) when including water-managed
non-irrigated croplands. For the dry season (October – March), the estimates of ir-
rigated agriculture range from 17.67 Mha to 23.72 Mha. The irrigation frequency,
the number of time steps (months) with irrigation events in the studied year, varies
strongly. Irrigated area with an irrigation frequency of 1 to 2 events has a mapped
surface area of 22.57 Mha to 23.13 Mha. Irrigated area with an irrigation frequency of
3 or more events has a mapped surface area of 4.83 Mha to 14.56 Mha. The produced
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maps will provide valuable information for the development of irrigated agriculture
and optimization of irrigation water use in the Horn of Africa. In addition, the porta-
bility of this method to other (semi-)arid regions seems feasible as the local context of
irrigated agriculture, used in this study for irrigation classification, describes universal
characteristics regarding irrigated agriculture. This is especially valuable in the con-
text of food security and water availability for other large data-poor regions in low-
and middle-income countries.

Chapter based on:

Vogels, M. F. A., S. M. de Jong, G. Sterk, Douma, H., and E. A. Addink (2019). Spatio-temporal patterns of
smallholder irrigated agriculture in the Horn of Africa using GEOBIA and Sentinel-2 imagery. Remote Sensing,
11, 1-20.
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4.1 Introduction

The Horn of Africa is prone to extreme drought events and is known as one of the most food
insecure regions of the world (Pricope et al., 2013; Sidahmed, 2018). The severity and frequency
of these droughts is increasing (FAO, 2017). Rainfall and temperature variations directly influ-
ence food production, since it is dominantly locally derived at the domestic level (Funk & Brown,
2009). Climate change is anticipated to increase the frequency and duration of crop water stress
and food insecurity (Thornton et al., 2009). Predictions for the Horn of Africa show a decrease
of 30% in food availability per capita by 2030 following projections of agricultural productivity,
climate change and population density (Funk & Brown, 2009).

Agriculture in the Horn of Africa is dominated by traditional smallholder farming (Salami
et al., 2010), which is mainly rainfall dependent (Rockström, 2000). Characteristic are the highly
complex landscapes with small agricultural plots (∼<1ha) (Abate et al., 2000; Salami et al., 2010),
where crops are cultivated mainly for domestic purposes (Funk & Brown, 2009). Often some
form of intercropping is practised (Abate et al., 2000) and cropping schedules follow the timing of
the rainy seasons (Hansen et al., 2011). Rainfall is frequently insufficient for the crops and full or
partial irrigation is required (Oya et al., 2012). Smallholder irrigation is managed individually
or by the community (Lebdi, 2016). Surface-water irrigation is more common compared to
groundwater irrigation (Lebdi, 2016) and generally river diversions are placed to irrigate fields
by furrow or flood irrigation (USGS, 2016a).

Irrigated agriculture for smallholder farmers in low- and middle-income countries is key to
achieve domestic food security (FAO, 2004). Current international development policy aims to
improve food security at the domestic level, with smallholder irrigation development playing a
pivotal role (Burney & Naylor, 2012; IAC, 2004; Tschirley, 2011; World Bank, 2008). Identifica-
tion of existing smallholder irrigation as well as potential areas for new irrigation development
often forms the basis in policy frameworks (Beekman et al., 2014). Available regional and global
datasets on irrigated agriculture covering the Horn of Africa, such as the Irrigated Area Map
Asia (2000 - 2010) and Africa (2010) (250-m resolution, Siddiqui et al., 2018), the Global Map
of Irrigation Areas (10-km resolution, Siebert et al., 2013) or the Global Irrigated Area Map
(1-km resolution, Thenkabail et al., 2009), are too coarse to adequately identify smallholder ir-
rigation. Generally, the area with smallholder irrigation practices is underestimated (Beekman
et al., 2014).

Remote sensing is widely used to map cropland, and, to a lesser extent, irrigated croplands
(Bégué et al., 2018). Commonly, irrigated agriculture is identified using pixel-based approaches,
preferably with multi-temporal information on greenness of which the Normalized Difference
Vegetation Index (NDVI) is most often used (Bégué et al., 2018; Ozdogan et al., 2010). Irri-
gated agriculture is a highly dynamic land-use type due to different irrigation techniques and
the spatio-temporal scheduling of irrigation, which makes it difficult to map (Bégué et al., 2018).
Generally, irrigation mapping is performed at the local scale requiring local knowledge on ir-
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rigation practices and is highly dependent on ground data (Bégué et al., 2018). In data-poor
complex landscapes, with small cultivated plots, inter- and mixed cropping and shifts in plant-
ing schedules, it is difficult to retrieve this information and identify unique spectral signatures
of irrigated agriculture (Ozdogan et al., 2010). Accordingly, smallholder-irrigation mapping
in such landscapes on a large scale remains a challenge as higher spatial resolution, large train-
ing datasets and hardware capabilities are required (Bégué et al., 2018). Higher spatial resolution
improves the identification of irrigated agriculture, which is especially valuable in small and frag-
mented agricultural areas (Velpuri et al., 2009). High-resolution imagery is provided through
Sentinel-2, which currently provides the highest spatial resolution (10 m) among open-source
sensors, with a five-day revisit time. The spatial resolution is a considerable improvement for
the agricultural landscapes in the Horn of Africa, i.e. the average field size of 1 ha consists of
100 Sentinel-2 pixels as opposed to 11 Landsat-8 pixels. However, higher spatial resolution also
increases the within-class spectral variability and enhances spectral confusion (Blaschke et al.,
2014). Geographic Object-Based Image Analysis (GEOBIA) interprets contiguous groups of
pixels (objects), which are merged on the basis of spectral similarities. This approach is less sen-
sitive to spectral confusion and is superior to pixel-based approaches as it uses the full structural
parameters of an image, i.e. it incorporates information on colour, tone, texture, pattern, shape,
shadow, context, and size (Blaschke et al., 2014). Examples of existing GEOBIA applications on
agriculture using Sentinel-2 imagery involve the identification of cropland area (Xiong et al.,
2017b), the classification of crop type (Lebourgeois et al., 2017), or the assessment of crop pro-
duction (Lambert et al., 2018). In complex landscapes, a GEOBIA approach is most beneficial to
identify smallholder irrigated agriculture (Bégué et al., 2018; Vogels et al., 2019).

The aim of this study is to demonstrate a novel approach on mapping irrigated agriculture.
It is a feasibility study to map spatio-temporal patterns of irrigated agriculture in the Horn of
Africa using GEOBIA and time series of Sentinel-2 imagery. Validation of cropland mapping is
possible by visual interpretation. However, a rigorous validation on the spatio-temporal patterns
of irrigated agriculture is not possible as ground truth on the temporal dynamics of (smallholder)
irrigation is unavailable and difficult to acquire. The classification of irrigated agriculture fully
relies on a knowledge-based GEOBIA processing chain. The GEOBIA workflow translates
knowledge on the local context of irrigated agriculture to a process-based ruleset and gives
an indication of the extent of smallholder irrigation over large areas purely based on remote
sensing. The applicability and feasibility of this method is evaluated in the discussion. The
research questions of this study area: 1) what is the extent of irrigated agriculture in the Horn
of Africa following this method, 2) what are the temporal dynamics of irrigated agriculture in
the Horn of Africa, 3) what is the frequency of irrigation events in the Horn of Africa, 4) what
is the value and applicability of the developed methodology.
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4.2 Data and methods

This studymapped irrigated agriculture in theHorn of Africa (Djibouti, Eritrea, Ethiopia, Soma-
lia and in this study it also includes Kenya) on a monthly base. Vegetation-phenology changes
per month were considered over a period of one year starting in September 2016 and ending in
August 2017 using 10-m Sentinel-2 imagery (Figure 4.1).

This study assumes that irrigated agriculture can be distinguished from rainfed agriculture.
In (semi-)arid environments, plant growth is limited by water availability. When water is ap-
plied, either through rainfall or irrigation, vegetation growth is activated. Especially in (semi-
)arid environments NDVI values strongly reflects water availability (Al-Bakri & Suleiman, 2004).
Whether an increased NDVI value for a cropland results from rainfall or irrigation is determined
using differences in the spatial scale of both water sources. While the application of irrigation is
generally at the field level, rainfall-induced vegetation changes are not restricted to field borders
and will affect larger, contiguous areas. Hence, this study determines whether observed crop
growth in a cropland field stems from irrigation or rainfall by studying vegetation development
in the nearby cropland objects, i.e. the local context. If these neighbours all show vegetation
growth, i.e. a spatially homogeneous response, it is assumed to be the result of rainfall. If some
of the neighbours show vegetation growth and others vegetation decline, vegetation growth is
assumed to be a result of irrigation.

The definition of cropland in this study encompasses all crops in all phenology stages (includ-
ing harvested, thus bare soil), which are cultivated at field level, i.e. field boundaries are distinctly
present. Irrigated agriculture is defined as fields artificially receiving water to compensate for
precipitation shortages (Ozdogan et al., 2010). The time span studied here was characterised by
a severe drought as rainfall was below average in this period (FEWSNET, 2017).

For processing purposes the Horn of Africa was divided into 302 sectors of 100x100 km2 each.

4.2.1 Data collection and preprocessing through the Google Earth Engine

Two type of products were derived from Sentinel-2 Top-Of-Atmosphere reflectance in the
Google Earth Engine (Google Earth Engine Team, 2017). Firstly, a mosaic of images was created.
All available images between October 2016 and March 2017 (9065 images), which captures most
of the dry season for the Horn of Africa (Nicholson, 2017), were sorted by the image-associated
‘cloudy pixel percentage’. Then images with the lowest-cloud percentagewere selected resulting
in amosaic of best-cloud-free images (10m: blue, green, red, NIR) for this period for theHorn of
Africa. Secondly, monthly (September 2016 to August 2017) NDVI composites were computed
by selecting the NDVI associated with the least-cloudy pixel from the Sentinel-2 collection in
each month. This cloud-score calculation is an adaptation to the Landsat ‘Simple Cloud Score’
algorithm available in the Google Earth Engine library. The remaining clouds, i.e. where no
cloud-free pixel was available during that month, were identified by visually selecting ‘cloud’
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Figure 4.1: Workflow of the GEOBIA approach of mapping irrigated agriculture in the Horn of Africa.

clusters following a clustering procedure (k-means). Based on this, monthly cloud masks were
generated. The output from the Google Earth Engine then comprised: 1) one mosaic of best-
cloud-free images between October and March (hereafter referred to as dry-season mosaic),
which will be used for the segmentation to create the spatial units of interests (field level), and
2) 12 monthly NDVI composites containing best-cloud-free pixels or masked pixels (hereafter
referred to as NDVI composites), which are used to describe vegetation phenology for these
spatial units.

4.2.2 Workflow of mapping irrigated agriculture

Mapping monthly irrigated agriculture involved a segmentation step and two classification steps.
Segmentation was performed on the dry-season mosaic to obtain the delineation of fields. Next,
cropland objects were identified by a Random-Forest algorithm. Lastly, irrigated cropland was
classified on a monthly basis using process-based rules on NDVI time series and surrounding
fields.

Segmentation

An essential step in a GEOBIA approach is the segmentation of the image to represent the
desired landscape elements, which are in this case the agricultural fields. The segmentation
was conducted in eCognition® Developer software (Trimble, 2007). Here, a multi-resolution
segmentation (Baatz & Schäpe, 2000) followed by a spectral difference merge was performed
on the dry-season mosaic. The multi-resolution segmentation groups pixels on the basis of a
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heterogeneity threshold (scale parameter). The spectral-difference merge then merges objects
based on a maximum spectral-difference threshold. For the multi-resolution segmentation, a
heterogeneity threshold of 40, a shape parameter of 0.6, and a compactness parameter of 0.5 was
used. This was followed by a spectral-difference merge where the maximum spectral difference
was set at 50.

Training and validation data

A training and validation dataset were generated for the cropland classification. In the Horn of
Africa, modern large-scale agriculture with well-developed irrigation infrastructure is present
next to smallholder agriculture. As the appearance of both types differ strongly, both are ex-
plicitly included in the training and validation data to encompass all (irrigated) agriculture. Per
sector, three areas were selected for object interpretation: 1) dominantly traditional smallholder
croplands (0.5x0.5 km2), 2) dominantlymodern large-scale croplands (1.0x1.0 km2), and 3) other
land use and land cover (LULC) (1.0x1.0 km2). A total of 47,045 objects in these areas were vi-
sually labeled using the imagery in this study, World Imagery (ESRI, 2018) and Google maps
(Google Maps, 2018). An object was discarded if it did not contain a dominant LULC (∼<75%
coverage: 2049 objects) or if it could not be identified using the available data sources (669 ob-
jects). The selection of other LULC areas was purposely varied across sectors to represent all
kinds of non-agricultural LULC. For some sectors not all three categories were included, be-
cause: 1) they could not clearly be identified with the available resources, or 2) they had cloud
cover in the dry-season mosaic, or 3) they were absent (or unfound). Sectors with less than 20%
area in the spatial extent of the Horn of Africa were not included in this dataset. Ultimately,
9632 objects were labeled as cropland and 34,695 objects as other LULC.

Objects with incomplete NDVI time series, i.e. with 100% cloud cover in one or more of the
12 monthly NDVI composites, were excluded from training data and added to the validation
data (Table 4.1). Objects with complete NDVI time series were split 80% - 20% into training
and validation respectively.

Table 4.1: Overview of training and validation data.

Nr. of objects Cropland Other LULC

Training on objects with complete NDVI time series 5275 17473
Validation on objects with complete NDVI time series 1319 4368
Validation on objects with incomplete NDVI time series 3038 12854
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Cropland classification

The classification of cropland was performed by means of the Random-Forest algorithm. This
statistical classifier builds multiple decision trees based on training data, i.e. a labeled class and
associated variables (Breiman, 2001). LULC is then determined using a majority vote in the re-
sulting Random Forest (Liaw and Wiener, 2002). It additionally computes variable importance,
which is expressed by the Mean Decrease in Accuracy (Breiman, 2001). The Random Forest in
this study was computed using the ’randomForest’ package available in the R software environ-
ment (Liaw & Wiener, 2002; R Development Core Team, 2017) and was composed of 10,000
trees (other settings were set at default). Object variables were used as input for the classifica-
tion; 16 spectral variables (4 bands of the dry-season mosaic; blue, green, red, NIR and 12 times
monthly NDVI), 4 texture variables (standard deviation), and 9 shape variables (Table B.1). If
the monthly NDVI was missing due to the presence of clouds, a value was computed by linear
interpolation between months. The output is a map showing the spatial distribution of cropland
and other LULC for the Horn of Africa.

Validation was performed by applying the Random Forest on the two validation sets (unused
objects) and evaluating the outcome. The performance of the classification was expressed using
overall accuracy, producer’s accuracy, user’s accuracy, and the kappa coefficient, which range
from 0% (no match) to 100% (complete match). These are standard accuracy parameters for
LULC classifications (Lillesand et al., 2015).

Irrigation classification

Information on the local heterogeneity of NDVI development of neighbours was used to dis-
criminate between irrigation- and rainfall-induced crop growth. Field-level changes are ob-
served as a result of irrigation, while rainfall results in vegetation changes at a spatial extent
larger than the field. Thus, when a cropland shows crop growth (increase in NDVI) and all
neighbouring objects show similar NDVI development, it is assumed to be a rainfall-induced
crop growth (spatially homogeneous development). However, if the neighbouring objects show
different NDVI developments (spatially heterogeneous), then the observed crop growth in that
cropland occurred at field level and is regarded as irrigation-induced.

Crop growth was assessed per cropland object on a monthly basis (NDVI differences between
two months were assessed, e.g. between September and October) and were labeled as; crop
growth or no crop growth. For each cropland showing crop growth, the percentage of all
neighbouring objects in a radius of 5 km (cropland and other LULC) also showing vegetation
growth was determined. A radius of 5 km was set to assure sufficient neighbours were included
in each month. Non-vegetation objects were excluded (roads, water bodies, villages). Three
different maps were created based on this percentage; at least 15%, 25%, and 35% percent (spatial-
heterogeneity thresholds) of neighbouring objects should show no vegetation growth within
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the 5-km radius, to characterize the cropland growth of the cropland under consideration as an
irrigated cropland, else it was classified as a rainfed cropland. For example, for the 15% threshold;
at least 15% of the objects in a radius of 5 km should be labeled as no vegetation growth to
characterize the crop growth of the cropland under consideration as irrigation-induced. Higher
spatial-heterogeneity threshold values result in a smaller area of irrigated agriculture. Cropland
objects showing no crop growth were categorized as rainfed cropland for the specific months.
For a more detailed description of this process-based irrigation classification see Section B.1. For
croplands where monthly NDVI was absent due to the presence of clouds, irrigation status could
not be determined, and they were excluded from the analysis for those specific months (labeled
as no data). The output of this method then comprises three times eleven monthly land-use
maps showing the spatial distribution of rainfed and irrigated croplands.

