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Agriculture consumes the largest share of freshwater globally; therefore, distinguishing between rainfed and
irrigated croplands is essential for agricultural water management and food security. In this study, a framework
incorporating the Budyko model was used to differentiate between rainfed and irrigated cropland areas in Africa
for eight remote sensing landcover products and a high-confidence cropland map (HCCM). The HCCM was
generated for calibration and validation of the crop partitioning framework as an alternative to individual
cropland masks which exhibit high disagreement. The accuracy of the framework in partitioning the HCCM was
evaluated using an independent validation dataset, yielding an overall accuracy rate of 73 %. The findings of this
study indicate that out of the total area covered by the HCCM (2.36 million kmz), about 461,000 km? (19 %) is
irrigated cropland. The partitioning framework was applied on eight landcover products, and the extent of
irrigated areas varied between 19 % and 30 % of the total cropland area. The framework demonstrated high
precision and specificity scores, indicating its effectiveness in correctly identifying irrigated areas while mini-
mizing the misclassification of rainfed areas as irrigated. This study provides an enhanced understanding of
rainfed and irrigation patterns across Africa, supporting efforts towards achieving sustainable and resilient
agricultural systems. Consequently, the approach outlined expands on the suite of remote sensing landcover
products that can be used for agricultural water studies in Africa by enabling the extraction of irrigated and
rainfed cropland data from landcover products that do not have disaggregated cropland classes.

1. Introduction

Sustainable agricultural water management (AWM) can be informed
by accurate mapping of the location and extent of croplands (Thenkabail
et al., 2010). However, comparative analyses of many remote-sensing
land use and landcover (LULC) products show high disagreement in
croplands globally (Fritz et al., 2010; Pérez-Hoyos et al., 2017; Tchuenté
et al,, 2011). Fritz et al. (2010) found that the total cropland area
worldwide differs by approximately 20 % between remote-sensing LULC
products. In a comparison of cropland classes from nine LULC products,
Pérez-Hoyos et al. (2017) also found that in over 30 % of the analyzed
countries in Africa and the Americas, there was high disagreement
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whereby only three or fewer LULC products agreed on the classification
of areas as cropland. Compared to other landcover classes, there is
higher disagreement in cropland classification, particularly in regions
with low cropping density and high landscape fragmentation and where
major crops have similar seasonal development as the surrounding
natural landscapes, as is the case in the savanna regions of Africa
(Pittman et al., 2010). The result of this disparity between cropland
classes in LULC products is uncertainty in their application for various
assessments ranging from water accounting to food production anomaly
studies (Karimi et al., 2013; Patle et al., 2023; Pérez-Hoyos et al., 2017;
Thenkabail et al., 2010).

In addition to the poor correlation between remote-sensing LULC
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cropland classes, many of these products also fail to distinguish between
rainfed and irrigated agriculture but rather lump them together as one
cropland class (Buchhorn et al., 2021; Friedl & Sulla-Menashe, 2019;
Karra et al., 2021; Latham et al., 2014). Yet, agriculture consumes the
largest share of freshwater globally, and therefore, meeting the Sus-
tainable Development Goal (SDG) of ‘Zero Hunger’ and other associated
SDGs, is helped by understanding of the pathways, fluxes, and footprints
of water in croplands (Falkenmark & Rockstrom, 2006; Hoekstra &
Mekonnen, 2012; Thenkabail et al., 2010). For water pathways, a
distinction is made between blue and green water to understand the
different sources of water for their management (Falkenmark & Rock-
strom, 2006). Blue water refers to the water resources available from
surface and groundwater that is typically made available to plants
through irrigation, while green water refers to the water from precipi-
tation that infiltrates the soil and is naturally available to plants for
biomass production (Falkenmark & Rockstrom, 2006; Johansson et al.,
2016; Mekonnen & Hoekstra, 2011). The principal water flux, after
precipitation, for this biomass production by plants is evapotranspira-
tion (ET). Over the continents, annual ET volumes are estimated to be
over 1.5 times annual runoff (Rodell et al., 2015), yet, owing to its
gaseous state, ET is relatively difficult to quantify directly, even at
discrete locations (Senay et al., 2016; Sposito, 2017). As such, indirect
methods combining satellite-, ground- and model-based methods have
been applied to investigate blue and green ET fluxes over different land
uses and landcover (LULC) (Chukalla et al., 2015; Kiptala, 2016; Msigwa
et al., 2021; Senay et al., 2016; Simons et al., 2016; van Eekelen et al.,
2015; Velpuri & Senay, 2017). For example, Chukalla et al. (2015) used
the AquaCrop model and the global consumptive water footprint ac-
counting standard to partition blue and green ET fluxes and investigate
the water footprint of various irrigation techniques. Velpuri & Senay
(2017) used two ET models, one based on the energy balance and the
other, the water balance, to partition annual ET for different LULCs in
the United States (US). They found that green ET makes up 70 % of total
ET while blue ET makes up 30 %, with the annual green and blue ET
proportion for croplands being 87 % and 13 %, respectively (Velpuri &
Senay, 2017). Forests were found to consume the highest blue ET among
non-water landcover classes, approximately 350 mm/year, while for
irrigated croplands, annual blue ET was about 250 mm/year (Velpuri &
Senay, 2017). These findings are comparable to that of Msigwa et al.
(2021), who concluded that high blue water fluxes were attributed to
dense forests and irrigated plantations in the Kikuletwa catchment in
Tanzania.

