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Knowledge of the extent and distribution of irrigated and rainfed croplands is critical in providing the necessary
baseline data for enhancing agricultural efficiency and making informed policy decisions. Accurately identifying
and mapping irrigated and rainfed croplands can hasten the attainment of Sustainable Development Goals
(SDGs) 1 and 2, aimed at reducing poverty and hunger, respectively. However, traditional methods employed to
identify and map cropland areas are expensive and require substantial labour, particularly in extensive envi-
ronments. As a result, this study presents a comprehensive and spatially explicit methodological framework for
identifying and mapping national-scale irrigated and rainfed croplands in South Africa. This framework leverages
low-cost earth observation technologies (Sentinel-2 MSI) and employs highly accurate classification algorithms,
namely Deep Learning Neural Network (DNN) and Random Forest (RF). The proposed methodology strategically
integrates data from multiple sources, including public repositories (e.g., cropland data, evapotranspiration),
ongoing research (e.g., land cover maps), and field data, to enhance the accuracy and reliability of the results.
The methodology begins by employing a robust random forest model to classify the study area into distinct land
cover types. Leveraging the power of a deep learning neural network (DNN), the method accurately distinguishes
between irrigated and rainfed croplands in South Africa. The random forest model achieved a notable classifi-
cation accuracy of 0.77 when identifying the main land-use and land cover types. Meanwhile, the deep learning
neural network (DNN) model achieved an accuracy of 0.71 in differentiating rainfed and irrigated croplands at a
national scale. These results highlight the effectiveness of the proposed methodology in providing baseline in-
formation relevant to crop monitoring, yield forecasting, and understanding agricultural food supply systems.
Furthermore, the proposed methodology has the potential to offer timely and accurate information on cropland
areas and their extent which could assist in implementing targeted interventions for optimising agricultural
productivity. With its potential to be upscaled to other sub-Saharan countries, this methodology enriches agri-
cultural decision-making and plays a vital role in bolstering food security and advancing the attainment of SDGs.

1. Introduction

Agriculture plays a vital role in addressing food insecurity in most
developing countries, considering how food systems are currently under
pressure from population growth, climate change, pandemics, and land
degradation (Baiphethi & Jacobs, 2009, Hendriks, 2014, Waldner et al.,
2017). In addition to tackling food insecurity, agriculture also supports
livelihoods by contributing towards socio-economic activities, as
observed in 2019 when 53 % of the working population in sub-Saharan
Africa was employed in the agricultural sector (Bank, 2021). Despite
these contributions, 220 million people in sub-Saharan Africa are still
undernourished, and less than 20 % of countries have yet accelerated
agricultural productivity as committed under the Malabo Declaration

https://doi.org/10.1016/j.isprsjprs.2023.09.006

(Shimeles et al., 2018, Ayanlade & Radeny, 2020). Subsequently, the
first step towards improving agricultural productivity in sub-Saharan
Africa involves an inventory of all cropland types (e.g., irrigated or
rainfed). By conducting an inventory of cropland types, including irri-
gated and rainfed lands, governments in sub-Saharan Africa can un-
derstand their food supply potential and accelerate progress towards
achieving SDG 1 (no poverty) and SDG 2 (zero hunger).

Most agricultural landscapes in sub-Saharan Africa are dominated by
rainfed croplands while irrigated croplands constitute a small portion of
the available arable land (Landmann et al., 2019, Ayanlade & Radeny,
2020). The scales at which irrigated and rainfed croplands address food
insecurity are different but aligned. Irrigated croplands are usually
associated with commercial farms and can potentially improve national
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food security, whilst rainfed croplands are typically linked with small-
holder farms and can improve household food security (Baiphethi &
Jacobs, 2009, Akbari et al., 2020). Consequently, understanding the
magnitude of these croplands contribution towards redressing food
insecurity requires a robust inventory of their productivity, size, and
distribution. An inventory of the extent of irrigated and rainfed crop-
lands will likely assist with crop monitoring and yield forecasting (de
Graaffetal., 2011, Blair et al., 2018). This will also help with monitoring
the expansion of agricultural landscapes into protected and sensitive
ecosystems (Potapov et al., 2022).