The different applied spatial-heterogeneity thresholds describe different levels of heterogene-
ity required to flag croplands as irrigated and are assumed to give an indication of the range of
smallholder-irrigation extent using these process-based rules. Accordingly, the resulting maps
give a characterisation of the spatial-temporal distribution of smallholder irrigated agriculture in
the Horn of Africa. Validation of these maps was not possible due to the absence of ground truth.
There are a few known smallholder irrigation schemes from visual interpretation of the imagery
or from literature, although information on the temporal dynamics or frequency of irrigation
events is absent. Also, there is little to no data on agricultural areas, which are solely rainfed.
Consequently, determination of an optimal threshold is not possible at this point in time.

4.3 Results

4.3.1 Irrigation classification

Irrigated cropland was mapped for eleven (monthly) time steps and three spatial-heterogeneity
thresholds for one year (September 2016 to August 2017) using process-based rules on NDVI
and neighbourhood. Spatial-heterogeneity thresholds were applied to distinguish between ir-
rigated and rainfed agriculture. The different threshold values provide an indication of the
spatio-temporal range of irrigated agriculture in the Horn. The irrigation frequency (num-
ber of time steps with irrigation events) varies strongly, even locally (Figure 4.2). With higher
spatial-heterogeneity threshold values, fewer objects are classified as irrigated agriculture (Fig-
ure 4.3).
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Figure 4.2: Illustration of irrigation classification result (a) for a smallholder irrigation scheme near Koka Lake (Awash basin,
Rift Valley, Ethiopia) in which the monthly maps are summed to give the frequency of irrigation events at field level for one
year (min: 0, max: 11, spatial-heterogeneity threshold: 15%). A false-colour image (b) derived from the dry-season mosaic
(RGB: NIR, red, green) is shown as a reference image of the area and serves as black-and-white background in a. Center
coordinates: 8◦26.200′ N 39◦2.257′ E.
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(e) False-colour reference image

Figure 4.3: Illustration of irrigation classification results (blue: irrigated cropland, green: rainfed cropland) for a smallholder
irrigation scheme near Koka Lake (Awash basin, Rift Valley, Ethiopia) highlighting differences between months and spatial-
heterogeneity thresholds (a - d). A false-colour image (e) derived from the dry-season mosaic (RGB: NIR, red, green) is
shown as a reference image of the area and serves as black-and-white background in a - d. Center coordinates: 8◦26.200′
N 39◦2.257′ E.
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The temporal dynamics of irrigated area in the Horn of Africa show similar patterns for the
three maps (Figure 4.4). Irrigation occurs predominantly in April - May. Here, ∼30%, ∼23%,
and ∼17% of cropland is irrigated for respectively the 15%, 25%, and 35% thresholds. The
maximum irrigated area occurring in one month in the studied year ranges from 6.91 Mha (35%
threshold) to 12.39 Mha (15% threshold). All maps show the smallest irrigated area in January
- February (dry-season months). With decreasing rainfall at the start of the studied period, the
occurrence of irrigation also decreases, although there is a small increase in irrigation in October
- November and December - January periods for the 25% and 35% threshold maps. The steepest
increase of irrigated area for all thresholds occurs when rainfall increases again in February and
March. The high rainfall of May corresponds with a decrease in irrigated area.
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Figure 4.4: Temporal pattern of irrigated area in the Horn of Africa (a). Total monthly average rainfall (CHIRPS, Funk
et al., 2015) in the Horn is added with the first letter of the month used for annotation.

The irrigation frequency that the croplands in the Horn of Africa experience differ per thresh-
old (Figure 4.5). The 15% threshold shows a different pattern compared to the 25% and 35%
thresholds. The largest part of the irrigated area experiences two irrigation events for the 15%
threshold, while for the 25% and 35% thresholds, the largest part of the irrigated area experi-
ences only a single irrigation event. Total irrigated-cropland area in the studied year in the
Horn of Africa is 37.13 Mha, 32.87 Mha, and 27.96 Mha for respectively the 15%, 25%, and 35%
thresholds. Total irrigated-cropland area in the dry season (October - November to February -
March) in the Horn of Africa is 23.72 Mha, 20.75 Mha, and 17.67 Mha for respectively the 15%,
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25%, and 35% thresholds.
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Figure 4.5: Frequency of irrigation events for the entire studied year (min: 1, max: 11) in (a) and dry-season months
October - November to February - March (min: 1, max: 5) in (b).

4.3.2 Quality of the maps

Delineation of croplands

The segmentation parameters in this study were chosen such that agricultural fields were op-
timally delineated (Figure 4.6). This was quite challenging for such a large area, because de-
lineation optimization efforts resulted in improvements in some areas, but poor results in oth-
ers. Therefore, a simple segmentation ruleset was adopted (Section 4.2.2), which from visual
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interpretation seemed to work best throughout the Horn of Africa. The performance of the
segmentation for the Horn of Africa was not quantified. Generally, individual fields were de-
lineated best if the spectral difference to neighbouring fields was high. The segmentation was
performed on the dry-season mosaic, when contrast between rainfed agricultural fields is rela-
tively low, while irrigation will enhance contrast between fields, whether irrigated or rainfed.
Consequently, multiple rainfed fields were clumped into one object more often than irrigated
fields. Very small fields were generally included in a larger object, because the spatial resolution
(10 m) was insufficient.

Validation of cropland classification

Cropland classification was performed at object level (Figure 4.6). The classification relied pri-
marily on a combination of monthly NDVI variables, spectral variables and texture variables
(Figure B.2). Shape variables were not important for the classification. Accuracy statistics for
the cropland classification are high with an overall accuracy and kappa coefficient of 96% and
0.73 respectively with high user’s and producer’s accuracies for both classes (Table 4.2A). Accu-
racy statistics were calculated separately for a validation set with complete NDVI information for
the 12 months (Table 4.2B) and for a validation set with incomplete NDVI time series, which
uses interpolated NDVI values (Table 4.2C). Generally, more than 9 months of NDVI infor-
mation were available (Table B.2). The validation set on incomplete NDVI time series has a
much lower availability of monthly NDVI compared to the entire Horn of Africa, e.g. ∼90%
surface area of the Horn of Africa has eleven or twelve months of NDVI values compared to
74% of the surface area in this validation set. These performance statistics can therefore be con-
sidered as minimum performance. The validation set with interpolated NDVI values shows a
much lower performance and a distinct drop in user’s and producer’s accuracy for cropland is
observed. However, it should be noted that an NDVI value is obtained for an object as long as
at least one not-clouded pixel is available. Only if all pixels composing an object are masked in a
particular month, the object receives the no-data label for that month and an interpolated value
is used.
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Figure 4.6: An illustration of the segmentation result (a), which was carried out on the dry-season mosaic, and the cropland
(shown in green) classification (b). A false-colour image (c) derived from the dry-season mosaic (RGB: NIR, red, green) is
shown as a reference image of the area and serves as black-and-white background in a. Center coordinates: 8◦51.976′ N
39◦25.489′ E.
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Table 4.2: Confusion matrix (in hectares) and accuracy for the cropland classification. A: confusion matrix on all validation
data (complete and incomplete NDVI time series). B: confusion matrix on validation data with complete NDVI time series.
C: confusion matrix on validation data with incomplete NDVI time series and uses in one or more months interpolated
NDVI. Abbreviations: acc. is accuracy, coef. is coefficient.

A: All validation data Observed

Predicted Cropland Other LULC User’s acc. (%)

Cropland 4927.74 1426.61 78
Other LULC 1885.2 84945.24 98

Producer’s acc. (%) 72 98
Overall acc. (%) 96
Kappa coef. 0.73

B: Validation data complete NDVI time series Observed

Predicted Cropland Other LULC User’s acc. (%)

Cropland 2650.16 216.19 92
Other LULC 502.92 66120.04 99

Producer’s acc. (%) 84 100
Overall acc. (%) 99
Kappa coef. 0.88

C: Validation data incomplete NDVI time series Observed

Predicted Cropland Other LULC User’s acc. (%)

Cropland 2277.58 1210.42 65
Other LULC 1382.28 18825.2 93

Producer’s acc. (%) 62 94
Overall acc. (%) 89
Kappa coef. 0.57

4.4 Discussion

4.4.1 Comparison of irrigation maps with other products

The new methodology presented here results in monthly maps of irrigated agriculture at 10-m
resolution for the Horn of Africa from September 2016 to August 2017. The total mapped crop-
land area is 41.67 Mha, which equals ∼17% of the surface area. Table 4.3 shows an overview
of different land-use products covering the Horn of Africa. The cropland mapping result of
this study is in line with the most recent cropland mapping study at 30-m resolution (GF-
SAD30AFCE). There, ∼15% of the Horn of Africa was mapped as cropland.

Classification of irrigated agriculture using the process-based rules with different spatial-
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heterogeneity thresholds resulted in a range (between the 35% and 15% thresholds) of 27.96
- 37.13 Mha irrigated agriculture (Table 4.3). This study mapped the minimum number of ir-
rigation events as crop growth (subsequently irrigation mapping) can remain undetected as a
result of how the monthly NDVI composites are created (best cloud-free pixel) or could not be
calculated for a particular month as a result of cloud cover. The confusion matrix of the cropland
classification shows an underestimation (lower user’s accuracy) of cropland area and thus subse-
quently irrigated cropland. Existing estimates for irrigated agriculture in the Horn of Africa
are; 8.17 Mha (IAAA), 0.0004 Mha (Globcover2009), 9.93 MHa (GFSAD1000: GIAM), 0.95
Mha according to (GMIA), and 1.23 (AQUASTAT) (Table 4.3). If water-managed croplands
are included, the estimates from IAAA and AQUASTAT are 22.39 Mha and 2.33 Mha respec-
tively. A monthly specification of irrigated agriculture, like produced in this study, is absent for
all compared products.

The estimates of irrigated agriculture in this study are approximately 2.8 to 3.7 times larger
than the current highest estimate, the GIAM (1000-m spatial resolution), and 1.2 to 1.7 times
larger than the IAAA (250-m spatial resolution), when including water-managed non-irrigated
croplands. If only the dry-season months (October - November to February - March) were con-
sidered, the estimates of irrigated agriculture range from 17.7 Mha (35% threshold) to 23.72Mha
(15% threshold). The irrigation frequency, the number of time steps with an irrigation event,
varies. The irrigated area that experienced three or more irrigation events between September
2016 and August 2017 was 4.83 Mha (dry season: 1.06 Mha) for the 35% threshold and 14.56
Mha (dry season: 2.15 Mha) for the 15% threshold. Most of the irrigated area experienced only
one to two irrigation events (Table 4.3). The spatial patterns differ from other available maps, e.g.
Figure 4.7 depicts the IAAA at 250-m spatial resolution, which is the current highest-resolution
map on irrigated agriculture. Here, the differences in spatial resolution (10 m versus 250 m) as
well as the differences in the location of irrigated agriculture are striking. The differences in
spatial patterns are not surprising considering that cropland fields are generally below a hectare
in size (Abate et al., 2000), thus well below the detection limit of 250-m pixels. A study on
resolution-dependent irrigation mapping in India found that with higher spatial resolution a
higher estimate of irrigated area was achieved (Velpuri et al., 2009). Therefore, the higher spa-
tial resolution of the maps in this study compared to other sources was expected to lead to higher
estimates of irrigated agriculture and yield more realistic results.
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Table 4.3:Comparison of cropland and irrigated-cropland estimates for the Horn of Africa from this study (for the different
spatial-heterogeneity thresholds: 15%, 25%, 35%) with other available products. The results of the classification of monthly
irrigated agriculture were aggregated into different categories to facilitate comparison with available products without a
temporal specification. Firstly, the total area of cropland where at least one irrigation event was observed is given (irrigated
cropland all). This category is split into two parts (low and high frequency of irrigation events) to indicate the area that
experienced only one or two irrigation events and the area that experienced three or more irrigation events. These three
categories are specified for the entire year and the dry season (October - November to February - March). Some products
do not exist, which are denoted with ’-’. Some products were unavailable (not open source), which are denoted with ’not
available’. Abbreviations: GFSAD30AFCE is global food security support analysis data (Xiong et al., 2017b), GLC30 is
Global land cover mapping at 30-m resolution (Chen et al., 2015), GFSAD250 is global food security support-analysis data
(Xiong et al., 2017a), IAAA is Irrigated Area Map Asia (2000 - 2010) and Africa (2010) (Siddiqui et al., 2018), Globcover
is Globcover 2009 (Arino et al., 2007), GRIPC is Global rain-fed, irrigated, and paddy croplands (Salmon et al., 2015),
GFSAD1000 (GIAM) is Global Irrigated Area Map (Teluguntla et al., 2015; Thenkabail et al., 2009), GMIA is Global Map
of Irrigation Area’s (Siebert et al., 2013), AQUASTAT is FAO’s global water information system (FAO, 2016).

(Irrigated) cropland
products

Spatial
resolution
(m)

Cropland
(Mha)

Cropland as
percentage of
Horn of
Africa (%)

Irrigated cropland (Mha)

Irrigated cropland
(all) as percentage
of cropland area
in the Horn
of Africa (%)

all 1 - 2 3+

This study entire year 15% 10 41.67 16.77 37.13 22.57 14.56 89.1
This study entire year 25% 10 41.67 16.77 32.87 24.44 8.43 78.88
This study entire year 35% 10 41.67 16.77 27.96 23.13 4.83 67.1
This study dry season 15% 10 41.67 16.77 23.72 21.57 2.15 56.92
This study dry season 25% 10 41.67 16.77 20.75 19.22 1.53 49.8
This study dry season 35% 10 41.67 16.77 17.67 16.62 1.06 42.41

GFSAD30AFCE 30 37.71 15.17 - - - -
GLC30 30 32.2 12.96 - - - -
GFSAD250 250 31.39 12.63 not available - - not available
IAAA 250 50.94 20.5 8.17 (22.39) - - 16.04 (53.74)
Globcover 2009 300 37.97 15.27 0.0004 - - 0.01
GRIPC 500 22.08 8.89 1.15 - - 5.21
GFSAD1000 (GIAM) 1000 38.26 15.4 9.93 - - 25.95
GMIA 10000 - - 0.95 - - -
AQUASTAT variable 24.41 9.82 1.23 (2.33) - - 2.95 (9.55)

Notes: 1) GRIPC; paddy and irrigated croplands are aggregated to represent irrigated cropland, 2) Globcover; class 11 (irrigated
cropland), class 14 (rainfed cropland), class 20 (50 - 70% cropland mosaic, area multiplied by 0.625), class 30 (20 - 50% cropland
mosaic, area multiplied by 0.375) are aggregated to represent cropland, 3) AQUASTAT; irrigated cropland is here expressed by area
equipped for irrigation, and, the total of area equipped for irrigation and areas with other forms of agricultural water management, such
as non-equipped flood recession cropping area and non-equipped cultivated wetlands and inland valley bottoms (parentheses), 4) IAAA;
irrigated cropland is here expressed by the category of irrigated crops, and, the total of irrigated crops and water-managed non-irrigated
crops, e.g. various cultivation practices which make use of the available soil moisture such as flood plains, valley bottoms, short-term
crops using the remaining moisture after an initial rainfed crop, etc. (parentheses).
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Figure 4.7: Comparison of irrigation classification result for a smallholder irrigation scheme near Koka Lake (Awash basin,
Rift Valley, Ethiopia) between this study (a), in which the monthly maps are summed to give the frequency of irrigation
events at field level for one year (min: 0, max: 11, spatial-heterogeneity threshold: 15%), and the IAAA at 250-m spatial
resolution, in which all the different irrigated classes (blue), water-managed non-irrigated (orange) and rainfed classes
(green) are generalised (b). A false-colour image (c) derived from the dry-season mosaic (RGB: NIR, red, green) is shown
as a reference image of the area and serves as black-and-white background in a - b. Center coordinates: 8◦26.200′ N
39◦2.257′ E.
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Irrigation studies mainly focus on areas with established irrigation infrastructure (Abuzar et al.,
2015). Areas using other irrigation sources, such as river and stream diversions (Figure 4.8) or
farm dams, are often not accounted for (Abuzar et al., 2015), while these are characteristic for low-
and middle-income countries. The IAAA and AQUASTAT datasets already specify irrigated
agriculture, and, water-managed agriculture. The process-based approach in this study is not
restricted to a certain type of irrigation; it encompasses all types of water application at field
level that are not a result of rainfall. It is unique in that it adds a temporal specification and is
able to separate crop growth in a rainfall and irrigation component (even in the rainy season).
All crop growth is considered, which includes small and large vegetation changes. These aspects
likely add to the higher estimates of irrigated area in this study. The high temporal resolution
(monthly) of this study highlights the dynamics of irrigation in space and time throughout the
seasons and gives a more complete and extended view on the extent of irrigated agriculture in
the Horn of Africa.