One of the models used by Msigwa et al. (2021) in their study of blue
and green water fluxes in the Kikuletwa basin was the Budyko model
(Budyko, 1974). This model has been applied widely at both large and
fine scales for water-energy balance studies owing to its parsimony and
accuracy (Reaver et al., 2022; Sposito, 2017). Examples of such appli-
cations range from simple estimations of total ET (Gerrits et al., 2009;
Zhang et al., 2008), to calibration of global hydrological models (Greve
et al., 2020), bias-correction of precipitation data (Beck et al., 2020) and
evaluation of the accuracy of remote sensing (RS) derived ET at the basin
scale (Weerasinghe et al., 2020). Like Msigwa et al. (2021), as well as
Patle et al. (2023), who applied the model to partition blue and green
ET, Singh et al. (2022) also successfully utilized a parameterized version
in assessing the changes in blue and green ET fractions across India at
sub-basin scale by introducing the dimensionless shape parameter, ‘@’.
This parameter was initially defined by Fu (1981) to account for
catchment characteristics. Other adaptations to the Budyko model
include parameters to represent water storage capacity in the root zone
(Milly, 1993), vegetation type (Wang & Tang, 2014; Zhang et al., 2001),
and then the depth and frequency of rainfall events considering soil
properties (Porporato et al., 2004; Sankarasubramanian & Vogel, 2002).
Some parameterized versions also aim to account for non-steady state
conditions when the change in storage becomes substantial due to
additional water from irrigation, groundwater, or water transfer (Du
et al., 2016; Greve et al., 2016; Han et al., 2011). The basis of many of
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these parameterizations is that a basin’s water balance is not only
affected by climate, as originally derived in the “top-down” Budyko
model but also depends on catchment conditions such as vegetation,
terrain and soil properties. However, Wang et al. (2016) highlight the
difficulty in determining the parameters for each catchment and the
small contribution they make to improving the efficiency of the Budyko
model. Sposito (2017), also concludes that physical interpretations of
model parameters for parametric Budyko models may be “spurious.”
This is because applications of these parameterized models are catch-
ment specific and cannot be extended beyond these settings or even
across different periods within the same catchments (Sposito, 2017).
They are therefore in agreement with Gentine et al. (2012), Greve et al.
(2015), Padron et al. (2017) as well as Reaver et al. (2022) who conclude
from theoretical analysis as well as empirical tests in over 700 catch-
ments that the non-parametric Budyko model provides an “overarching
framework for understanding catchment hydrology in terms of energy
and water balances”.

In this study, the Budyko model is applied to partition total ET into
green and blue fluxes and thereby identify rainfed and irrigated crop-
lands in Africa. This cropland partitioning is done using remote sensing
precipitation (P), actual and reference ET, and different LULC products
for continental Africa. The specific objectives are to (1) assess the level
of agreement between different LULC products for Africa; (2) generate
an alternative composite cropland map which overcomes the high
disagreement and errors inherent in individual crop masks of LULC
products; (3) To demonstrate a scalable approach to partition croplands
into irrigated and rainfed classes using the Budyko model; and (4) To
apply this approach in partitioning croplands to the individual LULC
products and thereby demonstrate its applicability. The novelty of this
study lies in the scale at which croplands are being partitioned into
rainfed and irrigated areas using a climate-based approach and remote-
sensing data inputs. Africa is the second largest continent, extending
from latitudes 37°N to 34°S and longitudes 51°E to 17°W, with diverse
agricultural practices and climate ranging from Mediterranean to trop-
ical. As a result, it is challenging to find approaches suitable for all areas
at the continental scale. Yet, knowing whether a cropland is irrigated or
rainfed is crucial for water use evaluation and estimating food produc-
tion. Accurately distinguishing between the two types of croplands
therefore has implications on sustainable management of highly vari-
able, scarce, and transboundary water resources as well as food security
on the continent (Chandrasekharan et al., 2021; Li & Troy, 2018). Many
of the previous ET partitioning studies have been done at relatively small
catchment (Msigwa et al., 2021; van Eekelen et al., 2015) or country
(Gumma et al., 2011; Velpuri & Senay, 2017) scales. The methods used
in these small-scale studies were considered but were ultimately aban-
doned in preference for the Budyko model mainly due to their data re-
quirements. In contrast, the Budyko model requires only three climate
variables that are readily available at continental scales through remote-
sensing products.

2. Methodology

An overview of the methodology followed in this study is presented
in Fig. 1, with details on the Budyko model, the datasets, and methods
presented in the following sections.

2.1. Theory - Budyko model

The Budyko model (Budyko, 1974) empirically represents a river
basin’s long-term water and energy balance under steady-state condi-
tions. Given that long-term changes in a basin’s storage are negligible
(AS =~ 0), then mean precipitation (P) in that basin is partitioned into
either discharge (Q) or (green) evapotranspiration (ET):

P =0+ETyeen 1)
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Fig. 1. Methodology followed in deriving rainfed and irrigated cropland areas from remote-sensing landcover products. NB: LUWA- Land Use for Water Accounting;

TIF- Tag Image File format.

From observations in several catchments, Budyko (1974) proposed
that the mean (green) evapotranspiration (ET) of a catchment is a
function of the available energy (i.e., potential evapotranspiration
(ET,)), and available water (i.e., precipitation (P)), or more specifically,
its aridity index (¢) where:

¢ =ET,/P @
Budyko thus derived the explicit functional relationship between

(green) ET and ¢ as:

E_Tgreen =P (1 - e"l’).qﬁtanhl/(ﬁ (3)

Thus, considering available energy and water in a location, it is
possible to determine any additional water input (blue ET) if the
measured actual ET exceeds green ET as:

E_T blue — ﬁ actual — E—T green (4)

In cropland areas, these are areas where formal or supplemental
irrigation exists over the study period.