Several attempts have been made by different institutions to derive
global cropland data, using freely accessible remote sensing technolo-
gies (Pittman et al., 2010, Teluguntla et al., 2018). For example, the
global cropland data are provided by the Global Food Security-support
Analysis Data (GFSAD) project under NASA (Congalton et al., 2017).
The GFSAD provides global cropland data at a spatial resolution of 30 m,
which is adequate to detect most croplands at a national scale. Although
the dataset captures most croplands, the dataset does not provide in-
formation on whether croplands are irrigated or rainfed (Congalton
et al., 2017, Oliphant et al., 2022). On the other hand, existing global
datasets on irrigated croplands are provided at a low spatial resolution
and might not be suitable for local and national scale planning purposes
(Suyker & Verma, 2009, Portmann et al., 2010). For instance, the Global
Map of Irrigation Areas (GMIA) published by FAO is provided with a
spatial resolution of ~10 km, which might be coarse for yield forecasting
and crop monitoring in small-holder farming areas (Siebert et al., 2005,
Portmann et al., 2010). Accurately assessing the extent of irrigated and
rainfed croplands is crucial particularly for sub-Saharan African coun-
tries, yet data availability presents several constraints to this task at both
a finer and national scale (Waldner et al., 2016, Waldner et al., 2017).
The absence of reliable datasets on irrigated and rainfed croplands could
result in drawing up unreliable decisions and policy initiatives that
could retard agricultural productivity and potentially increasing food
insecurity.

Efforts to map national-scale irrigated and rainfed croplands at
higher resolution have been limited by the trade-off between spatial
resolution and the extent of coverage in remotely sensed data (Duveiller
& Defourny, 2010, Hu et al., 2021). Previous attempts to spatially
quantify the extent of irrigated and rainfed croplands at a higher spatial
resolution have mainly focused on smaller geographic extents (Suyker &
Verma, 2009, Van Koppen et al., 2017). This has led to the lack of high-
resolution national scale maps on the extent of irrigated and rainfed
croplands which are necessary for accurately mapping and forecasting
yield and crop productivity in most countries (e.g., in South Africa) (Li
et al., 2022). Understanding the distribution and extent of national scale
irrigated and rainfed croplands is essential for identifying areas of po-
tential expansion or intensification of agricultural production (Hu et al.,
2021, Xia et al., 2022). As a result, the lack of national-scale maps of
irrigated and rainfed croplands makes it challenging to address the
looming food insecurity and improve agricultural productivity in most
sub-Saharan African countries (Waldner et al., 2016, Waldner et al.,
2017, Useya & Chen, 2019, Useya et al., 2019).

In 2008, 14 million people in South Africa were estimated to be
susceptible to food insecurity (Labadarios et al., 2009). However, the
necessary information on the extent and distribution of irrigated and
rainfed croplands, required in addressing the issue of food insecurity in
South Africa, was scanty and outdated (SA, 2017, SA, 2021). The latest
information available showing the extent and distribution of irrigated
and rainfed croplands in South Africa was published in 2019 (DFFE,
2020), and it is outdated since the COVID-19 pandemic negatively
impacted all sectors including agriculture and resulted in reduced food
production and increased farm abandonment (Paganini et al., 2020).
Between 2019 and 2021, the combined impact of COVID-19 and crop
abandonment resulted in 17.3 % of South Africans experiencing mod-
erate to severe food insecurity, with 7.0 % facing severe food insecurity
(SA, 2021). Timely information on the cropland extent, crop yield and

118

ISPRS Journal of Photogrammetry and Remote Sensing 204 (2023) 117-130

the available agricultural food supply could have served as a support
system, guiding decision-making processes aimed at implementing
effective measures to redress food insecurities. Therefore, there is an
urgent need to come up with robust time efficient methods for gener-
ating accurate cropland extent information at national scales.

Producing national-scale maps requires rigorous sampling strategies
that are costly and take time to complete (Schoeman et al., 2013,
Waldner et al., 2017, Landmann et al., 2019, Useya et al., 2019). Owing
to these constraints, data collection can be restricted to accessible areas
and optimistically biased samples can be used. The trade-off between
data sampling costs or using optimistically biased samples can be
avoided through the use of multisource data (Millard & Richardson,
2015). Multisource data from several open-source repositories can be
useful in accurately mapping extensive or complex environments. For
example, Funk and Budde (2009) used phenologically tuned NDVI-
based production anomaly estimates to characterise agricultural land
and crop production in Zimbabwe. Schoeman et al. (2013) used multi-
source data to map land cover changes in South Africa at a national
scale. In another study, Waldner et al. (2017) used multisource data to
accurately estimate the cropland extent in South Africa. These studies
demonstrate how multisource datasets can be equally reliable and
relevant whenmapping croplands at a national scale.