4.4.2 Quality of the irrigation maps

Accuracy statistics for the cropland classification are high, overall accuracy and kappa coefficient
are 96% and 0.73 respectively, but decrease when the availability of monthly NDVI (Table B.2)
is reduced due to cloud coverage. As a result, some regions have better cropland classification
than others. A single ruleset was adopted for the segmentation, which does not account for
geographic variability. It would be easier to define and optimize segmentation parameters for
smaller areas, e.g. country-wise, but this would require multiple individual analysis runs. Here,
ground truth was collected throughout the Horn of Africa to compute the confusion matrices,
which show a good performance of the cropland classification, i.e. geographic variability did
not have a negative effect on the classification. The temporal pattern of irrigated area generally
follows the temporal pattern of rainfall and is highly dynamic through time. The dry season is
characterized by low irrigated area, which is not really surprising since most irrigation practices
in the Horn of Africa use surface water. An example is spate irrigation, which is dependent on
seasonal floods to fill water-storage channels (Steenbergen et al., 2011). The availability of surface
water is extremely low at the end of the dry season, which explains the small area of irrigated area
in January - February. Also, the studied year was an extremely dry year. The extent of irrigated
area is largest during the wetter months. Common perception is that irrigation is only needed
during the dry season, but the amount of rainfall in the rainy season often does not meet the crop
requirements, and irrigation is also applied throughout the rainy season (Dejen, 2014; Oya et al.,
2012). Rainwater harvesting practices increase the resilience towards drought spells during the
crop growing seasons (rainy seasons) by applying full or supplemental irrigation. The temporal
dynamics of irrigated agriculture in this study correspond with the surface-water dominated
irrigation practices in the Horn of Africa as it confirms that irrigation intensifies with increased
surface-water availability at the start of the rainy season.
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Cost and logistical challenges hamper the collection of reliable field validation data in remote
data-poor regions (Loveland et al., 2000). Adding to that challenge is that irrigated agriculture
is highly dynamic in time, administration of irrigation schemes on timing and magnitude is
absent, and unofficial irrigation, by farm dams or river and stream diversions (Figure 4.8a), i.e.
without established irrigation infrastructure, is unknown and unregulated. Ground truth data
on purely rainfed agricultural areas is not available and it cannot be established from visual in-
terpretation of imagery which fields exclusively receive rainfall. To validate the GIAM, 11.000+
locations were labeled as either rainfed or irrigated cropland from Google Earth imagery based
on visual indicators such as shape (e.g. central pivot circles), size (e.g. reservoir size), pattern
(e.g. contiguous cropland) and texture (e.g. the rougher texture of a natural forest as compared
to the smooth texture of a cropland on a farm). However, this is an improbable approach for the
complex smallholder-dominated agricultural landscape in Africa as it is impossible to determine
if areas are purely rainfed from Google Earth imagery, e.g. spate irrigation systems are impos-
sible to detect based on these visual indicators (Figure 4.8b). Consequently, no data on either
rainfed or irrigated agriculture, nor the number of irrigation events were available to validate the
findings from our study. Visual comparison with some known existing schemes (Section B.2)
shows that all thresholds are able to grasp irrigated agriculture there, though the number of
irrigation events differ for each threshold. A too low threshold might describe too little het-
erogeneity of the NDVI development of neighbours to classify crop growth to be a result of
irrigation. On the other hand, a too high threshold would give errors for larger contiguous irri-
gation schemes. Ideally, extensive ground truth is attained on rainfed agricultural areas, which
are not water-managed in any manner, to be able to calibrate an appropriate threshold. In this
manner, calibration of the number of irrigation events can be performed, as these purely rainfed
areas can be set to zero irrigation events.

(a) River diversion for irrigation (b) Part of Boru-Dodota spate irrigation scheme

Figure 4.8: A typical river diversion for irrigation purposes (photo taken by Marjolein Vogels) near Awassa, Rift Valley,
Ethiopia (a). Google Earth Imagery (b) of a part of the Boru-Dodota spate irrigation scheme (described in Demissie et al.
(2013)) depicting one of the main canals on the far right running from North to South (center coordinates: 8◦12.661′ N
39◦21.935′ E). Spate irrigation systems are only active during the rainy seasons and no cultivation occurs during the dry
season. This example highlights the challenge to generate ground truth of irrigated and rainfed agriculture from visual
interpretation of such imagery.
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4.4.3 Applicability of the method and irrigation maps

The development of sustainable irrigation infrastructure is fundamental to achieve domestic food
security in the drought-prone Horn of Africa (FAO, 2004). Smallholder irrigation development
is adopted as the main strategy by international development policy to improve food security at
the domestic level (Burney &Naylor, 2012; IAC, 2004; Tschirley, 2011;World Bank, 2008). Piv-
otal to this objective is the understanding of current spatio-temporal distributions of smallholder
irrigated agriculture. However, existing LULC maps with a resolution of 250 m or coarser
cannot dissect smallholder-dominated complex agricultural landscapes (Beekman et al., 2014;
Bégué et al., 2018; Ozdogan et al., 2010). This study improved the spatial resolution of irrigated-
agriculture mapping by a factor 625 and added a monthly temporal component to highlight
the dynamics of irrigated agriculture. The GEOBIA workflow developed in this study applied
a knowledge-based processing chain and shows the feasibility to give an indication of spatio-
temporal patterns of (smallholder) irrigation over large areas purely based on remote sensing.
The input data consist solely of satellite images, which are available for any region in the world.
Universal characteristics regarding the local context of irrigated agriculture are used for the clas-
sification. Therefore, it seems feasible to apply the method in other (semi-)arid regions, which
is especially valuable in the context of food security and water availability for large data-poor
regions in low- and middle-income countries. It will most likely yield better results if a smaller
extent is chosen, as the segmentation can then be optimized to local fields and ground truth
data for calibration and validation of thresholds is more representative. Large-scale mapping at
high-resolution with small landscape elements will remain a challenge, but calibration and vali-
dation would benefit from appropriate field data. Field programs such as the Degree Confluence
Project, which aims to visit and describe each latitude and longitude integer degree intersections
in the world (DCP, 2018) or the Global Food Security Support Analysis Data (GFSAD) project
Validation Dataset (GFSAD, 2018), which combines high-resolution satellite interpretation and
field data of LULC, are extremely valuable. Expanding such field databases with detailed in-
formation on crop types and water sources, would be beneficial for all mapping and validation
efforts regarding remote-sensing products on food security and water availability in data-poor
regions.

4.5 Conclusions

A novel method was presented to map the spatio-temporal patterns of irrigated agriculture at
field level in the Horn of Africa. Process-based rules on NDVI time series and neighbouring
objects were applied on Sentinel-2 imagery. The results show that it is feasible to map the loca-
tion, moment and frequency of irrigation events purely from remote-sensing based observations.
The feasibility to apply this method in other (semi-)arid regions is high, because the workflow
is based on universal characteristics about the local context of irrigated agriculture and is not
affected by geographic variability. The workflow provides a minimum estimate of irrigation
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events as either crop growth and irrigation can remain undetected due to the presence of cloud
cover, or as an artefact of NDVI-composite creation (best cloud-free pixel per month). Cur-
rently, it is impossible to determine which spatial-heterogeneity threshold is most appropriate
as reference data are not available. Consequently, this study shows an estimated range of irri-
gated area for the Horn of Africa. To calibrate an appropriate heterogeneity threshold, which
separates irrigated from rainfed agriculture, ground truth on purely rainfed agriculture (nowater
management in any form) is required. The temporal pattern of irrigated agriculture follows the
seasons; increased rainfall results in a higher availability of surface water, the main water source
for irrigation for smallholder agriculture. The estimated irrigated area in this study (27.96 Mha
to 37.13Mha) is much higher than values reported in literature, which are based onmuch coarser
spatial-resolution data and have no temporal specification of irrigation events. Therefore, they
are expected to provide lower estimates of irrigated area. If only the dry season is considered,
estimates in this study range from 17.67 Mha to 23.72 Mha of irrigated agriculture in the Horn.
The distinction between low irrigation (1 - 2 events) and high irrigation (3+ events) frequency
leads to irrigated-area estimates of 22.57 Mha to 23.13 Mha (35% to 15%) and 4.83 Mha to 14.56
Mha (35% to 15%), respectively. Generally, studies in literature focus on mapping areas with
established irrigation infrastructure, which is highlighted in the dry season. This study provides
a method to assign crop development to either irrigation or rainfall, even in the rainy season,
and therefore captures all types of water-managed agricultural areas. The irrigation maps pro-
duced here are currently the highest-resolution (both spatially and temporally) available for the
Horn of Africa and might serve as a framework for irrigation-development policy, irrigation op-
timization, assessment of irrigation efficiency, and catchment studies on the effect of smallholder
irrigation on the water cycle.

Author contributions

Conceptualization, M.F.A. Vogels; Data curation, M.F.A. Vogels; Data analysis, M.F.A. Vogels,
H. Douma; Writing - original draft, M.F.A. Vogels; Writing - review & editing, M.F.A. Vogels,
E.A. Addink., S.M. de Jong and G. Sterk.





5
A GEOBIA approach to estimate irrigation-water consumption

Abstract

Efficient water-resource management is essential with regard to food security, grow-
ing populations, and climate change. This is especially important for low- and middle-
income countries, as food is locally derived by traditional smallholder farming. De-
tailed knowledge on the spatio-temporal distribution of irrigation-water consumption
provides valuable information to anticipate local food shortages and water scarcity as
a result of climate variability. Yet, adequate techniques to quantify irrigation-water
consumption at field level over large areas are currently lacking. Generally, irrigation
estimates have a coarse resolution (radar-based), which is inadequate for field-level
assessments, or are highly data-dependent making them unsuitable for large spatial
extents. This study developed a completely remote-sensing-based approach to quan-
tify spatio-temporal patterns of irrigation-water consumption at field level using the
MODIS evapotranspiration product (MOD16A2) and existing land-use maps on the
spatio-temporal distribution of irrigated agriculture. The workflow of the approach
was applied to a case-study area in the Central Rift Valley, Ethiopia. Here, smallholder
farming is dominant, but a few large-scale farms are present. Object-based image
analysis was used to establish local evapotranspiration differences between irrigated
and rainfed fields on a monthly basis, which are the irrigation-water consumption
rates of the irrigated fields. Comparison with irrigation-water-consumption values
of a local irrigation scheme showed that the monthly temporal dynamics were quite
well captured, but lower values were calculated compared to the scheme's field data.
Comparison with two validated remote-sensing based studies in Africa showed good
agreement as irrigation-water-consumption estimates were in the same order of mag-
nitude. Irrigation-water consumption follows the temporal rainfall pattern, i.e. irri-
gation intensifies with increased water availability. Surface water is commonly used
for irrigation in the study area. From this study it follows that smallholders have a
lower irrigation-water consumption compared to modern large-scale farms (factor 3).
Irrigation-water consumption in the area is considerable, especially during the dry
season. On average 32% of excess water (precipitation – evapotranspiration) is con-
sumed for irrigation. For smallholder irrigation and large-scale irrigation specifically
this is 28% and 63% respectively. The object-based approach presented in this study
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is an operational working approach for field-level irrigation-water-consumption map-
ping over large areas. MOD16A2 is currently the only global open-source readily-
available evapotranspiration product, but the use of an evapotranspiration product with
a higher spatial resolution is recommended when available. This approach can provide
irrigation-water-consumption estimates over large areas in data-poor regions, which
will increase the understanding of spatio-temporal patterns of smallholder irrigation
and provide information to optimize water use.
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5.1 Introduction

For the next 40 years, it is estimated that food production should increase by 60% for high-
income countries, and by 100% for low- and middle-income (LMI) countries (Alexandratos &
Bruinsma, 2012). Irrigated agriculture will play a vital role to enhance food production (Smidt
et al., 2016; Wu et al., 2018), which will increase irrigation needs (Deines et al., 2017). Irrigated
agriculture is responsible for over 70% of global freshwater withdrawals (WWAP, 2012). Effi-
cient water-resource management becomes increasingly important given the challenges of food
security, growing populations, and climate change (Droogers et al., 2010). Detailed quantitative
knowledge on water resources used for irrigation is essential to produce accurate and timely in-
formation to ensure food and water security (Deines et al., 2017). Such knowledge allows for the
assessment of irrigation-impact on catchment hydrology (Beilicci & Beilicci, 2016), the quan-
tification of anthropogenic impacts on water resources (Wada et al., 2014), and the monitoring
and evaluation of investments in irrigation infrastructure (FAO, 2011).

Despite the importance of detailed information on irrigation, data andmethods for a field-level
quantification of irrigation fluxes over large areas and longer periods are lacking. A distinction
between irrigation-water use and irrigation-water consumption is made. Irrigation-water use is
the volume of water-resource abstraction for irrigation purposes, i.e. the impact on the available
water resources. Irrigation-water consumption is the portion of that abstraction that is actually
consumed by the plants in the form of evapotranspiration. The latter is affected by the efficiency
of the irrigation system, which is primarily determined by conveyance losses along irrigation
channels and over-irrigation (Perry et al., 2009; Reinders et al., 2013). The relation between
irrigation-water use and irrigation-water consumption is as follows (FAO, 2011):

Irrigation-water consumption = Irrigation efficiency (%) x Irrigation-water use (5.1)

Measured water withdrawals, e.g. by flow meters or a stage-discharge relationship, give infor-
mation on the local irrigation-water use, but such approaches are infeasible for large-scale irriga-
tion monitoring as it is labour-intensive and expensive (Van Eekelen et al., 2015). Moreover, the
accessibility of such data is often hindered by political issues, especially for transboundary river
basins (Awulachew et al., 2012). Also, a continuous spatio-temporal specification of irrigation is
absent (Deines et al., 2017).

Remote sensing can provide spatio-temporal patterns of irrigation-related indicators. In-
creased soil moisture and increased evapotranspiration are observed as a result of an increase
in any available water source (rainfall, irrigation, capillary rise, change in soil moisture), and
are highly influenced by cultivation practices (Bastiaanssen & Steduto, 2017). Several studies ex-
ploited remote-sensing-derived evapotranspiration estimates for the quantification of irrigation,
which generally deploy surface-energy balance algorithms using optical and thermal sensors
(Droogers et al., 2010; Mu et al., 2011; Van Dijk et al., 2018; Van Eekelen et al., 2015). Often de-
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tailed information on soil, crop types, sowing/harvesting dates, and irrigation practices (timing
and duration) are required (e.g. Droogers et al., 2010). Moreover, a temporal specification (e.g.
seasonal) at detailed spatial level is generally absent (Deines et al., 2017). Next to optical/thermal
sensors to derive evapotranspiration estimates, microwave sensors can be deployed to determine
soil moisture and quantify irrigation (Brocca et al., 2018; Kumar et al., 2015). However, these
generally have a very coarse resolution, e.g. Brocca et al. (2018) used radar-derived soil moisture
data at a∼25-km spatial resolution to quantify irrigation. So far, existing remote-sensing-based
methods on the quantification of irrigation are either highly ground-data dependent or have a
very coarse resolutionwith respect to field-level monitoring. Moreover, it is a laborious and tech-
nical task to determine soil moisture or evapotranspiration over large areas from remote-sensing
datasets and large-scale open-source availability of such products is rare. Currently, MOD16A2
is the only global readily-available open-source evapotranspiration product providing real-time
evapotranspiration estimates (Mu et al., 2007, 2011).