2.2. Datasets

2.2.1. Climate variables: P, ET and ET,

Partitioning of ET using the Budyko model requires only three cli-
matic inputs: precipitation, actual ET and potential ET (ET,) (Egs. (1)-
(4)). In this study, the Multi-Source Weighted-Ensemble Rainfall
(MSWEP) (Beck et al., 2019) precipitation, operational Simplified Sur-
face Energy Balance (SSEBop) (Senay et al., 2020) actual ET, and Water
Productivity through Open access of Remotely sensed derived data
(WaPOR) (FAO, 2018) potential ET datasets served as inputs to the
Budyko model (Table 1). The choice of MSWEP and SSEBop was
informed by their good performance across Africa in continental-scale
reviews by Mekonnen et al. (2023) and Weerasinghe et al. (2020)
respectively. With respect to ET,, WaPOR ET,, which is grounded in the
combined temperature- and radiation-based Penman-Monteith
(Monteith, 1965) equation, was used. The simplified Food and Agri-
culture Organization’s (FAO) version of the Penman-Monteith equation
for a reference grass surface (Allen et al., 1998) is presented below:

~ 0.408A(R, — G) + 2 yuyde

ETo T 5
A+ y(1+0.34u,) )
where ET, = Potential evapotranspiration, as water volume

Table 1
Remote-sensing climate, and landcover and land use (LULC) products used in this study.
Product Spatial resolution* Temporal resolution/ Source Reference
(m) Years
Climate products MSWEDP precipitation ~ 11,000 monthly GloH20  Beck et al.,, 2019
SSEBop actual evapotranspiration (ET) ~1,000 monthly USGS Senay et al., 2020
WaPOR potential evapotranspiration ~19,000 monthly FAO FAO, 2018
(ET,)
Landcover and land use (LULC) MODIS LC 500 2003-2020 NASA Friedl and Sulla-Menashe,
products 2019
CCILC V2 300 2000-2021 ESA ESA CCI, 2015
Sentinel-2 10 2017-2021 ESRI Karra et al., 2021
Copernicus 100 2015-2019 ESA Buchhorn et al., 2021
GCEP30 30 2016-2020 NASA Thenkabail et al., 2021
GLC-SHARE 1,000 2013 FAO Latham et al., 2014
GlobCover 300 2005,2009 ESA Bicheron et al., 2008
WaPOR 250 2009-2020 FAO Latham et al., 2014

" Approximate spatial resolution in metre at the equator.
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evapotranspired (mm day 1), A = rate of change of saturation specific
humidity with air temperature (Pa K_l), R, = netirradiance (MJ
m~2day™!), G = ground heat flux (MJ m~2 day 1), T = air temperature
at 2 m (K), y = psychrometric constant (y ~ 66 Pa Kil), uz = wind speed
at 2 m height (m s_l), and 8e = vapor pressure deficit (kPa). ET, is
considered a less ambiguous variable than actual ET and therefore,
remote-sensing ET, products perform as well as the equations they are
built on (Fisher et al., 2011). There is also little variation among
different products.

2.2.2. LULC products

Eight common LULC products were used in disaggregating croplands
into rainfed and irrigated croplands for Africa (Table 1). Detailed de-
scriptions of each LULC product can be found in Appendix A.

2.2.3. Validation dataset

An independent validation dataset of 955 (554 irrigated and 401
rainfed) cropland locations (Fig. 2) was used in validation. This ground-
truth dataset was curated by International Crops Research Institute for
the Semi-Arid Tropics (ICRISAT) from field visits and high-resolution
satellite imagery during 2015—2019.

2.3. Methods

2.3.1. Preprocessing — Climate products
All three climate products were preprocessed by mosaicking, clip-
ping to an Africa extent, resampling to 300 m using nearest neighbor
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method, and then aggregating to the annual time step (Fig. 1). The
spatial resolution of 300 m was chosen in keeping with the median and
modal resampled spatial resolution of the eight LULC products. The
MSWEP data were bias-corrected using the annual bias estimate of 5 %
for Africa compared to in situ rain gauge observations (Mekonnen et al.,
2023). Furthermore, an error correction was done on actual ET given
that natural landscapes such as grasslands should only show green water
use. Therefore ET is at most, equal to precipitation (ET < P). A mean
annual error in grassland pixels (i.e., where actual ET > precipitation) at
sub-catchment scale was therefore used as a correction factor for the
SSEBop actual ET data.

2.3.2. Preprocessing — Landcover products

The specific preprocessing steps, legend translation and maps of the
eight LULC products used in this study can be found in Appendix B.
Generally, this preprocessing involved reprojection to the WGS84
geographic coordinate system, resampling to 300 m resolution using
nearest neighbor method, harmonization to the Land Use for Water
Accounting (LUWA) classification system (Karimi et al., 2013) and then
the creation of cropland masks (Fig. 1). LUWA is a simple classification
system with eight main classes that is widely used for water accounting
(Karimi et al., 2013; Patle et al., 2023). It is based on the FAO’s land-
cover classification system, and it was chosen to simplify the landcover
classes and thereby make map interpretation and comparison easier. The
eight main LUWA classes are Tree-1, Shrub-2, Grass-3, Crop-4, Miscel-
laneous (Misc.)-5, Wetland-6, Water-7, and Barren-8 (Fig. 3). The 300 m
spatial resolution was chosen to minimize the effects of resampling on

— . S .J' "
Cropland validation points N f‘ a“]ﬁ/ \-rd
® |rigated \‘-ﬂ 5 )’l
\ —
e Rainfed \{ *w ‘/
750 1,500 3,000 km

| 1 1 ] | 1 | L ]

Fig. 2. Independent validation dataset of 955 rainfed and irrigated cropland locations across Africa.
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Fig. 3. Landcover products after legend translation to Land Use for Water Accounting (LUWA) classification.

the LULC products as this was the modal and median (rounded up to the supplementary material presents a map (Figure C1) showing how each
nearest 100 m) resolution of the eight products. The crop masks for the product compares to country level data of cultivated area from the FAO
eight landcover products are shown in Fig. 4. Appendix C of the Aquastat. The Sentinel cropland area, is generally the smallest relative to
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Fig. 4. Crop masks of eight landcover products.
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the other landcover datasets while CCI cropland is the largest.