National scale rainfed and irrigated cropland maps for countries that
are expansive in areal extent require high computational power
(Waldner et al., 2017, Landmann et al., 2019, Useya et al., 2019). In
addition, discriminating irrigated and rainfed croplands in extensive
landscapes with commonly used classifiers such as maximum likelihood
classifier (MLC) or Naive Bayes might return maps with low accuracies
because of the high spectral mixing existent in heterogeneous land uses
and land cover types (Zhu et al.,, 2017, Van Niekerk et al., 2018,
Thompson et al., 2020). Recent advancements leveraging clouding
computing technologies such as Google Earth Engine (GEE) and deep
learning algorithms present a novel approach for accurately mapping
and monitoring irrigated and rainfed croplands at higher spatial reso-
lutions (Sun et al., 2019, Magidi et al., 2021, Saleem et al., 2021, Sun
et al., 2023). Deep learning algorithms, such as deep neural networks
(DNN), convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), have shown promising results in remote sensing ap-
plications, including land cover classification and crop type mapping
(Sidike et al., 2019, Sun et al., 2019, Saleem et al., 2021, Sun et al.,
2023). These approaches leverage the ability of deep neural networks to
automatically learn features from large amounts of remote sensing data,
allowing for more accurate and detailed mapping of croplands,
including their types and irrigation status (Zhu et al., 2017, Ma et al.,
2019). The ability of DNN to learn from data also allows the use of the
algorithm with multisource data (e.g., photo-interpreted points and
secondary data) and this has increased its popularity (Liu et al., 2018).
When combined with highly accurate algorithms such as random forest,
the DNN has been proven to be robust and has achieved relatively higher
prediction accuracies, particularly with complex and high-dimensional
datasets, due to the complementary strengths of both approaches
(Dong et al., 2019, Zamani Joharestani et al., 2019, Kavhu et al., 2022).
Random forests can handle categorical variables and noisy data, while
deep neural networks can capture intricate patterns and relationships in
the data (Dong et al., 2019, Dang et al., 2021). Together, they can
provide a powerful ensemble that combines the benefits of both tech-
niques and can lead to better overall performance in various tasks, such
as image recognition, natural language processing, and predictive
modelling (Liu et al., 2018, Dang et al., 2021).

The main objective of this study is to create an accurate and
comprehensive national scale inventory of irrigated and rainfed crop-
lands, using multisource data. The goal is to provide reliable and up-to-
date information to support decision-making in addressing food inse-
curity and improving agricultural productivity, particularly in sub-
Saharan African countries such as South Africa. The integrated
approach includes a two-step approach that involved identifying all
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cultivated cropland areas with the random forest algorithm and reclas-
sifying the cultivated areas into rainfed and irrigated croplands with a
DNN. The use of deep neural networks presents a novel approach for
accurately mapping and monitoring irrigated and rainfed croplands at a
national scale in South Africa. The approach has the potential to address
the data gap and provide timely and up-to-date information for
addressing food insecurity and improving agricultural productivity. By
incorporating deep learning techniques into the mapping process, this
study aims to overcome the limitations of traditional remote sensing
methods and provide a more accurate and comprehensive understand-
ing of the extent and distribution of irrigated and rainfed croplands in
South Africa. The methodological framework presented in this study
provides baseline data and information necessary for timely decision
making as a pathway towards addressing food security. This framework
can also be upscaled to other sub-Saharan countries for improved de-
cision making in the agriculture sector.

2. Methods and materials
2.1. Study area

Crop and livestock production are the main agricultural activities in
South Africa and crop production is mainly dominated by maize and
wheat, whilst livestock production is dominated by cattle ranching and a
developed poultry sector (Netshipale et al., 2020). The distribution of
these agricultural activities in the nine administrative provinces: Eastern
Cape, Free State, Gauteng, KwaZulu-Natal, Limpopo, Mpumalanga,
Northern Cape, Northwest, and Western Cape is shown in Fig. 1. These
activities exist in subsistence or commercial farms, using rainfall or
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irrigation water as the primary water source (Giannecchini et al., 2007,
Schoeman et al., 2013, Waldner et al., 2017).