The available tools to quantify spatio-temporal patterns of irrigation are especially impractical
and inadequate for the extremely data-poor low- and middle-income (LMI) countries. These
countries are characterized by complex agricultural landscapes, due to the small cultivated fields
(∼<1ha) with inter- ormixed cropping systems (Abate et al., 2000). Also, cultivation has dynamic
spatio-temporal patterns of sowing, harvesting and irrigation as planting schedules and water
availability for irrigation follow rainfall patterns (Hansen et al., 2011; Vogels et al., 2019), which
differ between seasons and years. Food in LMI countries is mainly produced by traditional-
smallholder farming systems (Funk & Brown, 2009). Frequent food and water shortages occur
as a result of climate variability (Wani et al., 2009). Smallholders mainly exploit surface water
for irrigation through river diversions and farm dams (Lebdi, 2016; Siebert et al., 2013; USGS,
2016a), which is generally unregulated and not registered. Food-security-policy frameworks
focus on smallholder irrigation development to enhance food production (Beekman et al., 2014).
Tools to identify and quantify smallholder irrigation at field level over large areas are valuable
in this context. Unfortunately, these data-poor complex agricultural landscapes complicate irri-
gation mapping (Bégué et al., 2018; Ozdogan et al., 2010). Furthermore, existing (regional to
global) water-balance studies do not incorporate smallholder irrigation (e.g. Siebert &Döll, 2010;
Wada et al., 2014), as detailed information is absent. Water-resource planning for smallholder-
dominated areas is currently not possible and the impact of smallholder irrigation on the water
balance remains uncertain.

The aim of this study is to develop a completely remote-sensing based approach to quan-
tify monthly irrigation-water consumption at field level using Geographic Object-Based Image
Analysis (GEOBIA) and MODIS evapotranspiration (MOD16A2). Monthly field-level informa-
tion on the distribution of irrigated and rainfed agriculture is derived from Vogels et al. (2019).
Process-based rules are applied to quantify monthly irrigation-water consumption for irrigated
fields using the evapotranspiration of neighbouring rainfed field as a local baseline. This GEO-
BIA approach is applied to a case-study area in the Central Rift Valley, Ethiopia. This study area
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is dominantly cultivated by traditional smallholder farming, but also a few large-scale irrigation
schemes are present. The research questions of this study are: 1) how can irrigation-water con-
sumption be determined using GEOBIA, 2) what is the irrigation-water consumption, 3) what
are the differences in irrigation-water consumption between traditional smallholder and mod-
ern large-scale agriculture, 4) what is the impact of irrigation on the water balance, and 5) what
is the applicability of the developed approach.

5.2 Data and methods

This study specifically quantifies irrigation-water consumption (or IWC) rather than irrigation-
water use. It builds on the results of Vogels et al. (2019), who use NDVI time series derived
from Sentinel-2 imagery and a GEOBIA workflow to determine the monthly distribution of
irrigated agriculture in the Horn of Africa. Three different spatial-heterogeneity thresholds
(15%, 25%, and 35%) were used to describe local vegetation development and to discriminate
irrigation-induced crop growth from rainfall-induced crop growth. The assumption was that
irrigation is applied at field level resulting in vegetation change at the field level, while a rainfall
event leads to vegetation changes over larger areas than the field (similar changes will occur over
many fields). The high resolution of Sentinel-2 used, provided monthly field-level data on the
spatial distribution of smallholder irrigation in the Horn of Africa. Data from Vogels et al. (2019)
used in the current study comprise: 1) monthly land-use/land-cover (LULC) maps showing the
distribution of irrigated and rainfed fields (objects), 2) monthly NDVI composites on which they
were based, and 3) the field delineation based on the dry-season mosaic. The field objects will
serve as the spatial unit in this study.

The study period runs from September 2016 to August 2017. The study area is located in
the Central Rift Valley, Ethiopia (Figure 5.1) and has an extent of ∼100x100 km2 (one of the
sectors of Vogels et al., 2019). The area experiences two rainy seasons (March - May and July -
September). The dry season runs fromOctober to March. The study area is partly located in the
Awash River basin, which serves many smallholder farmers (Dejen, 2014). Fields are typically
∼<1ha in size and are cultivated with crops for domestic use by smallholders. Furrow irrigation
is most commonly practiced here, i.e. water is lead through channels into the field by gravity
(Dejen, 2014). Some modern large-scale irrigation schemes are also present in the area, e.g. the
Metahara irrigation scheme (Dejen, 2014).



82 Chapter 5

0 10 20 30 405 Kilometers±
(a) Study area

Ethiopia

Kenya

Somalia

Eritrea

Djibouti

±
0 500 1,000250 Kilometers

(b) Location study area

0 1 2 3 4 km

(c) Illustration agriculture

Figure 5.1: The study area (a) is located in the Central Rift Valley, Ethiopia (b). The spatial extent is ∼100x100 km2.
Illustrated by a subset are two types of agriculture in the area (c), which shows modern large-scale agriculture (part of the
large-scale Metahara irrigation scheme) in the north-east and smallholder agriculture in the south-west and directly at the
Awash River located in the eastern part of the image (running from south to north). A false-colour image (RGB: NIR, red,
green) of the best-cloud-free image between May 2018 and December 2018 is depicted in (a and c). Center coordinates:
8◦24.053′ N 39◦48.181′ E.
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This study determines irrigation-water consumption by irrigated croplands by comparing
their evapotranspiration (ET) with that of nearby rainfed croplands (Figure 5.2). Irrigation-
water consumption was not calculated for times and locations with cloud cover in the NDVI
composites. The LULC maps do not show a classification for these no-data cases. Differences
in irrigation-water consumption between traditional smallholder and modern large-scale agri-
culture were also assessed. Modern large-scale agricultural areas were visually identified. All
other croplands were considered traditional smallholder agriculture. To determine the impact
of irrigation on available water resources, a simple water balance was adopted.

Monthly ET September 2016 to August 2017

(Terra MOD16A2: Google Earth Engine)

Monthly P September 2016 to August 2017

(CHIRPS:Google Earth Engine)

LULC maps

Select irrigated object

Select rainfed neighbours
1) ET of irrigated object is ET of object

2) Baseline ET based on ET rainfed fields in a 5-km radius

IWCobject = ETobject – Baseline ET

For every month for 

every irrigated object

Determine excess water:

Q = P - ET

Monthly average Q

over the study area

Monthly maps of IWC

Monthly average IWC

over the study area

Monthly average water-balance impact of

Irrigation over the study area

IWC versus Q

Downscaling ET to 10 m

Figure 5.2: Workflow of the quantification of irrigation-water consumption and the impact on the water balance for the
study area.

5.2.1 Data collection and preprocessing

Two products were used in this study (Figure 5.3): 1) terra net actual ET 8-day (mm/8-day) from
MODIS at 500-m spatial resolution (MOD16A2), and 2) daily precipitation (or P) (mm/day)
from the Climate Hazards group InfraRed Precipitation with Station data (CHIRPS) at ∼5-km
spatial resolution. Both datasets were selected, because they are readily-available with global
coverage and have a high spatio-temporal resolution.

Data collection and preprocessing was done in the Google Earth Engine (Google Earth En-
gine Team, 2017). Monthly ET was computed from the 8-day ET. A higher spatial resolution
than 500-m is required for field-level analysis, which was attained by downscaling. Themonthly
NDVI composites at 10-m resolution fromVogels et al. (2019) were used for this purpose (Figure
5.3). Here, the assumption is that higher NDVI (more and healthier vegetation) leads to higher
ET. Spatial patterns of MODIS ET correlate well with MODIS net primary production (Mu
et al., 2007). All NDVI values below zero were set to zero thereby generating adapted NDVI
maps ranging from 0 to 1. Per MODIS pixel, the total NDVI was determined (sum of all NDVI
values). Then the fraction NDVI was determined at 10-m resolution, which is the NDVI value



84 Chapter 5

in a 10-m pixel divided by the total NDVI in a MODIS pixel. Assuming a linear relationship
between NDVI and ET, this fraction was then multiplied by the total ET in a MODIS pixel.
This downscaling scheme ensures that the sum of the downscaled ET equals the total ET of
each MODIS pixel. In this manner monthly 500-m MODIS ET was linearly resampled to 10 m
using the NDVI composites (Figure 5.3). Daily precipitation was also aggregated to monthly
precipitation (Figure 5.3). Finally, for each object in the field delineation, monthly ET and
monthly precipitation were calculated.

0 1 2 3 4 km

(a) NDVI composite March 2017 (10 m)

0 1 2 3 4 km

(b) Total ET March 2017 (500 m)

0 1 2 3 4 km

(c) Total ET March 2017 (10 m)

0 1 2 3 4 km

(d) Total precipitation March 2017 (5000 m)

Figure 5.3: Illustration of datasets and preprocessing for a small subset area. Monthly 10-m NDVI (a) was used to linearly
resample monthly 500-m ET (b) to monthly 10-m ET (c). Daily precipitation was also aggregated to monthly precipitation
(d).

5.2.2 Quantification of irrigation-water consumption

The spatial units for the irrigation-water-consumption calculations are the irrigated-cropland
and rainfed-cropland objects of the LULC maps. These will be further referred to as fields.
Irrigation-water consumption is defined as the portion of ET that is related to the application of
irrigation. To determine irrigation-water consumption, a baseline ET was established, which
represents the ET for rainfed crops. This study assumes that the baseline for a certain irrigated
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field can be derived from the ET of its nearby rainfed fields. For each irrigated field, the base-
line ET was derived from the weighted average ET (thereby correcting for field size) of rainfed
neighbours in a radius of 5 km. Then, irrigation-water consumption was calculated by subtract-
ing the baseline ET from the ET of the irrigated field (Figure 5.2). This was calculated on a
monthly basis, resulting in monthly maps of irrigation-water consumption. ET differences be-
tween crop types and crop stage were not assessed. ET associated with irrigated fields versus ET
associated with rainfed fields differed significantly (irrigated ET>rainfed ET) in the study area (t-
test: p <0.05). To reduce the impact of clouds (masked pixels), average monthly irrigation-water
consumption was evaluated rather than total monthly irrigation-water consumption in the area.

The time steps of the LULC maps differ between the ET and P maps. The LULC maps
(Vogels et al., 2019) assessed irrigated agriculture based on differences between months resulting
in, e.g., a September - October LULC map. The ET and P maps provide monthly information,
e.g. September. Therefore, the LULC maps were transformed to the time steps of the ET and P
maps. Only rainfed neighbouring fields that were classified as rainfed in two subsequent LULC
time steps covering a particular month were incorporated in the baseline calculation. Further
information about this transformation workflow can be found in Section C.1.

5.2.3 Quantification of irrigation-water-consumption impact on the water balance

The water balance adopted in this study is:

Q = P - ET (5.2)

Here, Q is excess water, the part of precipitation that is not directly returned to the atmosphere by
evapotranspiration. The excess water can be positive or negative depending on the ratio between
precipitation and evapotranspiration. Irrigated agriculture in LMI countries dominantly uses
surface water for irrigation purposes. This excess water will be used as an indicator of water
availability for irrigation to assess the impact of irrigation on available water resources. Putting
monthly irrigation-water-consumption values next to monthly excess-water values will give
insight on the impact of smallholder irrigation on available water resources. Note that this
approach does not account for water-infiltration losses. Also, excess water from previous months
is not considered available for the nextmonths, while this is likely the case. Lastly, water can enter
the study area from outside its borders, e.g. through the Awash River, which is not accounted
for.



86 Chapter 5

5.3 Results

5.3.1 Spatio-temporal patterns of irrigation-water consumption

Irrigation-water consumption (IWC) was mapped at a monthly timestep for one year (Septem-
ber 2016 to August 2017) using process-based rules on ET and neighbourhood. The output of
this study provides monthly patterns of irrigation-water consumption at the field level (Figure
5.4).
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Figure 5.4: Illustration of spatio-temporal patterns of irrigation-water consumption (LULC map with 15% threshold is
used) for part of the Metahara irrigation scheme and surrounding smallholder croplands (Figure 5.1c). A false-colour image
(RGB: NIR, red, green) of the best-cloud-free image between May 2018 and December 2018 serves as black-and-white
background. Center coordinates: 8◦47.295′ N 39◦51.061′ E.

Irrigation-water consumption is lowest in February and March with peaks in October, Jan-
uary and August (Figure 5.5). It ranges from 4.69 mm/month to 15.52 mm/month (averaged for
all thresholds) throughout the studied year. The baseline ET is lowest in January (average of 12
mm/month) and highest in September (average of 62mm/month). Although considerable differ-
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ences inmapped irrigated area exist between the three LULCmaps (thresholds), these differences
are not so pronounced in irrigation-water consumption and baseline ET. The irrigation-water
consumption and baseline ET are similar for all thresholds and independent of the irrigated area
(Figure 5.5).
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Figure 5.5: Temporal irrigation dynamics. Black lines show average irrigation-water consumption by irrigated fields, blue
lines show the average baseline ET of rainfed fields and the grey columns indicate the irrigated area. These are all three
depicted for the three different LULC maps (three thresholds) of Vogels et al. (2019).

5.3.2 Irrigation-water consumption for traditional smallholder agriculture and mod-

ern large-scale agriculture

The monthly irrigation-water consumption differs significantly (t-test: p <0.05) between tra-
ditional smallholder (∼9841 km2) and modern large-scale agriculture (∼209 km2). The tem-
poral patterns of both types of agriculture are similar (Figure 5.6), but the magnitude of
irrigation-water consumption is an average factor 3 higher for modern large-scale agriculture
compared to traditional smallholder agriculture. Annual total of average monthly irrigation-
water-consumption values are 115 mm and 260 mm for smallholder and large-scale agriculture
respectively. In August, irrigation-water consumption for modern large-scale agriculture is
zero. For the Metahara scheme, Dejen (2014) mentions that it is assumed that rainfall meets
the requirements in this month and that the scheme is partly closed for maintenance. Further
inspection of the 15% LULCmap shows that all croplands under modern large-scale agriculture
are classified as rainfed agriculture for that month.
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Figure 5.6: Differences in irrigation-water consumption for traditional smallholder agriculture and modern large-scale
agriculture (LULC map with 15% threshold is used). Also, the average irrigation-water consumption of the entire study
area is depicted (see Figure 5.5), which is closer to the irrigation-water consumption of traditional smallholder agriculture
as the area is dominated by smallholder farming.

5.3.3 Irrigation-water consumption and the water balance

Precipitation is highest during the two rainy seasons (March -May and July - September, Figure
5.7). ET is highest from September to December and May to August. The lower water avail-
ability in the dry season clearly lowers ET. Especially July and August have a high availability
of excess water throughout the area. From October to January, excess water is negative (rainfall
deficit), but considerable water is consumed for irrigation. Highest rainfall deficits occur from
October to December. Only during the rainy seasons, irrigation-water consumption is lower
than available excess water. Annual totals of average monthly values are 765 mm, 420 mm, 415
mm, 135 mm for precipitation, ET, excess water and irrigation-water consumption respectively
(Figure 5.7). For excess water, only positive values are aggregated over the year. On average
32% of available excess water is consumed for irrigation throughout the year. For smallholders
and modern large-scale irrigation this is 28% and 63% respectively.
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Figure 5.7: Overview of different monthly water-balance components for the entire study area (LULC map with 15%
threshold is used). Note: the irrigation-water consumption values here are the same as the ‘IWC 15% threshold’ values of
Figure 5.5.