2.3.3. Accuracy assessment of cropland masks and derivation of high-
confidence cropland map (HCCM)

Apart from apparent variations in spatial and temporal resolutions of
LULC products (Table 1), these products also differ in the base imagery
and ancillary input data, the methodology followed in their derivation,
as well as the size and quality of training and validation data (Thenka-
bail et al., 2021). The result is high uncertainty due to the disagreement
between these products (Pérez-Hoyos et al., 2017; Thenkabail et al.,
2021). To overcome this uncertainty, following an analysis of the level
of agreement of the eight LULC products for the year 2019, a high-
confidence cropland mask (HCCM) was created for cropland partition-
ing (Fig. 1). 2019 was chosen as the reference year because it was the
most recent year for which six out of eight products had data. The most
recent year was used for the two products without data for that year,
GLC-SHARE and GlobCover.

In deriving the HCCM, two assessments were carried out on the eight
crop masks. The first was a point-to-pixel accuracy assessment using the
independent cropland validation dataset. The second compares the area
of each crop mask to country-level data on cultivated area from FAO’s
Aquastat data portal (FAO, 2021). For the first assessment, the valida-
tion database did not include non-cropland classes, so it was only
possible to determine the overall accuracy of each crop mask. This is the
percentage of correctly predicted cropland areas (i.e., true positive (TP))
by the LULC products out of the 955 validation points. Following
confirmation that the Global Cropland-Extent Product at 30-m Resolu-
tion (GCEP30) was produced using the validation dataset, GCEP30 was
excluded from the derivation of the HCCM (Thenkabail et al., 2021). The
top three highest-scoring cropland masks from both assessments were
used to derive the HCCM based on 66 % agreement between them. Note
that the HCCM is not considered a new product as it is derived simply
based on the agreement between three existing products. It is used in
this study for calibration and validation of the cropland partitioning
framework to overcome the errors inherent in individual cropland
products.

2.3.4. Budyko-partitioned cropland product (BPCP)

The Budyko model was applied to the HCCM to derive green and blue
ET for the croplands (Fig. 1). An annual blue ET threshold above which
cropland was considered irrigated was set as the maximum of either the
mean blue ET of grassland pixels at the sub-catchment scale or an
infinitesimal blue ET of 0.01 mm. The mean blue ET of grassland pixels
threshold caters to ‘natural’ blue ET, for example, from flood waters
(Balana et al., 2019; Motsumi et al., 2012), whereas the infinitesimal
blue ET threshold accounts for the evaporative fraction asymptotically
approaching unity (ET/P—1) for large values of climate aridity (¢) in the
Budyko model (Carmona et al., 2016). A further distinction was then
made between irrigated cropland areas with high blue ET (>100 mm), i.
e., areas under formal irrigation, and then areas with relatively low blue
ET (<100 mm), i.e., supplemental irrigation. This threshold of at most
100 mm for supplemental irrigation was the average value based on
research on supplemental irrigation for sorghum (Fox & Rockstrom,
2003) and maize (Gadédjisso-Tossou et al., 2018), two crops grown in
nearly all ecological zones of Africa. The research found that yields in
these rainfed crops were stabilized by applying minimal amounts of
water to bridge dry spells, specifically 60-90 mm for sorghum and 150
mm for maize. Note that because annual values are used to identify
irrigated areas, both ET from double cropping and ET outside the
growing season are accounted for.

2.3.5. Validation of BPCP

Following cropland partitioning of the HCCM using the Budyko
model, validation was carried out using the same validation database of
cropland locations, this time differentiated into rainfed and irrigated
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cropland locations (Fig. 1). Out of the 955 validation points, 861 points
that fell within the HCCM cropland area were used in generating a
confusion matrix. For this accuracy assessment, a confusion matrix was
generated to show both accuracies and errors, thereby providing a
complete summary of the predictions made by the Budyko model as
compared to the actual ground truth. Overall accuracy was calculated as
the percentage of correctly predicted rainfed and irrigated areas (i.e.,
true negative (TN) and true positive (TP), respectively) by the Budyko
model, out of the 861 validation points. Denoting false negatives and
false positives as FN and FP respectively, the values for precision are the
proportion of true positive predictions out of all positive predictions
made by the model (TP/(TP + FP)); sensitivity is the proportion of true
positive (irrigated) predictions out of all actual positive instances
(TP/(TP + FN)); and specificity is the proportion of true negative
(rainfed) predictions out of all actual negative instances (TN/(TN +
FP)). A Cohen’s Kappa score, which is a measure of the classification
agreement between the Budyko-partitioned cropland map and the
validation dataset, compared to the agreement that could have been
expected by mere chance, was also calculated (McHugh, 2012).