The climate in South Africa ranges from subtropical to Mediterra-
nean, allowing different farming systems across the landscape (Nyam
et al., 2020, Meza et al., 2021). Although the climate and landscape
support agricultural activity, the contribution of agriculture to gross
domestic product (GDP) has declined over the years from a high of 10 %
in 1960 (Division, 2010) to 2.3 % in 2020 (Department of Agriculture,
2020).

2.2. Collection of training data

Training data (n = 18,520) were collected from multiple sources
(fieldwork, photo-interpreted data, and secondary data) for image
classification. The training points were distributed across the study area
and represented a range of land-cover classes (irrigated, rainfed, culti-
vated, shrubland, barren land, built-up, forested land, grassland, and
water), as defined in Table 1.

The fieldwork for this study was carried out during the wet and dry
seasons between June 2021 and December 2022. To collect the field-
based training points (n = 520), 400 m? plots were randomly placed
in 500 km? grids that subdivided the study area following the method-
ology outlined in DFFE (2020). The plot size was based on the pixel size
of the Sentinel-2 MSI satellite image used in the study. The main land-
cover type in the 400 m? plots was observed and recorded for image
classification. Due to the extensive geographic scope of the study area, it
was not possible to collect field data simultaneously with the acquisition
of all images covering the area.

In addition to the field-collected training points, data from photo-
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Fig. 1. Map of South Africa and the main agricultural regions across the study area (Waldner et al., 2017).
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Table 1
The description used to define the landcover types used in this study.
Landcover Description Source

Barren/Bare (n Area with minimal to zero vegetation (Sharma et al.,
= 2500) cover 2016)
Forested (n = Land predominantly covered by trees (Zhu & Waller,
2890) 2003)
Grassland (n = Area with minimal tree cover but (DFFE, 2020)
2024) extensive grass
Water (n = Areas containing open surface water e. (Ritchie & Roser,
1023) g., rivers, lakes, dams 2013)
Cultivated (n An area with agricultural activity (DFFE, 2020)
= 5620)
Built-up (n = An urban area or an area characterised ~ (Mpakairi &
2400) by buildings Muvengwi, 2019)
Shrubland (n Areas with extensive shrubs intermixed (DFFE, 2020)
= 2063) with bare soil and scarcely distributed

trees

Irrigated (n = Agricultural areas with evidence of (Ritchie & Roser,

3120) winter farming and irrigation water use 2013, DFFE, 2020)
(e.g., pivot agriculture)

Rainfed (n = Agricultural areas depended on rainfall ~ (Ritchie & Roser,

2500) with minimal winter cropping 2013, DFFE, 2020)

interpreted sources (n = 8,000) and secondary data (n = 10,000) were
also used to train the image classifiers. For photo-interpreted points, the
high-resolution (less than0.5 m) imagery in Google Earth (https://www.
googleearth.com) was systematically scanned, using the 500 km? grids
as a guide, with the land-cover for each training point defined based on
the observed land-cover class the image. To verify the land-cover of
training points derived from secondary data, each point was overlaid on
high-resolution imagery in Google Earth, and points with matching
land-cover were retained while those with mismatching land-cover were
excluded. This process enabled the visual confirmation of the landcover
classification of the training points, which was essential to ensure the
accuracy and quality of the data used for the analysis.

2.3. Satellite data acquisition and processing

To detect and distinguish different land cover types as well as irri-
gated and rainfed croplands, this study used surface reflectance from
Sentinel-2 Multispectral Instrument (MSI) accessed via the Google Earth
Engine platform (GEE) (https://code.earthengine.google.com). The
images (n 34 373) were cloud-free and spanned three years
(2019-2021). The cropping season in the study area varies with region
owing to the climate that exists, therefore, when identifying the different
types of land cover, this study used surface reflectance images that were
acquired throughout the year to ensure that all land cover types were
captured. For example, crops are grown during different months i.e.,
winter and summer months in different regions of the study area,
therefore images for those regions were captured during the corre-
sponding months to capture the variations in land cover types. This
approach allows for a more accurate and comprehensive understanding
of the land cover and land use in the study area. The surface reflectance
images provided in the GEE are already processed for atmospheric and
radiometric errors; however, to remove remnant clouds, this study used
the quality assessment band (QA60) to mask out areas with smoke and
cirrus clouds following Mpakairi et al. (2022a). The resulting data cube
with several images was stacked. The median function in the GEE was
then used as a reducer to composite the data cube into only ten spectral
bands (i.e., blue, green, red, near infrared (NIR), four red-edge, and two
short-wave infrared). This was done to address the high variability
owing to landscape heterogeneity (Gxokwe et al., 2022, Mpakairi et al.,
2022a). The resulting data cube was then resampled to 20 m resolution.