5.4 Discussion

5.4.1 Spatio-temporal mapping of irrigation-water consumption

Irrigated agriculture is a highly spatio-temporal dynamic land-use type, which is challenging
for mapping (Bégué et al., 2018). Field-level mapping of irrigated agriculture is especially diffi-
cult for small cultivated plots with intercropping systems and dynamic spatio-temporal patterns
regarding planting and irrigation, characteristic for smallholders in LMI countries. Vogels et al.
(2019) developed a GEOBIA approach to detect irrigated agriculture in such landscapes using
Sentinel-2 imagery, which resulted in monthly LULC maps on the distribution of rainfed and
irrigated fields. This follow-up study developed a completely remote-sensing based GEOBIA
approach to quantify spatio-temporal patterns of irrigation-water consumption at field level for
these irrigated fields. A smallholder-dominated complex agricultural landscape served as a case-
study area (∼100x100 km2). The high temporal resolution of the LULCmaps allowed for a high
temporal resolution of irrigation-water-consumptionmapping. Generally, most LULCmaps on
irrigated agriculture do not show the temporal dynamics of irrigation (Deines et al., 2017). The
irrigation-water consumption is relatively independent of the LULC maps as the differences be-
tween the thresholds are minimal (Figure 5.5). The irrigation-water consumption follows the
rainfall temporal pattern and is highest in the rainy months and lowest during the dry months.
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The temporal pattern of irrigation-water consumption and baseline ET are not similar. From
November to January baseline ET decreases, which is related to decreasing amounts of rainfall
(beginning of dry season). In contrast, from November to January, irrigation-water consump-
tion shows a strong increase. When baseline ET increases from January onwards, this is matched
with a strong decrease in irrigation-water consumption from January toMarch. In February and
March, rainfall increases, which means more water is available for evaporation. Surface water
is the dominant source for irrigation in LMI countries and with increased rainfall, there is an
increased surface-water availability facilitating irrigation (Figure 5.7). Common perception is
that during the rainy season no irrigation is required, but water shortages are often reported as
a result of varying rainfall patterns (Dejen, 2014). The known irrigation schemes in this study
area commonly apply furrow irrigation, which exploit surface water (Dejen, 2014). In addition,
spate-irrigation systems are present in the area (Steenbergen et al., 2011), which are in operation
in the rainy season. These systems depend on the seasonal floods in rivers as a result of rainfall.

5.4.2 Comparison with water-abstraction rates of the Metahara irrigation scheme

and other remote-sensing-based estimates of irrigation-water consumption

The study area encompasses the Metahara irrigation scheme, which is a modern large-scale irri-
gation scheme where sugarcane is cultivated (Dejen, 2014). A comparison between the output
of this study and water abstractions for the Metahara irrigation scheme was made to evaluate
the developed approach with actual field data. Water abstraction from the Awash River was
measured for the years 2006 - 2010 using a stage-discharge relationship at the head reach of the
main canal (Figure 5.8). These abstraction values were corrected for irrigation efficiency (Dejen,
2014) in order to determine the actual irrigation-water consumption of the crops

(a) Inlet at Metahara irrigation scheme (b) Main canal downstream of the inlet

Figure 5.8: The Awash-River water diversion of the Metahara irrigation sheme (a) and the main channel just downstream
of this inlet where water abstraction is measured by the stage-discharge relationship (b). Source photos: Dejen (2014).
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The temporal patterns of irrigation-water consumption are quite similar, which indicates that
the GEOBIA approach is able to capture temporal irrigation dynamics (Figure 5.9). Least ir-
rigation occurs during January to March. Highest irrigation during September to December
and May to June. However, irrigation-water-consumption rates of this study are on average
only 20% of the values of Dejen (2014), which can only partly be attributed to different weather
conditions between studied years.
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Figure 5.9:Comparison of irrigation-water consumption of the Metahara irrigation scheme of this study (LULCmap with
15% threshold is used) and Dejen (2014). Monthly water-abstraction rates from the Awash River were determined by a
stage-discharge relationship for the year 2006 - 2010. Diversion exceeds demand by on average 24% (Dejen, 2014). The
irrigation efficiency was used to calculate irrigation-water consumption. Note the different scales on the y-axes.

Combining irrigation-water consumption from the current study with the irrigation-water
use (water-abstraction rates) from Dejen (2014) in equation 5.1 would result in an average irri-
gation efficiency of 14%, which is unrealistically low. The irrigation efficiency to determine the
irrigation-water-consumption values of Dejen (2014) was based on the potential ET, which was
used to describe the local demand of the crops. Potential ET from Dejen (2014) equals 1325.22
mm/year compared to 2531.85 mm/year as derived from MODIS over the same period, 2006 -
2010 (Table C.1). Olumana et al. (2009) reported a long-term average pan-evaporation rate of
2518.5 mm/year and a reference ET of 1460 - 2008 mm/year for the Metahara area. Taddese
et al. (2010) report a potential ET of 1800mm/year atWonji estate, which is a sugarcane estate 50
km from Metahara. This indicates both an overestimation of the irrigation-water consumption
according to Dejen (2014) and an underestimation of the values as derived in this study.
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Van Dijk et al. (2018) conducted a global remote-sensing-based quantification of irrigation-
water consumption by setting up water balances through satellite-data assimilation (2000 to
2014, 5-km resolution). The estimates of the resulting water balances were evaluated against
river discharge. Irrigation-water-consumption values for Ethiopia have values between ∼8 -
25 mm/month (∼100 - 300 mm/year) and are similar in magnitude as found in the current
study. Van Eekelen et al. (2015) conducted a remote-sensing-based quantification of irrigation-
water consumption for South Africa, Swaziland and Mozambique (annual total of November
2011 to October 2012) with a detailed land-use map (30-m resolution) and ET estimates de-
rived from SEBAL, which is a surface-energy-balance algorithm (Bastiaanssen et al., 1998). The
remote-sensing-derived products were validated against field data (Van Eekelen et al., 2015). For
irrigated sugarcane they found irrigation-water consumption values of 33.5 mm/month (402
mm/year) and for irrigated agriculture in general, 20 mm/month (243 mm/year), which are in
the same order of magnitude as the results of the current study.

TheMetahara-scheme comparison showed irrigation-water-consumption values that reached
only 20% of the derived consumption rates by Dejen (2014). In contrast, the validated remote-
sensing based comparisons (Van Dijk et al., 2018; Van Eekelen et al., 2015) indicate a relative
good quantification of irrigation-water consumption using a GEOBIA approach with MODIS
ET.

5.4.3 Differences in irrigation-water consumption between traditional smallholder

and modern large-scale agriculture

The irrigation-water consumption differs significantly between traditional smallholder andmod-
ern large-scale agriculture. Irrigation-water consumption of traditional smallholder irrigated
agriculture is significantly lower (average factor 3) than modern large-scale irrigated agriculture
throughout the studied year. Several reasons can explain these differences. It might indicate that
smallholders have lower access to irrigation infrastructure and water. It can also relate to differ-
ences in water management. The study of Dejen (2014) about irrigation schemes in the Central
Rift Valley, Ethiopia, found irrigation efficiencies of on average 76% for the Metahara irriga-
tion scheme (modern large-scale agriculture) and 20% and 40% for the smallholder irrigation
schemes of Golgota andWedecha respectively. Generally, irrigation schemes in Ethiopia admin-
istered by smallholders are poorly managed and are characterized by a low irrigation efficiency
due to a lack of knowledge on on-farm water management (Derib et al., 2011; Van Halsema
et al., 2011). Regardless of the reasons, it shows a highly unequal distribution of irrigation-water
consumption and a higher vulnerability of smallholders to domestic food shortages and water
scarcity.
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5.4.4 Impact of irrigation on the water balance

Smallholder irrigation is generally ignored in large-scale water-balance studies (e.g. Siebert &
Döll, 2010; Wada et al., 2014). The small-scale nature of this type of agriculture complicates
identification and quantification efforts (Bégué et al., 2018; Ozdogan et al., 2010). In Vogels
et al. (2019) it was shown that estimates of irrigated area in the Horn of Africa can be up to one
to two times higher than shown in previous LULC-mapping efforts. This reveals that substantial
irrigated area and associated water use and consumption is missed if not assessed at the small-scale
field level of smallholders. The field-level approach in this study reveals considerable consump-
tion of available excess water for irrigation (Figure 5.7). It ranges from 7-78% of available excess
water in the rainy season to >100% in the dry season, which then shows a high rainfall deficit. On
average, 32% of excess water is used for irrigation-water consumption. Smallholders consume
28% of available excess water. With the use of a higher-resolution mapping of irrigated agricul-
ture (Vogels et al., 2019), both spatially and temporally, higher estimates of irrigation-water con-
sumption are obtained. Moreover, irrigation efficiency in Ethiopia is relatively low (Derib et al.,
2011; Van Halsema et al., 2011), meaning that irrigation-water consumption is much lower than
the actual irrigation-water use (withdrawals). If irrigation efficiencies of 30% are adopted, which
is a common irrigation efficiency for Sub-Saharan Africa (FAO, 2011), the impact of irrigation
on the water balance is three times higher than the calculated irrigation-water-consumption
values (equation 5.1). However, it should be noted that a simplified water balance is used and the
calculated water availability (excess water) does not account for infiltration losses, i.e. all excess
water is available for irrigation here. On the other hand, water availability for irrigation can be
much higher as water can enter the study area from outside its borders, e.g. through the Awash
River. Nevertheless, these findings show that smallholder irrigation has a considerable impact
on available water resources, which will affect regional downstream water availability. Small-
holder irrigation should be given more attention in future catchment-hydrology studies now
that tools are available to identify and monitor spatio-temporal patterns of smallholder irrigated
agriculture (Vogels et al., 2019) and irrigation-water consumption (this chapter).

5.4.5 Applicability of the approach to estimate irrigation-water consumption

The understanding of spatio-temporal distributions of smallholder irrigation is vital informa-
tion for food- and water-security frameworks. Especially since food shortages and water stress
are expected to exacerbate under growing populations and climate change (Brocca et al., 2018).
Land productivity of smallholder irrigation in Ethiopia is three times higher than surrounding
rainfed farms (Dejen, 2014), so it pays off to invest in irrigation. International development
policies focus on the expansion and improvement of smallholder irrigation to improve food se-
curity (Burney & Naylor, 2012; IAC, 2004; Tschirley, 2011; United Nations, 2012; World Bank,
2008). Tools to identify and quantify smallholder irrigation are valuable for an effective policy.
However, existing tools are hampered by the low data availability and complex agricultural land-
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scapes in LMI countries. The approach developed in this study is purely remote-sensing based
and does not require extensive knowledge on irrigation practices in the area (crop type, plant-
ing/harvesting dates etc.). Additionally, it incorporates smallholder irrigated agriculture rather
than just large-scale irrigation schemes, the general focus of many irrigation-mapping studies
(Abuzar et al., 2015). It enables spatio-temporal quantification of irrigation-water consumption
at field level over large areas. Spatio-temporal irrigation-water-consumption information can
aid in the assessment of water use and irrigation efficiency and may help to identify areas with
potential food and water shortages. The developed approach will provide a basis to optimize
water management in existing smallholder irrigation schemes and can aid in a catchment-scale
efficient water-resource management.

The LULC maps used in this study provide a minimum estimate of irrigated agriculture (Vo-
gels et al., 2019). The presence of clouds and associated masked pixels in the LULC maps inhibit
the identification of irrigated agriculture and consequently the quantification of irrigation-water
consumption at certain times and locations. Despite the low influence of the different thresh-
olds of the LULC maps on irrigation-water consumption, underestimation of irrigation-water
consumption is likely. The different thresholds also result in different spatio-temporal patterns
of irrigation. Furthermore, it would be more convenient to use LULC maps providing monthly
information on the spatial distribution of irrigated agriculture, e.g. a LULC map for September
as opposed to a September - October LULC map.

This study proves the value of GEOBIA in the large-scale quantification of spatio-temporal
patterns of irrigation-water consumption. In its current state, this GEOBIA approach employs
MODIS ET, which is the only real-time open-source ET product globally available at this point
in time. The linear downscaling of the 500-m ET with 10-m NDVI will induce errors, espe-
cially at the smallholder field-level. Furthermore, this approach is invalid for water bodies as
these are characterized by an NDVI equal to zero in this study, but naturally have a high evapo-
ration rate. Ke et al. (2017) showed a relative good performance of downscaled MODIS ET with
30-m Landsat. The R2 between 1-km spatial-resolution ET and field data was 0.69 for two flux
towers. For the 30-m downscaled ET values, this was 0.76 and 0.82 for the two flux towers re-
spectively. Validation of average daily ET from the MODIS ET algorithm showed a correlation
coefficient of 0.86 over 46 sites (Mu et al., 2011). Regardless, the current presented methodol-
ogy is independent of which ET product is used and higher-spatial resolution, with a known
accuracy (validated), is recommended for smallholder-dominated agricultural areas. Available
surface-energy balance algorithms, such as SEBAL (Bastiaanssen et al., 1998), can provide ET
at much higher spatial resolution (e.g. derived from Landsat) and show a much better perfor-
mance compared to MODIS ET over irrigated areas (Al Zayed et al., 2016). However, the use of
such algorithms are computational demanding, labor-intensive and requires expert knowledge
and judgement. ET products at this high resolution are currently not readily available at a global
scale. Currently, this study, combinedwith theworkflow inVogels et al. (2019), provides the first
field-level assessment of spatio-temporal patterns of smallholder irrigation-water consumption
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relying purely on open-source readily-available remote-sensing products. The methodology
can be applied anywhere in the world and may contribute to a better understanding of spatio-
temporal dynamics of irrigation, which is especially useful for large smallholder-dominated areas
in data-poor regions common in LMI countries.

5.5 Conclusions

The presented GEOBIA approach enables a completely remote-sensing based per-field assess-
ment of irrigation-water consumption over large areas (e.g. ∼100x100 km2 as in this study),
even for smallholder agriculture. The land-use maps on irrigation used as input in this study are
also completely remote-sensing based, as open-source Sentinel-2 and smart process-based rules
were applied to derive irrigated-agricultural land use. The results of the current study show that
it is feasible to compute spatio-temporal patterns of irrigation-water consumption. Comparison
with field data of the Metahara irrigation scheme shows comparable temporal dynamics, but an
underestimation of the approach. In contrast, two validated remote-sensing based approaches in
Africa displayed irrigation-water-consumption values in the same order of magnitude as the pre-
sented methodology. Irrigation-water consumption of modern large-scale agriculture is much
higher than for traditional smallholder farming, which can either be a result of limited access of
smallholders to irrigation infrastructure and water resources, or of poor irrigation management
resulting in inefficient water use. Results show that 32% of the annually available excess water
is consumed for irrigation purposes in the study area. 63% and 28% for modern large-scale irri-
gated agriculture and smallholder irrigation respectively. Hence, smallholder irrigation should
be considered an important factor in future smallholder-dominated catchment-hydrology stud-
ies.

This study developed a globally applicable approach to determine irrigation-water consump-
tion from readily-available remote-sensing products. The method is portable to other regions
and climates and offers useful information for efficient water-resource management in the frame-
work of food security and water availability. Such approach is especially valuable for low- and
middle-income countries, which are characterized by a low data availability. This approach
enables field-level irrigation-water-consumption mapping over large regions with limited data
input.
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Population increases over the last decades have resulted in major land-use changes (Klein Gold-
ewijk & Ramankutty, 2010). More food was required and as a result cropland expanded at the
expense of natural vegetation (Laurance et al., 2014). Over the period 1986 - 2009, cropland area
increased by ∼50% in Sub-Saharan Africa and Southeast Asia, and by ∼34% in South Amer-
ica (Kastner et al., 2014) against population increases of ∼86%, ∼44% and ∼42% respectively
(United Nations, 2018). In the tropics, more than half of the developed agricultural land came at
the expense of forests from 1980 to 2000 (Gibbs et al., 2010). Agricultural expansion and inten-
sification have various environmental consequences as these affect biodiversity, hydrology and
biogeochemical cycles at local, watershed, and landscape scales (Brandt & Townsend, 2006). The
current agricultural systems are unsustainable and cause land, water, and biodiversity degrada-
tion (Foley et al., 2011). This ultimately leads to losses in farmland productivity, and hence food
production (Haros & Leake, 2018). This is especially undesirable for low- and middle-income
(LMI) countries as they are already characterized by a low agricultural productivity (FAO, 2011).
Furthermore, weather patterns have changed over the last decades (Coumou&Rahmstorf, 2012).
Warming of the Indian and Pacific Oceans will result in more droughts by bringing down dry
air over croplands (Funk & Brown, 2009). For Asia, the impacts of circulation changes on crop
production are uncertain, while for the eastern edge of Africa, the Indian-Ocean warming al-
ready appears to cause reduced rainfall in the main growing season from southern Somalia to
the northern areas of the Republic of South Africa (Funk & Brown, 2009).