2.3.6. Application of Budyko model to individual cropland masks
Applying the Budyko model to partition a composite cropland mask
based on highly accurate crop masks, aims to produce an alternative
disaggregated product that overcomes the errors inherent in individual
crop masks of LULC products. However, each LULC product has been
developed and validated using different approaches and databases
(Karra et al., 2021; Latham et al., 2014; Tsendbazar et al., 2020; Zanaga
et al., 2021), and as such, their crop masks may be preferred for specific
applications or study areas. In such situations, the framework followed
in partitioning the HCCM can be applied to the crop masks created from
any individual LULC product. This has been done for the original eight
cropland masks of the LULC products used in this study (Fig. 1).

3. Results
3.1. Agreement between landcover products

Following reclassification to LUWA classes, the mean agreement
between the eight LULC products across all LUWA classes for the
reference year 2019 ranges from 50.9 % to 68.6 % (Table 2). GCEP30
has the lowest agreement with the other products, an average of
approximately 50.9 % because only three LULC types are classified in
GCEP30: water, cropland, and a broad class for all non-croplands.
WaPOR and Copernicus products have the highest average correlation
with the other products (68.6 % and 67.2 %, respectively). WaPOR’s and
Copernicus’ products also have a high correlation with each other (87.7
%), possibly because WaPOR landcover maps were based on a previous
version (version 2) of the Copernicus product used in this study (version
3). Excluding their pairwise correlation, the mean correlation of WaPOR
and Copernicus with the other products is slightly reduced to 65.4 % and
63.8 %, respectively. The lowest pairwise similarity was 33.9 % between
GCEP30 and Sentinel LULC products.

Besides the small number of classes used in this study, the fair
agreement between the LULC products is mainly driven by the relatively
high agreement (>62 %) on barren (Sahara and Namib deserts), trees
(central Africa) and to a smaller areal extent, water (African Great Lakes
and other permanent lakes) classes (Fig. 5). In contrast, there is a low
agreement (<50 %) in the classification of areas as shrubs, grass, crop-
land and wetland. For croplands, the exception to this generally low
agreement occurs in small clusters across the Nile basin. For reference, a
map of administrative regions in Africa (Figure C2), obtained from IGAD
Climate Prediction and Application Center (ICPAC: https://geoportal.
icpac.net/layers/geonode%3Aafr g2014_2013_0) and another of major
river basins (Figure C3) from HydroSHEDS (https://www.hydrosheds.
org/products/hydrobasins) are provided in Appendix C in the Supple-
mentary material.
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Table 2

Correlation matrix for each possible dataset pair to compare the overall agreement (in %) for Africa. 2019 was chosen as the reference year.
Agreement % MODIS LC CCI V2 Sentinel Copernicus GCEP30 GLC-SHARE WaPOR GlobCover Mean
MODIS LC 54.6
CCILC V2 57.4 61.7
Sentinel-2 43.3 56.3 51.1
Copernicus 63.0 67.8 59.3 67.2
GCEP30 37.1 51.2 33.9 64.6 50.9
GLC-SHARE 60.5 66.1 51.7 65.1 61.4 62.6
WaPOR 63.6 68.2 59.1 87.7 72.8 65.9 68.6
GlobCover 54.4 64.9 54.4 63.0 35.5 67.4 62.9 57.5
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Fig. 5. Degree of agreement (%) of the eight remote sensing landcover products for the eight landcover for Water Accounting (LUWA) classes.

3.2. High confidence cropland mask (HCCM)

The crop masks of three LULC products, WaPOR landcover (WaPOR),
Copernicus Global Land Service-Land Cover 100 Version 3 (Copernicus),
and Global Land Cover-SHARE (GLC-SHARE), were the highest per-
forming products in both assessments, in each case scoring more than 80

Table 3

Results of independent accuracy assessment of crop masks from landcover
products (NB: GCEP30 was excluded from the accuracy assessment as the vali-
dation dataset used in this study was also used in producing GCEP30).

Landcover product Correct points Accuracy assessment (%)

WaPOR 868 91
Copernicus 807 85
GLC-SHARE 779 82
MODIS LC 604 63
Sentinel-2 542 57
CCILC V2 504 53
GlobCover 475 50

% (Table 3 and Fig. 6). These three products were therefore used to
create a high-confidence cropland map (HCCM) with a threshold
agreement of 66 % used to identify ‘true’ cropland areas. This threshold
was chosen so that the total cropland area of the HCCM was comparable
to the total cultivated area in Africa of 2.80 million km? according to
FAO’s Aquastat data for 2019 (FAO, 2021).

As expected, there is high agreement between the three cropland
masks found to have the highest accuracies following the twofold
assessment (Fig. 7a). Relatively large areas of 100 % agreement between
these three crop masks occur in the Nile basin in Egypt, Sudan, and
Ethiopia; in the North West Coast river basin in Morrocco; in the Niger
basin in Nigeria; and in the Rift Valley basin in Ethiopia. In contrast,
along West Africa’s coast, only one crop mask, and GLC-SHARE, iden-
tifies cropland pixels.

The HCCM is shown in Fig. 7b. The total cropland area in this mask is
2.36 million km?, approximately 8 % of the total area of Africa. This area
is also 84 % of the total cultivated area in Africa of 2.8 million kmz,
according to FAO’s Aquastat data for 2019 (FAO,2021).
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Fig. 7. a. Degree of agreement (in %) of three cropland masks with highest scores in two-fold assessment. b. High confidence cropland mask (HCCM) based on > 66
% agreement between the three cropland masks with highest scores in two-fold assessment.