Three spectral indices (Normalised Difference Vegetation Index
(NDVI), Modified Soil Adjusted Vegetation Index (MSAVI 2) and
Modified Triangular Vegetation Index (MTVI2)) were calculated from
the median composite Sentinel-2 MSI imagery and used in the
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classification process (Table 2). NDVI and MSAVI2 were chosen based
on their sensitivity to vegetation greenness even in areas with interfering
soil reflectance (Mudereri et al., 2021). Lastly, MTVI2 was selected
based on how it is sensitive to leaf chlorophyll content (Xing et al.,
2019). In addition to vegetation indices the Shuttle Radar Topographic
Mission (SRTM) Digital Elevation Model was also used in the classifi-
cation processes.

To identify all the cultivated cropland areas in the study area, the
median composite Sentinel-2 MSI images were combined with the
vegetation indices and the DEM. The data cube was then classified into
distinct landcover classes (i.e., cultivated, shrubland, barren land, built-
up, forested land, grassland, and water). Particularly, the data cube was
comprised of 14 variables which were of the 10 spectral bands (i.e., blue,
green, red, near infrared (NIR), four red-edge, and two short-wave
infrared), three spectral indices (NDVI, MSAVI2, MTVI2) and elevation
illustrated in Table 3. This final image composite was used for the land
cover classification in GEE, using the random forest algorithm.

2.4. Image classification

To identify rainfed and irrigated cropland, this study used a two-step
approach that included (1) classifying the entire study area with the
random forest model, masking out the non-croplands and (2) reclassi-
fying the random forest generated cultivated areas into rainfed, and
irrigated croplands using the deep learning algorithm. These steps are
summarised broadly in Fig. 2.

Before testing the proposed methodology at a national-scale, we
compared the robustness of the random forest, gradient tree boosting,
deep learning in classifying irrigated and rainfed cropland amongst
other classes. In addition, we also compared the proposed two step
approach of classifying the cultivated land and reclassifying it into
irrigated and rainfed using both random forest and gradient tree
boosting combined with the deep learning algorithm. The performance
of these algorithms in classifying irrigated and rainfed cropland was
evaluated at a smaller spatial extent. The method that exhibited the
highest overall accuracy was then adopted to characterise irrigated and
rainfed cropland at a national scale. Using insights gained from this
localized testing, the two-step approach that used random forest and
deep learning had the highest accuracy hence it was adopted and
applied at a national scale, fulfilling our overarching goal of generating
accurate and comprehensive cropland inventory data.

The random forest algorithm was used because it is a reliable and
highly predictive classifier capable of dealing with non-linear data
(Mpakairi & Muvengwi, 2019, Mpakairi et al., 2022b). It has also been
observed to outperform other classifiers such as Support Vector Ma-
chines and Naive Bayes (Gxokwe et al., 2022). The random forest al-
gorithm was implemented in GEE. In addition, the gradient tree boosting
algorithm was selected as a robust classification method due to its ability
to handle complex relationships and capture intricate patterns within
the data (Georganos et al., 2018, Jozdani et al., 2019, McCarty et al.,
2020). This algorithm is well-suited for non-linear data and has
exhibited superior performance compared to other classifiers, such as
Support Vector Machines and Naive Bayes, as demonstrated in previous
studies (Jozdani et al., 2019). The gradient tree boosting algorithm was
also implemented within the Google Earth Engine (GEE) platform,
allowing for efficient and effective classification of land cover types in
the study area. Lastly, the deep learning was executed in R (TEAM,
2014), using the h20 package (LeDell et al., 2018). Deep learning in h20
uses a multilayer feed-forward artificial neural network that relies on
error back-propagation (Candel et al., 2016, Costache et al., 2022). The
multilayer feed-forward artificial neural network structure comprises
input layers connected to the output layer through hidden layers. The
hidden layers transform the input data to output data through neurons
with tanh, rectifier, and activation functions (Aiello et al., 2016). Deep
learning relies on parameterisation to improve the prediction accuracy,
and the key parameters that need to be parametrized include the
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The formulas used to calculate the ancillary spectral indices were used to enhance classification. Where NIR, Red and Green represent the near-infrared, red and green

spectral bands respectively.