Future projections in agricultural productivity, population growth and climate put pressure
on food security and water availability. Large parts of LMI countries derive food locally through
smallholder farming, which are characterized by a low agricultural productivity and is affected
directly by climate variability. To achieve domestic food security, agricultural productivity
needs to increase. The United Nations adopted 17 Sustainable Development Goals, which in-
clude global food security by 2030 through a sustainable use of land and water resources (United
Nations, 2015). The development of a sustainable irrigated agriculture will be key to achieve that
goal in LMI countries (Beekman et al., 2014; Funk & Brown, 2009; Wu et al., 2018).

Important for the framework of food security and water availability in LMI countries is to
be able to map smallholder agriculture and spatio-temporal patterns of smallholder irrigation.
The complex agricultural landscapes and lack of data, both characteristic for these countries,
pose a challenge. Available mapping techniques are generally too coarse and highly dependent
on local knowledge and ground data, which makes them suitable for small study areas only
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(Beekman et al., 2014; Bégué et al., 2018; Ozdogan et al., 2010). Furthermore, they mainly
focus on modern large-scale irrigation schemes. Other types of irrigation, such as by river
and stream diversions or farm dams, are often not accounted for (Abuzar et al., 2015). These
types are however characteristic for LMI countries. Moreover, land-use and land-cover (LULC)
maps that incorporate irrigated agriculture have no temporal specification thereby overlooking
temporal irrigation dynamics (Deines et al., 2017). In this light, this thesis has developedmapping
approaches suitable for smallholder agriculture in data-poor complex agricultural landscapes.
The main objective of this thesis was to map smallholder agriculture and spatio-temporal patterns of
irrigation in data-poor regions using time series of remote-sensing images and smart GEOBIA algorithms,
and has been addressed using the following research questions:

1. How well can irrigated agriculture be detected in complex agricultural landscapes using
a GEOBIA approach?

2. How can spatio-temporal patterns of smallholder irrigated agriculture be mapped using
GEOBIA and Sentinel-2 imagery?

3. What is the current spatio-temporal extent of smallholder irrigated agriculture in the
Horn of Africa?

4. What is the irrigation-water consumption of smallholder irrigated agriculture and its im-
pact on the water balance?

5. How well can traditional smallholder agriculture be distinguished from modern large-
scale agriculture using a GEOBIA approach?

6. Howwell can croplands be identified in black-and-white aerial imagery using a GEOBIA
approach?

In this chapter the results of this thesis will be synthesized. Main findings are discussed and are
put into a wider perspective on food security and water availability. Additionally, its value for
policy makers and water managers is discussed. Also, recommendations and a future outlook on
mapping approaches for smallholder (irrigated) agriculture in data-poor complex agricultural
landscapes are provided. This chapter will be closed with general conclusions.

6.1 Impact on society: The food-security and water-availability perspective

Future outlook on food security

Food security is expected to decrease as a result of growing populations and climate change.
Globally, a decrease of 14% of available food per capita is expected following projections in cli-
mate change, population growth and agricultural productivity between 2008 and 2030 (Funk
& Brown, 2009). For LMI countries the expected decrease is much higher with predicted food
declines of 36% for Eastern Africa, 38% for Middle Africa, 22% for South America andWestern
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Africa (Funk & Brown, 2009). LMI countries are characterized by a low agricultural produc-
tivity (FAO, 2011), with Africa having the lowest productivity worldwide (Abate et al., 2000).
For LMI countries it is estimated that food production needs to double by 2050 to keep up with
growing populations and climate-change impact (Alexandratos & Bruinsma, 2012). Climate
change is anticipated to increase the frequency and duration of crop-water stress in LMI coun-
tries thereby enhancing the risk of crop failure, which affects food security (FAO, 2004; IPCC,
2014). For the current century, increased aridity is predicted for Southern Europe and the Mid-
dle East, large regions in Africa, most of the Americas, Australia and Southeast Asia (Thornton
et al., 2014). Overall crop yield in Africa is predicted to decrease by 10-20% as a consequence of
warming and droughts (Jones & Thornton, 2009). The capacity to adapt and implement adapta-
tion strategies will largely determine future food security under a changing climate (Thornton
et al., 2011).

Increasing agricultural productivity

Food production needs to increase through a sustainable use of land- and water resources to
achieve the world’s future food security (Foley et al., 2011). Especially for Latin America, Africa
and Asia the difference between potential food production and actual food production is high
(Wu et al., 2018). The majority of populations in LMI countries lives in rural areas and pro-
duces their food locally by traditional smallholder farming (Funk & Brown, 2009). Domestic
food security is intrinsically related to the food production by smallholder agriculture as LMI
counties often do not have the financial capacity to import food (Funk & Brown, 2009). Most
of this agriculture is rainfed and fully relies on the amount and timing of rainfall, which causes
smallholder agriculture to be extremely susceptible to harvest failures (Wani et al., 2009). In
addition, irrigated agriculture contributes to food production in LMI countries. Smallholders
generally do not have access to large-scale irrigation schemes, which have a collective hydraulic
network and established management institution, but rely on traditional irrigation systems based
on community management or is individual (De Fraiture & Giordano, 2014; Lebdi, 2016).

The development of irrigated agriculture in LMI countries is key to close crop-yield gaps
and enhance food security (Wu et al., 2018). On average, irrigated agriculture has a 2.7 times
higher food production than rainfed agriculture (WWAP, 2012). It also enhances resilience
of crops through supplemental irrigation during periods of crop-water stress. Although global
irrigation-equipped area has almost doubled from 1960 to 2008 (Bruinsma, 2009), LMI countries
are falling behind in implementing and improving irrigation to increase agricultural productiv-
ity. In Africa, the development of irrigated agriculture is extremely slow as the irrigated area
expanded by just 2.3% over the last 30 years (You et al., 2011). However, the irrigation potential
in Africa is high and it could increase its agricultural productivity by at least 50% (You et al.,
2011)

Africa, Latin America, and Asia have the highest unused food-production potential with re-
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gard to regional temperature and precipitation constraints (Wu et al., 2018). The development
of irrigated agriculture with an efficient water management will be beneficial for these regions.
Next to irrigation investments, other effective investments are found in efficient-fertilizer appli-
cation, advanced seed-delivery systems, pest-management strategies, post-harvesting processing
facilities and market access (You et al., 2011).

Policy frameworks on irrigation development

The Famine Early Warning Systems Network (FEWSNET) is a collective effort of USAID,
NASA,NOAA,USDA, and theUSGS, which provides early warnings and analysis on acute food
insecurity in Africa, Central America, the Caribbean, Yemen and Afghanistan (FEWSNET,
2018). Unfortunately, as a consequence of war and weak governance, LMI countries remain
prone to food shortages and famine (O’Connell, 2017). The high dependency on international
aid during times of shortages is not a sustainable institutional feedback. National food security
and economy need to improve through the implementation of a sustainable and secured local
agricultural production (Funk & Brown, 2009), however this requires strong governance (Gao
& Bryan, 2017; Thornton et al., 2011). Considerable institutional and policy support is needed to
successfully implement adaptation strategies to secure food production under a changing climate
(Thornton et al., 2011).

"The future we want" was voiced in the General Assembly of the United Nations in 2012 and
articulated in 17 Sustainable Development Goals (SDG) to ensure the promotion of an econom-
ically, socially and environmentally sustainable future for the planet, and for present and future
generations (United Nations, 2012, 2015). Relevant SDG for this thesis are:

1. SDG 2: End hunger, achieve food security and improved nutrition and promote sustain-
able agriculture

2. SDG 6: Ensure availability and sustainable management of water and sanitation for all

3. SDG 12: Ensure sustainable consumption and production patterns

4. SDG 15: Protect, restore and promote sustainable use of terrestrial ecosystems, sustainably
manage forests, combat desertification, and halt and reverse land degradation and halt
biodiversity loss

The above Sustainable Development Goals describe the ambitions which international develop-
ment aims to achieve in the framework of food security and water availability. To achieve food
security by 2030, large increases in local food production are needed. The development and
improvement of irrigated agriculture will be pivotal to enhance food production.

Current international development policy focuses on the modernization of the agricultural
sector in LMI countries. Special attention goes to the development of irrigated agriculture for
smallholders (Burney & Naylor, 2012; IAC, 2004; Tschirley, 2011; United Nations, 2012; World
Bank, 2008), which, next to improved domestic food security, serves as a poverty alleviation tool
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(You et al., 2011). The development of smallholder irrigation enhances local food security and
income generation, and results in increased consumption, financial assets, nutritional improve-
ments and economic development (Burney & Naylor, 2012). Besides the expansion of irrigated
agriculture, the focus of international development policy should also be on the sustainability
of existing smallholder irrigation schemes. E.g., the recent expansion of smallholder irrigation
schemes in the Central Rift Valley in Ethiopia are associated with an overexploitation of available
water resources, while their socio-economic viability is questioned (Van Halsema et al., 2011).
Beekman et al. (2014) expressed that much more irrigation is practiced in LMI countries than
embraced by general consensus. There is an increased irrigation by individual farmers outside
of public irrigation schemes, which is not initiated or funded by external organizations (De
Fraiture & Giordano, 2014). Irrigation potential is strongly dependent of the farmers interest
and capability to engage in irrigation activities in addition to structural elements, such as ac-
cess to markets, labour availability and knowledge on irrigation management (Beekman et al.,
2014). This underlines the importance of motivating knowledge transfer next to infrastructural
investments in irrigation to improve food production in LMI countries (Beekman et al., 2014).

Knowledge gap for policy makers and water managers

With increased irrigation needs, efficient water-resource management is vital (Droogers et al.,
2010). Mapping past baseline conditions, current land-use status and monitoring implementa-
tions on the enhancement of food security and water availability are key to successful policy
strategies. Identification of the extent of smallholder irrigated agriculture and water manage-
ment is pivotal to constructively contribute to food-security policy frameworks (Lankford, 2005).
The extent of smallholder irrigation is far greater than given credit for. Future identification ef-
forts should therefore not only focus on finding suitable new areas for irrigation development,
but also on the identification of existing irrigated area under smallholder farming (Beekman
et al., 2014).

Unfortunately, LMI countries are characterized by an extremely low-data availability and
highly complex agricultural landscapes. Existing information is often sparse and remote-sensing-
based mapping efforts are too coarse or unsuitable for smallholder irrigation. High-resolution
imagery is provided through Sentinel-2, but requires a different type of analysis than the tradi-
tional pixel-based approaches, as these images are prone to spectral confusion in complex agri-
cultural landscapes. Furthermore, pixel-based approaches fail to capture information on field
characteristics and local context, which conveys additional valuable information for classifica-
tion purposes. Such information can be exploited in a GEOBIA approach (Blaschke et al., 2014).
GEOBIA approaches using universal characteristics regarding the field and local context of agri-
culture are beneficial for data-poor regions. These universal characteristics describe many types
of agriculture and are relatively independent on geographic variability and local calibration data,
which enables the mapping over large areas.
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Contributions towards food security and water availability

This thesis showed that GEOBIA offers operational solutions to derive information on existing
smallholder irrigated agriculture at field level over large areas. Most methodology developed
in this thesis is based on open-source readily-available remote-sensing datasets, which enables
affordable continuous monitoring of irrigated agriculture in LMI countries. In a nutshell this
thesis developed methods for: 1) mapping spatio-temporal patterns of irrigated agriculture (even
in the rainy season), 2) quantification of spatio-temporal irrigation-water consumption, 3) classi-
fication of type-of-agricultural system, and 4) semi-automated cropland identification on black-
and-white aerial imagery.

Besides focusing on the development of mapping methodology through case studies, this the-
sis additionally provides the first field-level irrigation-mapping effort for the Horn of Africa at
a monthly frequency capturing all types of water-managed agricultural areas. A much higher
estimate of irrigated agriculture was achieved compared to existing coarser estimates. Spatial
resolution improved by a factor 625. The monthly temporal specification enabled the determi-
nation of irrigated agriculture even in the rainy season. Currently, the generated maps offer the
highest-resolution (both spatially and temporally) available for this region. These maps provide
an indication of the spatio-temporal range of irrigated agriculture in the Horn due to the ab-
sence of reliable data for calibration and validation. Mapped irrigated area in the Horn followed
the rainfall temporal pattern. With increased water availability, increased irrigation is observed.
Surface water is the main source for irrigation in the Horn (Lebdi, 2016) and has a higher avail-
ability during the rainy seasons. This, however, stresses the high dependency of smallholders
on the spatio-temporal patterns of rainfall and underlines the importance of increasing the local
adaptive capacity of smallholders under a changing climate (Thornton et al., 2011).

In LMI countries much can be gained by improving the water management of existing ir-
rigated agriculture. Especially with regard to the increased expansion of farmer-led individual
irrigation (De Fraiture & Giordano, 2014). The distribution of this expansion is unknown and
irrigation unregulated, whichmay lead to water conflicts (De Fraiture &Giordano, 2014). Accu-
rate estimates of irrigation-water consumption are required for an effective water-resource man-
agement (Droogers et al., 2010). However, existingmappingmethods are not suitable to identify
and quantify smallholder irrigation, especially over large data-poor areas. For this reason, re-
gional to global water-balance studies generally ignore irrigation by smallholders (e.g. Siebert &
Döll, 2010; Wada et al., 2014). The developed methodologies in this thesis allow for smallholder-
irrigation mapping over large areas. The large differences in irrigated-area estimates for the
Horn of Africa showcases the need for field-level mapping in smallholder-dominated landscapes.
This thesis also shows that considerable water is consumed for smallholder irrigation for a case-
study area in the Central Rift Valley in Ethiopia. This reflects the effect of smallholder irriga-
tion on water fluxes at a catchment scale and that future water-balance studies should account
for smallholder irrigation. Incorporation of smallholder irrigation in water-balance modelling
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allows for the identification of poorly performing smallholder irrigated areas (low irrigation ef-
ficiency) and optimization of water-resource distribution at the catchment scale. This is useful
in the context of domestic food security and a sustainable agriculture for smallholders in LMI
countries.

The developed methodologies on mapping spatio-temporal patterns of (irrigated) agriculture
and irrigation-water consumption are portable to other regions due to the use of universal char-
acteristics of agriculture and irrigation in the classification and quantification approaches. Many
other (irrigated) agricultural areas in the world show similar landscape complexity and are a chal-
lenge for remote-sensing applications. The portability of the developed methodology to other
regions is especially beneficial for the data-poor regions of LMI countries, where spatio-temporal
irrigation information is generally absent. The information derived from these methods provides
a framework for irrigation development policy, aids in the monitoring of irrigation efficiency
and the impact of optimization measures, and facilitates the analysis of the impact of irrigation-
water consumption at the catchment scale. The distinction between types of agriculture enables
the analysis of differences in agricultural and irrigation practices between traditional smallholder
agriculture and modern large-scale agriculture (e.g. access to water and irrigation infrastructure,
irrigation-water consumption). In addition, the developed semi-automated approach to identify
cropland on black-and-white aerial imagery allows for land-use change analysis before 1972,
which is useful as agricultural land expanded far before that time.

6.2 Impact on policy development: Applicability and integration of devel-

oped methodology

For countries with a low purchasing capacity on the global food market, sustainable food pro-
duction at the domestic level is required to defeat the challenges posed by population growth
and climate change. Increased food production can be obtained through the expansion and im-
provement of (existing) smallholder irrigated agriculture. However, with increased irrigation,
effective water-resource management becomes increasingly important for a sustainable food
production. Farmer-led individual irrigation is expanding in Africa and common in South Asia
and has substantial potential to reduce poverty and enhance rural development (De Fraiture
& Giordano, 2014). However, an uncontrolled spread of individual irrigation affects a sustain-
able water-resource management as opposed to public irrigation schemes, where some form of
management institute is often present (De Fraiture & Giordano, 2014).

Beekman et al. (2014) studied the potential for irrigation development in Mozambique and
concluded that many smallholders invested in irrigated agriculture without support from for-
eign investments, but would benefit from improved governance. This would help to: 1) avoid
water conflicts at the catchment scale, especially for rivers and streams where furrow irriga-
tion is intensively practiced, and 2) enhance market business by improving road infrastructure
and market organization (Beekman et al., 2014). They show that a policy solely focusing on
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irrigation development through foreign investments is falling short, since farmer-led irrigation
development is much more pronounced than given credit for. The results of the Horn of Africa
in this thesis support this, as a much higher estimate of cropland is under irrigation than shown
in previous estimates. This stresses the need to enhance governance and knowledge on efficient
water-resource management as many farmers already are familiar with irrigation.