3.3. Budyko-partitioned cropland product (BPCP)

The disaggregated cropland map created by partitioning the HCCM
into rainfed and irrigated areas using the crop partitioning framework is

shown in Fig. 8, while the confusion matrix generated after comparison
with the independent validation dataset is presented in Table 4. An area
of 461,000 kmz, which is 19 % of the HCCM cropland area is identified
as irrigated. Distinguishing between cropland areas of formal irrigation
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Fig. 8. Disaggregated cropland product for Africa showing irrigated and rainfed areas as identified using the Budyko model. A distinction is made between cropland
areas with blue ET > 100 mm (formal irrigation) and cropland areas with blue ET < 100 mm (supplemental irrigation). (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)

Table 4
Confusion matrix of rainfed and irrigated cropland product derived after parti-
tioning HCCM using the Budyko model.

Class Rainfed  Irrigated Total  User’s Commission
accuracy errors

Rainfed 321 27 348 92 % 8 %
Irrigated 208 305 513 59 % 41 %
Total 529 332 861
Producer’s 61 % 92 %

accuracy (%)
Omission errors 39 % 8%

(%)
Overall accuracy 73 %
Cohen’s kappa 0.48

(i.e., blue ET > 100 mm) and areas with supplemental irrigation in this
Budyko-partitioned cropland product (BPCP), it is found that 239,000
km? (51.9 %) is under formal irrigation. In contrast, the remaining
222,000 km? can be classified as areas under supplemental irrigation.
Large continuous areas where formal irrigation occurs can be found in
the North West Coast basin in Morocco, the Nile Valley and Delta in
Egypt, and the Nile basin in Sudan. Other notable areas where irrigation

occurs include scattered croplands in the Zambezi basin in Malawi and
Zambia, the inland delta of the Niger basin in Mali, the Lake Chad basin
in north-eastern Nigeria, and South Africa.

Following validation, an overall accuracy of 73 % was obtained. The
precision, sensitivity, and specificity values were respectively 92 %, 59
%, and 92 %. Cohen’s Kappa score of 0.48 was also obtained.

The total and intensive irrigated cropland area per country (Fig. 9)
and total for Africa (Table 5) for the BPCP is presented along with the
FAO Aquastat statistics on the irrigated area (only) and areas under
AWM. The latter FAO data captures areas under flood recession agri-
culture and cultivated inland valley bottoms in addition to formal irri-
gated areas. Additionally, the irrigated areas for the remote-sensing
products, WaPOR and Landsat-Derived Global Rainfed and Irrigated-
Cropland Product (LGRIP), are also compared. The continental total
irrigated area of BPCP (461,000 km?), is larger than the FAO irrigated
area (101,000 kmz), the area under AWM (196,000 kmz), and WaPOR
continental irrigated cropland area (275,000 km?). However, the con-
tinental total irrigated area of BPCP is comparable to that of LGRIP,
which is 494,000 km?2. The area under formal irrigation for BPCP in
Africa is comparable to the WaPOR irrigated cropland area. Considering
the irrigated area per country, Egypt is the only country where all the
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Fig. 9. Total and formal irrigated cropland area per country for Budyko-partitioned cropland product (BPCP) compared to FAO’s Aquastat data on actual irrigated
area and area under agricultural water management, as well as an irrigated area for WaPOR and LGRIP landcover products. (Notation in legend. irrig- total irrigated
area; awm- agricultural water management; prod- product).

products agree. For South Africa, the total BPCP irrigated area is similar

Table 5 to both WaPOR and LGRIP.

Total irrigated cropland area for Africa for Budyko-partitioned
cropland product (BPCP) compared to FAO’s Aquastat data on
actual irrigated area and area under agricultural water man-
agement, as well as an irrigated area for WaPOR and LGRIP
landcover products. The Budyko model was used to partition the crop masks from the
original eight LULC products in this study (Fig. 10). A range of 19 % to

3.4. Partitioning individual crop masks using Budyko

Product Total (km?) . .
30 % of the total cropland area in each product was found to be irri-
BPCP- total irrigated area 460,842 gated, and approximately half of the irrigated area for each product was
BPCP- formal irrigation 239,308 der f irrigation (Table 6). Aft titioni diff tiated
FAO- irrigated area 101173 under formal irrigation (Table 6). After partitioning an undifferentiate
FAO- AWM 196,132 WaPOR crop mask (i.e., with irrigated and rainfed areas combined into
WaPOR product 275,108 one (crop) class) using the Budyko model, the irrigated area found was
LGRIP product 493,683 499,000 km? out of a cropland area of 2.49 million km?. This is 1.8 times

larger than the WaPOR remote-sensing product’s irrigated area of
275,000 km?.

10
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Fig. 10. Crop masks of eight landcover products for the reference year 2019 partitioned into rainfed and irrigated cropland using the Budyko model.

Table 6

Total and formal irrigated area of eight crop masks for Africa after partitioning using Budyko model.

Product Total cropland Budyko-Irrigated cropland Percentage Irrigated area Budyko- Formal irrigation Percentage Formal irrigation
(km?) (km?) (%) (km?) (%)

1 MODIS LC 1,613,328 416,071 25.8 233,915 14.5
2 CCILCV2 3,165,210 893,880 28.2 472,640 14.9
3 Sentinel-2 1,052,578 314,770 29.9 188,897 17.9
4 Copernicus 2,337,732 453,483 19.4 232,033 9.9
5  GCEP30 2,689,838 725,249 30.0 378,860 14.0
6 GLC- 3,181,397 801,805 25.2 411,236 12.9

SHARE
7  GlobCover 1,825,740 518,830 28.4 301,523 16.5
8  WaPOR 2,493,455 499,109 20.0 261,484 10.5