Spectral index Formulae Source
Normalised Difference Vegetation Index (NDVI), (Nir — Red) Mutanga et al. (2012)
(Nir + Red

Modified Soil Adjusted Vegetation Index (MSAVI 2)

Gholami Baghi & Oldeland (2019)

2NIR +1 - \/(2NIR + 1) — 8(NIR — Red)

2
1.2(NIR — Green) — 2.5(Red — Green)
\/(2NIR +1)? - (6NIR — 5VRed) — 0.5

Modified Triangular Vegetation Index (MTVI2) Xing et al. (2019)

15

Table 3

The data sources used in this study.

activation function (activation), dropout, number of hidden layers, the
number of times to iterate (epoch) and adaptive learning rate (Aiello
et al., 2016, Costache et al., 2022). For example, increasing the hidden

Name Resolution  Date range Source layers and the learning rate allows deep learning to solve complex sit-
Digital Elevation Model 30m Shuttle Radar uations (Aiello et al., 2016).
(DEM) Topographic
Mission (SRTM)
Sentinel-2 MSI 20m January 2.5. The application of the two-step approach at a national scale
2019-December
201 2.5.1. Classificati Itivated land using rand ional
Modified Soil Adjusted 20m January Derived from .5.1. Classification of cultivated land using random forest at a national
Vegetation Index 2019-December Sentinel-2 MSI scale
(MSAVI 2) 2021 The random forest classification was conducted using eighty percent
Modified Triangular 20m January Derived from (80 %; n = 14,816) of the total sampled points representing cultivated,
Vegetation Index 2019-December Sentinel-2 MSI .
(MTVI2) 2021 shrubland, barren land, built-up, forested land, and grassland as well as
Normalised Difference 20m January Derived from the water classes. Next, the remaining twenty percent (20 %; n = 3,704)
Vegetation Index 2019-December Sentinel-2 MSI of the total sampled points were used as the testing dataset to assess the
(NDVD) 2021 ) accuracy of the classification model. The performance of the model was
Potential 20m January Derived from assessed using the Overall Accuracy (OA) whilst the accuracy of each
evapotranspiration 2019-December Sentinel-2 MSI . L.
(PET) 2021 using SEBAL land cover class was evaluated using the F-1 statistic, producer, and user
model accuracy. These accuracy measures are fully explained in Mudereri et al.
(2021) and Ngadze et al. (2020).
After classifying the study area into different landcover types, all the
//—_==========—===—_======_—__======—_==—_r\
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Fig. 2. Summarised flowchart showing the steps and processes followed in identifying irrigated and rainfed croplands in the study area.
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cultivated areas were extracted and converted into a shapefile. The
cultivated area shapefile was used to extract pixels from the median
composite Sentinel-2 MSI image, and these pixels and their spectral
information were deemed to represent all the cultivated areas in the
study area.

2.5.2. Identifying irrigated and rainfed croplands at a national scale

To identify irrigated and rainfed crops, all areas identified as culti-
vated land by the random forest model were used. Other landcover
classes were masked out retaining areas covered by the cultivated areas.
Potential evapotranspiration (ET) was then added into the data cube
generated in section, 2.3. Potential evapotranspiration (ET) was
included to enhance the characterisation of irrigated croplands since
they use more water when compared to rainfed croplands (Attia et al.,
2015). Potential evapotranspiration (ET) was derived from the GEE
using the Surface Energy Balance Algorithm for Land (SEBAL) following
(Mhawej & Faour, 2020). The Surface Energy Balance Algorithm for
Land (SEBAL) estimates potential evapotranspiration (ET) by computing
the difference between the available energy at the land surface and the
energy used for sensible heat flux, and then scaling this difference using
a surface resistance parameter (Jassas et al., 2015, Mhawej & Faour,
2020). The algorithm employs remotely sensed data, such as surface
temperature and vegetation indices, to derive the necessary inputs for
the energy balance equation (Jassas et al., 2015). The ET was calculated
for each satellite image acquired over the study period (2019-2021) and
averaged to obtain the annual ET values for each cropland. The data
cube was then clipped using the RF generated cultivated land extent.
The resultant median composite image representing all the cultivated
areas was then classified again into rainfed and irrigated areas. Then
classification was done using training data representing irrigated and
rainfed areas. All the datasets used in this study are listed in Table 3.