Large differences in irrigation-water consumption between smallholder and modern large-
scale farming are present for a case-study area in the Central Rift Valley in Ethiopia. Modern
large-scale agriculture has on average a three times higher irrigation-water consumption than
smallholders. This highlights differences in irrigation-infrastructure access, water availability,
and water management (irrigation efficiency). Policy frameworks should be developed to im-
prove local knowledge on efficient water use and on an effective and fair governance for equal
distributions of water resources (Beekman et al., 2014; World Bank, 2008). This will result
in fewer water conflicts and serves smallholders throughout entire catchments, e.g. including
downstream water-stressed areas. Efficient water-resource management will enable the opti-
mization of food production and enhance food security for smallholder households. However,
this requires knowledge on existing spatio-temporal patterns of irrigated agriculture and water
use.

Local water-management bodies require up-to-data field-level information on the distribu-
tion of irrigation and water use (Droogers et al., 2010). In some watersheds this is provided
by Unmanned Aerial Vehicles (UAV’s) (Den Besten et al., 2017), but unfortunately they are not
widely available and can only cover small areas. This thesis provides tools for continuousmonthly
updates of the real-time distribution of irrigated agriculture and irrigation-water consumption
for extended areas. The workflows are completely remote-sensing based using open-source
readily-available products. Required training data is derived from visual interpretation of im-
agery (e.g. satellite images, Google Maps). Fields are overlaid with NDVI, evapotranspiration
and precipitation data, which enables monthly identification and monitoring of irrigation. As
the field boundaries will not change on a monthly base, their delineation and cropland-status
identification can be updated at a lower frequency, for example, once very year. Policy makers
and water managers are then able to map the spatio-temporal distributions of irrigated agricul-
ture, andmonitor the spread of farmer-led individual irrigation. Water-management bodies will
be supported to make real-time adaptations matching water use and demand as these method-
ologies can aid in the identification of irrigated areas and fields with a low performance or low
water availability. The ability to monitor extended agricultural areas at the detailed field level
will enable an effective water management at a catchment scale.
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6.3 Scientific impact: The benefits of GEOBIA in mapping smallholder agri-

culture in data-poor regions

The agricultural landscapes in LMI countries are characterized by their complexity in terms of
spatial detail, temporal variability and agricultural practices. Generally, a form of intercropping
is practiced on relatively small cultivated plots (∼1ha) (Salami et al., 2010). In addition, crop
phenology is highly variable between seasons and years depending on climate variability and
timing of the rainy seasons (Hansen et al., 2011). This variability is challenging for irrigation-
mapping efforts in these environments (Bégué et al., 2018; Ozdogan et al., 2010). Fortunately,
there are also properties of agricultural landscapes that are less variable, while very characteristic
for (irrigated) agriculture. These properties can be intrinsic to the field (e.g. shape, texture)
or describe the local context of (irrigated) agriculture (e.g. neighbour relations, location in
the landscape). They describe universal characteristics of (irrigated) agriculture, which can be
exploited in GEOBIA mapping approaches.

The identification of irrigated agriculture generally relies on the use of spectral information
in pixel-based image analysis. Much more information on the local context of irrigated agri-
culture is available to enable or improve classification. In Chapter 3 and 4, different GEOBIA
approaches on the mapping of irrigated agriculture were presented. In Chapter 3, the underly-
ing assumption was that agricultural management, including irrigation, is applied at field level
and shows through time by a field-shaped homogenous change of the crop. Here, a two-stage
classification approach was adopted to specify which variables were important for the classifica-
tion of either croplands and irrigated croplands. The identification of croplands was driven by a
mix of shape, texture and spectral variables. The identification of irrigated croplands primarily
relied on spectral variables and to a lesser extent on neighbour relations.

In Chapter 4, another GEOBIA approach on mapping irrigated agriculture was adopted,
which focused on irrigation mapping at a higher frequency. This approach was applied to the
Horn of Africa. The same assumption was used as in Chapter 3; that the application of irri-
gation (agricultural management) occurs at field level and is restricted by field borders. It was
assumed that in the Horn of Africa, changes in vegetation occur as a result of changes in wa-
ter availability. While irrigation is applied at field level (an individual field response), a rainfall
event is not restricted to field borders (several fields respond). These differences in local context
were exploited in a GEOBIA mapping approach. When crop growth was observed, the veg-
etation response of the surrounding landscape steered the classification as irrigated or rainfed
agriculture with different levels of spatial heterogeneity. This approach allowed for the identifi-
cation of irrigated agriculture even in the rainy season, at a high temporal frequency (monthly).
This novel approach on the classification of irrigated agriculture is much less sensitive to spectral
confusion and less dependent on local data and knowledge on (irrigated) crop phenology com-
pared to pixel-based approaches. Given the data-poor environment of the Horn, validation and
calibration of an exact spatial-heterogeneity threshold was not possible. These maps currently



106 Chapter 6

provide an indication of the range of spatio-temporal extent of irrigated agriculture in the Horn
following a knowledge-based GEOBIA processing chain. Ground truth on purely rainfed areas
is required to properly calibrate the method.

GEOBIA is often used to create thematic land-use maps. In Chapter 5, a GEOBIA approach
was adopted to quantify irrigation-water consumption (mm/month) for a case-study area in the
Central Rift Valley, Ethiopia. Additionally, the impact of smallholder irrigation on the water
balance was quantified. The monthly land-use maps showing the spatio-temporal distribution
of irrigated fields (Chapter 4) served as input. Also, MODIS evapotranspiration and CHIRPS
precipitation products were used, which are open source and readily available. Irrigation-water
consumption is the incremental evapotranspiration as a result of the application of irrigation.
This was here quantified by calculating the difference in evapotranspiration between the irri-
gated field and neighbouring rainfed fields in a radius of 5 km. The evapotranspiration of these
neighbouring rainfed fields represent a local baseline evapotranspiration absent of the effect of
irrigation. Monthly maps and statistics on irrigation-water consumption were generated using
this GEOBIA approach. This approach is purely remote-sensing based and enables the quantifi-
cation of irrigation-water consumption over large data-poor regions.

Methods to derive spatio-temporal patterns of irrigation-water consumption at field level were
unavailable before. Actual evapotranspiration can be derived from remote-sensing datasets using
surface-energy balance approaches (Karimi and Bastiaanssen, 2015). However, the incremental
evapotranspiration related to irrigation-water consumption is difficult to determine. Its quantifi-
cation was never attempted for large areas at field level at a monthly interval. Chapter 5 shows a
workflow to estimate monthly irrigation-water consumption and its impact on the water balance
by adopting a GEOBIA approach exploiting readily-available products on evapotranspiration
and precipitation. Comparison with local field data of the Metahara irrigation scheme for the
period 2006 - 2010 (Dejen, 2014) showed that the temporal dynamics of irrigation-water con-
sumption were quite well captured, but that lower irrigation-water consumption was calculated
for all months. It was indicated that this was both the result of an overestimation of irrigation-
water consumption in the field data and an underestimation of irrigation-water consumption
using MODIS evapotranspiration. In contrast, a comparison with two validated remote-sensing
based studies in Africa showed irrigation-water-consumption values in the same order of mag-
nitude (Van Dijk et al., 2018; Van Eekelen et al., 2015). It is recommended to use higher-spatial
resolution and better products on evapotranspiration as input. Unfortunately, these are currently
not readily available globally. Currently, this GEOBIA approach with MODIS evapotranspira-
tion enables the determination of spatio-temporal patterns of irrigation-water consumption any-
where in the world. It shows immense prospects on the detailed mapping of irrigation-water
consumption over large regions once future evapotranspiration products are improved and/or
easily accessible.

In addition to irrigation mapping, this thesis developed GEOBIA workflows to distinguish
the type of agriculture, i.e. traditional smallholder or modern large-scale agriculture, and to
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identify croplands in black-and-white imagery. In Chapter 3 was shown that GEOBIA allows
for the classification of type-of-agricultural system, which was here dominantly driven by tex-
ture variables. The segmentation quality might be of influence here, since it was discussed that
oversegmentation occurred in the modern large-scale croplands, making the shape variables
less characteristic. The classification of type-of-agricultural system then relied on the textu-
ral differences between intercropping and mono-cropping systems, characteristic for each type
of agricultural system. In Chapter 2, GEOBIA was applied to create a semi-automated work-
flow to identify croplands in black-and-white aerial imagery. This imagery is usually visually
interpreted as the spectral resolution is too low for automatic classification by algorithms. Black-
and-white aerial imagery consists solely of brightness values. By applying GEOBIA, a set of 25
variables was derived from the imagery. Apart from the slope, which was added as additional
information, the landscape in the imagery is then described by 23 extra variables as compared
to just brightness values. High accuracy statistics reveal that these extra variables are meaning-
ful and differ significantly between cropland and other LULC. This study shows that GEOBIA
enables a semi-automated identification of cropland in black-and-white aerial imagery.

Many of the GEOBIA variables used for the classification approaches in this thesis describe
universal field characteristics and local context of (irrigated) agriculture. These variables are
more generic than absolute spectral values, which can show large variations for different regions
and climates. This is especially valuable for data-poor regions as it is difficult to retrieve ground
truth on the relation between spectral vegetation response and irrigation. Mapping efforts are
tremendously aided by using universal characteristics that are relevant for all types of agriculture.
The knowledge component of these process-based rules for irrigation mapping is characteristic
for a GEOBIA approach, as the workflow of GEOBIA is very similar to our visual perception
of the world (Addink et al., 2012). Many validation datasets (ground truth) in LULC-mapping
studies (e.g. Xiong et al., 2017b) are derived from visual interpretation of high-resolution im-
agery (e.g. Google Maps). This thesis shows that GEOBIA can be applied to deduce field-level
information on smallholder irrigated agriculture in complex agricultural landscapes, which was
not possible before. It will serve future studies on the monitoring of irrigation expansion, irri-
gation efficiency and optimization measures, and will aid in a catchment-scale water-resource
management of smallholder agriculture.

6.4 Challenges, recommendations and research outlook

The research presented in this thesis provides tools to gain insight in spatio-temporal patterns of
irrigated agriculture and water consumption of smallholders at field level. Although GEOBIA
proved beneficial for field-level mapping of these complex agricultural landscapes, the spatial
scale of the Horn of Africa proved challenging. Large hardware and processing capacity were
currently required with in addition an extensive processing chain using different types of soft-
ware. Upscaling to continental or global GEOBIA mapping is currently not feasible. Further-



108 Chapter 6

more, studies on a more local scale (e.g. subnational) allow optimization of the segmentation,
and hence classification. Moreover, higher temporal frequencies (than monthly) of irrigation
mapping can be achieved following the workflow of Chapter 4 as long as enough cloud-free
imagery is available, which is more plausible for studies with a smaller spatial extent.

At higher resolution, both spatially and temporally, more and more detailed ground truth
is required for a proper validation. Quantification of the accuracy of mapping efforts or the
calibration to enable mapping efforts will always be a fundamentally important part of image
analysis. This is made clear by the large differences between land-use maps on irrigated agricul-
ture as described in Chapter 4. Despite the use of universal characteristics of irrigated agriculture
through GEOBIA in that chapter, these LULCmaps currently give an indication of the range of
irrigated agriculture in the Horn, but not an absolute number. Ground truth on purely rainfed
agricultural areas is required to calibrate and validate the developed methodology. Unfortu-
nately, ground truth is limited in LMI countries and quantitative information on water use from
irrigation schemes difficult to obtain. Data on the distribution of purely rainfed areas is absent.
This stresses the need to maintain ground measurements stations even if we live in a digital era
with continuous real-time access to satellite information.

Data on calibration and validation of the mapping approaches in this thesis comprise visual
interpretation of LULC, i.e. cropland, type of agriculture and other LULC. Visual labeling of
irrigated and rainfed fields from high-resolution imagery is not feasible, because it is impossible
to determine if fields exclusively receive rainfall. E.g. spate irrigation is only active in the rainy
season and appears as rainfed agriculture in the imagery during the dry season. Field programs
which aim to collect global LULC data are highly valuable for remote-sensing mapping efforts.
Examples are the Global Food Security-support Analysis Data (GFSAD, 2018), which combines
field data and high-resolution satellite interpretation of LULC, and, the Degree Confluence
Project, which has the goal to visit and describe LULC at each latitude and longitude integer
degree intersection in the world (DCP, 2018). Expanding such field programs with detailed
information on crops and water use would be extremely valuable for calibration and validation of
(irrigation) mapping efforts regarding food security and water availability in data-poor regions.
Ground truth on purely rainfed areas will help to calibrate and validate the GEOBIA workflows
from this thesis, which will enable the irrigation monitoring for extended areas with a known
accuracy.

The current and future outlook on food security and water availability requires real-time
detailed information on land- andwater use. With the newESA satellite Sentinel-2, open-source
spatial resolution improved from 30-m Landsat to 10 m (factor 9) and the revisit time from 16
days to 5 days, which is extremely beneficial for smallholder-mapping efforts. The automation of
the developed GEOBIA approaches into one integrated platform will aid in the easy assessment
of: 1) the impact of seasonal rainfall forecasts on crop yield providing timely information on areas
with potential food shortages, 2) climate-change impact on future food and water availability,
and 3) the effects ofmitigationmeasures (e.g. soil-water conservationmeasures). Such integrated
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approaches will give a broad view on present and future food security and water availability over
large data-poor regions at field level.

The Google Earth Engine would be a suitable platform for such integrated approaches as it has
a high cloud-computing power and data availability (Google Earth Engine Team, 2017). It al-
lows for complex high-resolution spatio-temporal analyses over large areas (Gorelick et al., 2017).
Different satellite, LULC, climate, and weather data is easily accessible. The Google Earth En-
gine is constantly updatedwith recent data enabling real-timemapping in the framework of food
security and water availability. The accessibility of satellite data, free-processing tools and pro-
cessing capacity increased tremendouslywith the introduction of theGoogle Earth Engine. This
will fortify future embedding of continuous field-level monitoring of land and water resources
for LMI countries. Currently, the Google Earth Engine focuses dominantly on raster-based op-
erations. Fortunately, the Google Earth Engine team recently started to incorporate GEOBIA
in their environment enabling object-based image analysis over large areas, e.g. continental and
global field-level mapping efforts (Gorelick, 2018). A global cropland mapping effort at 30-m
resolution using the Google Earth Engine already applied a partly object-based approach (Xiong
et al., 2017b). Field-level cropland monitoring over large areas will become routine approaches
for the assessment of large-scale impacts of climate change, population growth and agricultural
productivity.

6.5 General conclusions

Scientific impact

This thesis showed that smallholder irrigation can be mapped at field level, which is portable
to other regions and climates as universal characteristics of irrigated agriculture are exploited
using GEOBIA. The temporal monthly specification shows the temporal dynamics of irrigation,
which is in contrast to existing LULC estimates as these are absent of a temporal specification.
Irrigated agriculture can be identified even in the rainy season. In the Horn of Africa, increased
irrigation is observed during periods with increased surface-water availability (rainy seasons).
The area under smallholder irrigation is therefore much larger compared to previous estimates.
Irrigation-water consumption by smallholders shows considerable impact on available water
resources and should be considered in future water-balance studies now that tools are available
for the identification and monitoring of smallholder irrigation.

Societal relevance

The development of smallholder irrigation is crucial for future domestic food security in LMI
countries. Improving existing smallholder irrigation by optimizing water-resource manage-
ment should be one of the main focus points of international development policy. The tools de-
veloped in this thesis can provide national and local water managers with field-level information
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on the spatio-temporal distribution of irrigated agriculture and irrigation-water consumption
over large areas, even for remote data-poor regions. Continuous real-time irrigationmonitoring
will give a detailed view of current situations of food security and water availability. It will help
to adapt early on to reduce food shortages and aids an efficient water-resource management.