4. Discussion

The objectives of this study were to determine the level of concur-
rence between different LULC datasets, create a composite cropland map
that addresses the challenges posed by the disparities found within in-
dividual crop masks from LULC products, and demonstrate a scalable
approach for classifying croplands into two categories: irrigated and
rainfed. On the first objective, a fair agreement is found between the
eight preprocessed LULC products used in this study, given that the
average similarity of each product compared to the other seven was at
least 50 %. This fair agreement is primarily observed in barren areas,
trees, and water classes. In contrast, there was a relatively low overlap in
shrubs, grasses, and cropland classes. Specifically on cropland classifi-
cation, Pérez-Hoyos et al. (2017) found that a full agreement between
nine LULC products occurred in only 2 % of Africa, with the highest
agreement in northern Morrocco, Algeria and Tunisia as well as the Nile
Valley in Egypt. These areas of high cropland agreement coincide with

11

100 % of agreement between the top three crop masks (WaPOR,
Copernicus and GLC-SHARE). Both studies, that of Pérez-Hoyos et al.
(2017) and this present study, therefore align with the observation that
areas of near-perfect agreement between cropland classes of LULC
products occur in well-developed irrigated areas near large reservoirs
(Thenkabail et al., 2010; Wei et al., 2020). Conversely, Pérez-Hoyos
et al. (2017) found that areas of high cropland disagreement of up to
61.8 % occurred in Namibia and Angola as well as the Sahelian regions
of Mauritania, northern Burkina Faso and Niger. These are areas where
remote-sensing approaches fail to accurately discriminate between
croplands and natural vegetation such as shrubs and grasses. This is
evidenced in the high disagreement and overlap between these three
LULC classes in this study (Fritz et al., 2010; Pittman et al., 2010).

The utility of different LULC products needs to be assessed for spe-
cific applications. However, considering the differences between indi-
vidual LULC and cropland products, using multiple maps or composite
maps based on the degree of agreement may overcome the uncertainty
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associated with using one map for continental-scale studies. For
example, in this study, the HCCM, which was derived based on the
agreement between three existing products found to have high accuracy,
was used for calibration and validation of the cropland partitioning
framework. Even with this approach, legend translation of the original
landcover products, especially for mosaic classes and the different
spatial resolutions of the original datasets, introduces errors into the
composite product (Fritz et al., 2010; Tchuenté et al., 2011). To illus-
trate, in this study, the LULC products were resampled from resolutions
ranging from 10 m (Sentinel) to 1000 m (GLC-SHARE) to a uniform
resolution of 300 m and then reclassified into a condensed eight-class
LUWA classification system. Such preprocessing involved subjective
decision-making based on literature as well as the knowledge and
judgment of the interpreters (Fritz et al., 2010; Pérez-Hoyos et al., 2017;
Tchuenté et al., 2011). It was thus subject to errors and information loss
stemming from a misinterpretation of original classes, propagation of
the inherent errors and inconsistencies of the original LULC products,
and oversimplification of landcover characteristics. In particular, the
reclassification from an average of 17 classes in the eight LULC products
to a simple 8-class LUWA classification, as opposed to the typically
extended 80-class LUWA classification, while making it easier to
compare the various LULC products, resulted in the relatively high
average agreement between LULC products.

The continental irrigated cropland area of BPCP (461,000 km?) is
relatively high compared to the FAO statistics on irrigated areas
(101,000 km?) and areas under AWM (196,000 km?). Furthermore,
when the Budyko model was applied to partition an undifferentiated
WaPOR cropland product, the Budyko model identified substantially
more irrigated cropland areas (499,000 km?) as compared to the actual
WaPOR remote-sensing product (275,000 km?). These findings align
with that of Msigwa et al. (2021), who concluded that the Budyko model
identified high blue ET even for rainfed croplands. However, it is likely
that the Budyko model is identifying blue ET from informal, farmer-led,
supplemental irrigation that is widespread across Africa (Adams, 1992;
Balana et al., 2019; Beekman et al., 2014; Drechsel & Keraita, 2014;
Woodhouse et al., 2016). As highlighted by Woodhouse et al. (2016), a
“blind spot” in the narrative and statistics on irrigation in Africa is the
failure to recognize that relatively minor adjustments made by farmers
to supply water, for instance, to cope with dry spells in the wet season,
qualify as irrigation. As such, between purely rainfed agriculture on the
one hand and the large-scale, fully irrigated technological schemes
typically held up as models on the other hand, there is a continuum of in-
between agricultural water management that is well established across
Africa (Adams, 1992; Beekman et al., 2014; Woodhouse et al., 2016).
Examples of such partial irrigation systems may include water collection
directly from streams to nearby farms using watering cans or motorized
pumps in Ghana (Akpoti et al., 2022; Drechsel & Keraita, 2014); furrow
irrigation through the diversion of streams in mountainous regions in
southern and eastern Africa (Beekman et al., 2014); flood recession
agriculture in the floodplains of seasonally flooded rivers in the upper
Volta basin (Balana et al., 2019); and the use of shallow groundwater in
valley bottoms all across Africa (Woodhouse et al., 2016). The FAO’s
statistics on AWM captures two of these informal irrigation types:
cultivated inland valley bottoms and flood recession agriculture. Still,
this official data reported by countries to the FAO overlooks other
informal supplemental irrigation.