Future outlook

Improving the livelihoods in LMI countries by stimulating smallholder irrigation will be key
to achieve food security and alleviate poverty by the Sustainable Development Goals of the
United Nations. The use of universal characteristics of (irrigated) agriculture through GEOBIA
approaches allows for continuous field-level irrigation monitoring for data-poor regions. Such
information will aid in the optimization of water-resource distributions for large areas in LMI
countries. Integration of the developed methodology with seasonal-rainfall forecasting, climate-
change scenario modelling and mitigation-impact analysis into one platform (e.g. Google Earth
Engine) is highly recommended. It will provide governance institutes and policy makers with
an extensive view on current and future food security and water availability at the household
level.
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Figure A.1: Variable importance (Mean Decrease Accuracy) of the Random Forest classifying cropland and other LULC.
Abbreviations: ch. is change, p1 is period between 8 November 2013 and 4 December 2013, p2 is period between 4
December 2013 and 1 February 2014, GLCM is gray-level co-occurrence matrix, ang. is angular 2nd momentum, con. is
contrast, corr. is correlation, diss. is dissimilarity, ent. is entropy, hom. is homogeneity, stdev. is standard deviation, DN is
difference to neighbours, DDN is difference to darker to neighbours, DBN is difference to brighter neighbours.
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Figure A.2: Variable importance (Mean Decrease Accuracy) of the Random Forest classifying irrigation period. Abbrevia-
tions: ch. is change, p1 is period between 8 November 2013 and 4 December 2013, p2 is period between 4 December 2013
and 1 February 2014, GLCM is gray-level co-occurrence matrix, ang. is angular 2nd momentum, con. is contrast, corr. is
correlation, diss. is dissimilarity, ent. is entropy, hom. is homogeneity, stdev. is standard deviation, DN is difference to
neighbours, DDN is difference to darker to neighbours, DBN is difference to brighter neighbours.
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Figure A.3: Variable importance (Mean Decrease Accuracy) of the Random Forest classifying modern large-scale and
traditional smallholder agriculture. Abbreviations: ch. is change, p1 is period between 8 November 2013 and 4 December
2013, p2 is period between 4 December 2013 and 1 February 2014, GLCM is gray-level co-occurrence matrix, ang. is
angular 2nd momentum, con. is contrast, corr. is correlation, diss. is dissimilarity, ent. is entropy, hom. is homogeneity,
stdev. is standard deviation, DN is difference to neighbours, DDN is difference to darker to neighbours, DBN is difference
to brighter neighbours.
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A.2 Supplementary tables

Table A.1: Overview of variables in the GEOBIA workflow. For a detailed description see Trimble (2017). Abbreviations:
GLCM is gray-level co-occurrence matrix (Haralick et al., 1973), ch. is change, p1 is period between 8 November 2013 and
4 December 2013, p2 is period between 4 December 2013 and 1 February 2014.

Type Variable Definition

Shape Area The number of pixels within an object. A proxy for size.
Border index The smallest rectangle enclosing the object.
Border length Sum of the edges of the object.
Compactness The product of the maximum length and width divided

by the number of pixels of the object.
Length width ratio The maximum length divided by the maximum width of

the object.
Rectangular fit How much the object approaches the shape of a

rectangle.
Roundness Difference between the radius of the largest enclosing

ellipse and the radius of the smallest enclosing ellipse.
Shape index The border length of an object divided by four times the

square root of its area.

Texture GLCM angular 2nd momentum NDVI (ch. p1 & p2) Gray level co-occurrence matrix (Haralick et al., 1973).
GLCM contrast NDVI (ch. p1 & p2), NIR (Nov, Dec,
Feb)
GLCM correlation NDVI (ch. p1 & p2)
GLCM dissimilarity NDVI (ch. p1 & p2)
GLCM entropy NDVI (ch. p1 & p2)
GLCM homogeneity NDVI (ch. p1 & p2), NIR (Nov, Dec,
Feb)
GLCM mean NDVI (ch. p1 & p2)
GLCM standard deviation NDVI (ch. p1 & p2)

Spectral Mean NDVI (ch. p1, ch. p2, Nov, Dec, Feb) Mean NDVI value of an object.
Mean blue (Nov, Dec, Feb) Mean blue reflection value of an object.
Mean green (Nov, Dec, Feb) Mean green reflection value of an object.
Mean red (Nov, Dec, Feb) Mean red reflection value of an object.
Mean NIR (Nov, Dec, Feb) Mean near-infrared reflection value of an object.

Neighbour Mean difference to neighbouring NDVI (ch. p1 & p2) Weighted (with regard to length of the border between
objects) layer mean difference with neighbouring
objects.

Mean difference to darker neighbouring NDVI (Nov,
Dec, Feb)

Weighted (with regard to length of the border between
objects) layer mean difference with neighbouring
objects, which have a lower layer mean value than the
object under consideration.

Mean difference to brighter neighbouring NDVI (Nov,
Dec, Feb)

Weighted (with regard to length of the border between
objects) layer mean difference with neighbouring
objects, which have a higher layer mean value than the
object under consideration.

Location X- and Y-location Coordinates of the object center.

,
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The process-based rules for irrigation classification are established on a monthly basis, i.e. vege-
tation differences between the monthly NDVI composites are considered. The following rules
apply, which are expressed in three processing steps and exemplified with the months September
and October.

Step 1: Each cropland object is labeled as crop growth when the following rules apply:

• TheNDVI inOctober is higher than theNDVI in September. Also, theNDVI inOctober
must have a value of 0.1 or higher to ensure vegetation is present.

• The NDVI in October is lower than the NDVI in September, but in both months the
NDVI is consistently high. Here, the NDVI in September is 0.4 or higher and the maxi-
mum allowed NDVI decrease between the two months equals 0.1 or less. For example, an
NDVI of 0.6 in September and an NDVI of 0.5 in October will be labeled as crop growth.
This rule is established to ignore small drops in high NDVI values, as additional water is
required to maintain large vegetation activity.

Croplands showing no crop growth are classified as rainfed cropland. For croplands showing
crop growth we continue with step 2 followed by step 3.

Step 2: All neighbouring objects (cropland and other LULC) in a radius of 5 km around the
object under consideration are labeled for vegetation/crop growth according to the rules in Step
1. If vegetation/crop growth is observed, they are flagged with a 1, else with 0. Non-vegetation
objects are not considered (NDVI below 0.1 for the entire year).

Step 3: We now classify the observed crop growth as irrigation- or rainfall-induced growth.
The heterogeneity of the now binary neighbours is assessed and the percentage of neighbours
showing vegetation growth determined. If this percentage is high, this means that all neighbours
(including the cropland object under consideration) experience vegetation/crop growth, i.e. is
completely homogeneous in their behaviour, which occurs on a higher level than the field level
and implies rainfall-induced NDVI increase (Figure B.1A). If the percentage is lower, not all
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neighbours show vegetation/crop growth and a more heterogeneous pattern emerges (Figure
B.1B), which implies that the crop growth of the cropland object under consideration occurred
at field level (independent of its neighbours). Three different spatial-heterogeneity thresholds
were set to flag a crop growth as irrigation-induced, namely at least 15%, 25%, and 35% of
neighbouring objects show no vegetation growth. For the 15% threshold this means that for at
least 15 out of 100 neighbouring objects no crop growth occurs to classify the crop growth of
the cropland under consideration to be a result of irrigation. The optimal spatial-heterogeneity
threshold distinguishing irrigation- or rainfall-induced crop growth is not known and cannot
be calibrated due to the absence of ground truth. Therefore, three thresholds were chosen (15%,
25%, 35%) to give an indication of the spatio-temporal range of irrigated agriculture in the Horn
of Africa.

Field under consideration

Neighbours of field

0

1 Crop growth

No crop growth

A B

Figure B.1: Illustration of vegetation development of neighbouring objects of the field under consideration. A represents
a rainfall-induced crop growth for the field as 100% of the neighbours show vegetation growth (spatial homogenous veg-
etation development of neighbours), and B represents an irrigation-induced crop growth for the field as only 18 out of
170 neighbours (∼10%) show vegetation growth (spatial heterogeneous vegetation development of neighbours). Here, the
percentage of neighbours showing no growth (∼90%) is well above all three thresholds (15%, 25%, and 35%) of this study,
and hence this object is classified as irrigated cropland for the studied month.
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B.2 Supplementary figures

150 200 250

Cropland − other LULC

Mean Decrease Accuracy

Border index

Border length

Roundness

Shape index

Mean NIR

Area

Length width ratio

Rectangular fit

Asymmetry

Brightness

NDVI October

Mean blue

Mean green

NDVI November

NDVI July

St. Dev. NIR

St. Dev. blue

NDVI January

NDVI May

NDVI April

Mean NIR

NDVI August

St. Dev. mean green

St. Dev. mean red

NDVI June

NDVI February

NDVI December

NDVI March

NDVI September

Figure B.2: Variable importance as expressed by the Mean Decrease Accuracy in the Random-Forest classification of
cropland and other LULC. Abbreviations: St. Dev. is standard deviation.
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Figure B.3: Illustration of irrigation classification result (a - d) for a smallholder irrigation scheme near Mustahil (Ethiopia,
close to Somalian border) in which the monthly maps are summed to give the frequency of irrigation events at field level
for one year for the four spatial-heterogeneity thresholds (min: 0, max: 11). A false-colour image (e) derived from the dry-
season mosaic (RGB: NIR, red, green) is shown as a reference image of the area and serves as black-and-white background
in a - d. Center coordinates: 5◦25.089′ N 44◦33.150′ E.
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Figure B.4: Illustration of irrigation classification result (a - d) for the Wonji-Shoa irrigation scheme near near Koka Lake
(Awash basin, Rift Valley, Ethiopia) in which the monthly maps are summed to give the frequency of irrigation events at
field level for one year for the four spatial-heterogeneity thresholds (min: 0, max: 11). A false-colour image (e) derived from
the dry-season mosaic (RGB: NIR, red, green) is shown as a reference image of the area and serves as black-and-white
background in a - d. Center coordinates: 8◦24.622′ N 39◦13.981′ E.
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Figure B.5: Illustration of irrigation classification result (a - d) for an irrigation scheme near Adama (Rift Valley, Ethiopia)
in which the monthly maps are summed to give the frequency of irrigation events at field level for one year for the four
spatial-heterogeneity thresholds (min: 0, max: 11). A false-colour image (e) derived from the dry-season mosaic (RGB:
NIR, red, green) is shown as a reference image of the area and serves as black-and-white background in a - d. Center
coordinates: 8◦35.986′ N 39◦24.543′ E.
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Figure B.6: Illustration of irrigation classification result (a - d) for a smallholder irrigation scheme near Koka Lake (Awash
basin, Rift Valley, Ethiopia) in which the monthly maps are summed to give the frequency of irrigation events at field level
for one year for the four spatial-heterogeneity thresholds (min: 0, max: 11). A false-colour image (e) derived from the dry-
season mosaic (RGB: NIR, red, green) is shown as a reference image of the area and serves as black-and-white background
in a - d. Center coordinates: 8◦26.200′ N 39◦2.257′ E.
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Figure B.7: Illustration of irrigation classification result (a - d) for a smallholder irrigation scheme near Wayu (Tana River,
Kenya) in which the monthly maps are summed to give the frequency of irrigation events at field level for one year for the
four spatial-heterogeneity thresholds (min: 0, max: 11). A false-colour image (e) derived from the dry-season mosaic (RGB:
NIR, red, green) is shown as a reference image of the area and serves as black-and-white background in a - d. Center
coordinates: 1◦31.866′ N 39◦32.292′ E.
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B.3 Supplementary tables

Table B.1: Overview of object variables used in the Random-Forest classification for the cropland classification. For a
detailed description of the variables see Trimble (2007). Abbreviations: St. Dev. is standard deviation.

Type Variable Definition

Shape Area The number of pixels within an object. A proxy for size.
Asymmetry The more longish an object, the more asymmetric it is.
Border index The smallest rectangle enclosing the object.
Border length Sum of the edges of the object.
Compactness The product of the maximum length and width divided by

the number of pixels of the object.
Length width ratio The maximum length divided by the maximum width of

the object.
Rectangular fit How much the object approaches the shape of a

rectangle.
Roundness Difference between the radius of the largest enclosing

ellipse and the radius of the smallest enclosing ellipse.
Shape index The border length of an object divided by four times the

square root of its area.

Texture St. Dev. blue reflection dry-season mosaic
St. Dev. green reflection dry-season mosaic
St. Dev. red reflection dry-season mosaic
St. Dev. NIR reflection dry-season mosaic

Spectral 12x mean monthly NDVI
Mean blue reflection dry-season mosaic
Mean green reflection dry-season mosaic
Mean red reflection dry-season mosaic
Mean NIR reflection dry-season mosaic
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Table B.2:Cumulative availability of monthly NDVI for the objects in the validation set with incomplete NDVI timeseries
(%) and all objects in the Horn of Africa (% and Mha).

Number of months
NDVI is available

Availability validation set
incomplete NDVI time
series (%)

Availability Horn of
Africa (%)

Availability Horn of
Africa (Mha)

12 - 69.9 173.1
11 73.7 89.8 222.6
10 92.0 96.1 238.2
9 97.2 98.3 243.6
8 98.9 99.1 245.5
7 99.5 99.5 246.5
6 99.7 99.7 246.9
5 99.9 99.8 247.4
4 99.9 99.9 247.6
3 100.0 100.0 247.7
2 100.0 100.0 247.7
1 100.0 100.0 247.7
0 100.0 100.0 247.8
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C.1 Supplementary materials

The timesteps of the LULC maps (e.g. September - October LULC map) differ from the
timesteps of the ET and P maps (e.g. September ET and P). Information of the LULC maps
were transformed to the timesteps of the ET and P maps.

Baseline ET

Baseline ET for a particular month was derived from rainfed croplands that were rainfed in
both LULC maps covering that month. E.g., baseline ET for October was derived from fields
that were classified as rainfed for both September - October and October - November, to assure
that they were completely rainfed in the month October.

Irrigated cropland

To determine the irrigation-water consumption for a particular month, irrigated fields were
considered that were irrigated in either or both LULC maps covering that month. In both
LULC maps, irrigation could have occurred in the studied month. E.g. for October, irrigated
fields were considered that were irrigated in the September - October map and the October -
November map. This approach results in negative irrigation-water-consumption calculations,
as irrigated agriculture in these LULC maps, September - October and October - November,
is not necessarily derived from an irrigation event in October. For these fields, it does not make
sense to calculate irrigation-water consumption, and negative values are deemed invalid and not
considered irrigated. This is exemplified by two cases for the month October:

• Case 1: The NDVI composite pixel for September was from 4 September, the irrigation
event occurred 5 September, the NDVI composite pixel for October was from 20 Octo-
ber. The field was then classified as irrigated agriculture in the September October map.
However, the irrigation event in this LULC map did not occur in October.

• Case 2: TheNDVI composite pixel for Septemberwas from 4 September, irrigation events
occurred 3 September and 6 November, the NDVI composite pixel for October was from
20 October, the NDVI composite pixel for November was from 7 November. The field
was then classified as irrigated agriculture for both the September October and October
November LULC maps. However, the irrigation events in these LULC maps did not
occur in October.
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C.2 Supplementary tables

Table C.1:Comparison of potential-ET values betweenMODIS (MOD16A2) and as derived fromCROPWAT in the study
of Dejen (2014) averaged per month for the period 2006 - 2010. These potential-ET values are used to derive irrigation
efficiency for the water-abstraction rates according to the workflow of Dejen (2014). If the water-abstraction rates of
Dejen (2014) and the irrigation-water-consumption values of the current study were used to calculate irrigation efficiencies
according to equation 5.1, much lower efficiencies are obtained.

Months
Water abstraction
rates Dejen (2014)
(mm/month)

PET Dejen (2014)
(mm/month)

PET MODIS
(mm/month)

Irrigation efficiency
based on Dejen (2014)
(%)

Irrigation efficiency
based on current study
(%)

September 98.26 120.87 218.79 119 18
October 152.17 126.96 223.66 80 20
November 154.89 121.74 209.76 73 18
December 138.59 106.09 192.32 69 23
January 135.87 91.30 210.93 51 13
February 127.72 76.52 195.43 33 13
March 127.83 85.22 241.98 50 13
April 146.74 93.04 216.52 42 13
May 160.33 133.91 238.63 80 19
June 179.35 167.83 217.10 93 11
July 152.17 109.57 185.09 61 6
August 73.37 92.17 181.63 120 0
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