The original, non-parametric Budyko model is a simple, lumped
model for water-energy balance studies (Gentine et al., 2012; Gerrits
et al., 2009; Greve et al., 2015; Mianabadi et al., 2020; Padron et al.,
2017; Reaver et al., 2022; Sposito, 2017; Wang et al., 2016). This is so
even under anthropogenically induced climate change because the co-
evolution of landscape conditions and hydrological processes occurs
with these changes (Mianabadi et al., 2020; Wang et al., 2016). As such,
although the scatter of data points from the overall trend in the Budyko
curve indicates the influence of environmental factors beyond climate,
climate is seen as the “primary control” of long-term water partitioning
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as soils, plants, and land features are themselves connected to climate
and ‘co-evolve’ with it (Chen & Sivapalan, 2020). This makes the
Budyko model especially well-suited for continental-scale studies
because the peculiar landscape characteristics of each location are
accounted for in the model. In its application to partition croplands
across Africa in this study, the high score of 92 % for both precision and
specificity implies that the Budyko model has a low rate of false positives
and is sufficiently accurate when identifying a cropland pixel as irri-
gated. However, there is often a trade-off between precision and sensi-
tivity, evidenced by the relatively low sensitivity score of 59 %. As such,
there is a higher rate of false negatives whereby some positive instances
(irrigated croplands) are missed and incorrectly labeled as rainfed. This
trade-off is considered acceptable for this study to ensure that the
identification of irrigated pixels by the Budyko model is trustworthy and
precise. Based on the scale established by Landis & Koch (1977) the
Cohen’s Kappa score of 0.48 in this study is considered moderate. It is
worth highlighting that some LULC products, such as WaPOR landcover
and the recently released LGRIP (Teluguntla et al., 2023) use remote-
sensing techniques to identify irrigated and rainfed cropland. For
example, with LGRIP, using the GCEP30 as a base map, machine
learning models were used to classify global agroecological zones and
then identify pixels in these classes using ground data, spectral infor-
mation, and image interpretation (Teluguntla et al., 2023). The meth-
odology presented in this study, however expands the suite of remote
sensing products that can be used for agricultural water studies as it
makes it possible to derive irrigated and cropland products for the many
remote-sensing LULC that do not have disaggregated cropland classes
but may be preferred for certain locations or studies.

Despite its good performance in this study, applying the Budyko
model has limitations. For example, owing to the unfeasibility of ¢ = 0
when ET/ET,—1, Budyko cannot accurately represent the physical limit
in the relation between ¢ and ET/ET, (Carmona et al., 2016). The un-
certainty is also associated with the estimation of model parameters
such as the aridity index. This study used remote-sensing-based climatic
inputs that also have their limitations across Africa, partly stemming
from the unavailability of in situ measurements (Mekonnen et al., 2023;
Weerasinghe et al., 2020). Furthermore, it is possible that despite a
tenfold increase in the spatial resolution used in this continental appli-
cation compared to Msigwa et al. (2021), from 30 m to 300 m, steady-
state conditions are still not met. Studies indicate that a much larger
spatial scale of > 10,000 km? would improve the effectiveness of the
Budyko model (Mianabadi et al., 2020; Wang et al., 2016, Wang et al.,
2022). However, the main limitation of this study is the spatial scale of
input landcover datasets, which at 300 m exceeds the average farm size
in Africa estimated to be less than 1 ha (Giller et al., 2021). Thus, using
even larger spatial resolutions would result in further loss of detail and
accuracy with respect to the applicability of the framework to croplands
in Africa.

5. Conclusion

Understanding the distribution of rainfed and irrigated areas pro-
vides valuable insights for agricultural water management and food
security. However, identifying and disaggregating croplands in Africa is
complex due to its extensive geographical expanse, diverse climates, and
agricultural practices. This study first evaluated the agreement among
eight land use and landcover datasets for Africa and then developed a
high-confidence cropland map (HCCM) to overcome the disparities
within individual crop masks of the LULC products. Subsequently, the
Budyko model was used to distinguish between rainfed and irrigated
cropland areas for the HCCM and the eight remote-sensing landcover
products, demonstrating a scalable framework for partitioning cropland.

The assessment of agreement between all landcover classes of the
eight products showed a fair pairwise agreement of approximately 50 %,
mainly driven by high agreement on the classification of areas as barren
areas, trees, or water. Alternatively, there was high uncertainty and
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overlap in areas classed as shrubs, grasses, and crops. The results of
cropland partitioning of the HCCM using the Budyko model show that an
area of 461,000 km?, approximately 19 % of the total HCCM area of 2.36
million km?, is irrigated. For the eight remote-sensing landcover prod-
ucts, the irrigated areas ranged from 19 % to 30 % of their respective
cropland areas. For the HCCM and individual landcover products,
approximately half of the irrigated areas were identified as cropland
under formal irrigation, defined in this study as irrigated areas where
blue evapotranspiration exceeds 100 mm. Compared to FAO’s irrigated
area and areas under agricultural water management, the area of the
HCCM identified as irrigated by the Budyko model is relatively large.
This is likely due to the Budyko model capturing blue ET from all ‘excess’
water applied to crops as part of informal, farmer-led, supplemental
irrigation widespread across Africa but not well-captured in the formal
data reported by countries to the FAO. Using an independent validation
dataset, the overall accuracy of the Budyko model in partitioning the
HCCM was 73 %. High precision and specificity scores confirm that the
Budyko model effectively identifies irrigated areas while making rela-
tively few errors in misidentifying rainfed areas as irrigated.

The Budyko model performs well in partioning between irrigated
and rainfed areas in Africa, making it a well-suited model for
continental-scale water-energy balance investigations. The cropland
partitioning framework demonstrated in this study thus expands the
range of landcover products that can be used for studying agricultural
water management on a continental scale. Ultimately, this contributes to
the development of sustainable and resilient agricultural systems in
Africa by enhancing the understanding of irrigation and rainfed
patterns.
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