2.5.3. Deep learning modelling framework

To discriminate between irrigated and rainfed croplands using the
deep learning algorithm, parameterisation was done using grid search-
ing on a set of hyperparameter options shown in Supplementary 1. The
optimal hyperparameters were identified through a cross-validation (n
= 10 times) process with 80 % (n = 4496) of the training data. The
remaining dataset was used for model validation (10 %; n = 562) and
model testing (10 %; n = 562). During model calibration, the best-
performing model had the lowest log loss even after increasing the
number of epochs. The results from the DNN model were evaluated
using the Overall Accuracy (OA) and area under the receiver operating
curve (ROC) and area under the curve (AUC). Class accuracy was eval-
uated using the F-1 statistic, producer, and user accuracy.

3. Results
3.1. Exploratory comparison of different classification algorithms

The exploratory comparison of different classification algorithms on
a small area showed that the model using the random forest combined
with deep learning had a higher accuracy compared to the other algo-
rithms tested (Table 4). This was followed by the gradient tree boosting
combined with deep learning (OA = 0.82) and the deep learning model

Table 4
The model performance for different models and model combinations.

Model Model performance (Overall
Accuracy)

Random forest 0.78

Gradient tree boosting 0.67

Deep learning 0.80

Random forest combined with deep learning 0.89

Gradient tree boosting combined with deep 0.82

learning
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(OA = 80). The classification output from these algorithms is shown in
Supplementary Fig. 1.

3.2. National scale classification using random forest

The random forest was able to classify different landcover types at a
national scale and had an overall accuracy of 0.77. The proximal clas-
sification output demonstrating the performance of the random forest
model for different land cover types is shown in Fig. 3. The performance
of the random forest model was influenced mainly by the shortwave
infrared (B11), and blue (B2) spectral bands and one ancillary band
(elevation). On the other hand, the least contributing bands were NDVI,
MSVAI2, and the red (B4) spectral band (Fig. 4).

The per-class accuracy for all the land cover types was relatively high
based on the F-1 score, user and producer accuracy (Fig. 5). Specifically,
water (F-1 score = 0.97 and UA = 0.96), shrublands (F-1 score = 0.87
and UA = 0.92) and vegetation/forested (F-1 score = 0.73 and UA =
0.67) had the highest per-class accuracy whilst barren land (F-1 score =
0.71 and UA = 0.68), cultivated (F-1 score = 0.69 and UA = 0.63), and
grassland (F-1 score = 0.71 and UA = 0.79) had the lowest per-class
accuracy. Although cultivated areas had a lower per-class accuracy,
the output had high spatial fidelity to the underlying landcover type
(Fig. 3). In addition, shrublands (37 %) and grasslands (30 %) covered
most of the study area whilst the combined area covered by water and
built-up areas was less than 12,000 ha (Fig. 6).

3.3. Discriminating rainfed and irrigated areas using the DNN algorithm

The deep neural network model was able to classify irrigated and
rainfed farms with high accuracy. The area under the receiver operating
curve (AUC) for the DNN was high during model training (AUC = 0.80),
validation (AUC = 0.71), and testing (AUC = 0.71) (Fig. 7(a)). The red-
edge-3 (B7), red (B4), red-edge-4 (B8A) and one ancillary variable
(elevation) were the most influential discrimination variables, and these
contributed ~40 % to the overall performance of the model (Fig. 7(b)).
(The second SWIR (B12), blue (B2) and red-edge 1 (B5) spectral bands
contributed the least to the overall model performance with a combined
contribution of ~21 %. The classified output of rainfed and irrigated
croplands had high spatial fidelity and corresponded with the underly-
ing farms when overlaid on high-resolution imagery (Fig. 9).

The overall per-class accuracy of the classified rainfed and irrigated
farms was high (UA greater than 0.6). Specifically, irrigated farms had a
higher accuracy (F-1 score = 0.81 and UA = 0.71) when compared to
rainfed farms (F-1 score = 0.36 and UA = 0.68) (Fig. 8).

The distribution of the classified croplands varied across the study
area (Fig., 10). The Free State, Northwest and Western Cape provinces
had the highest number of croplands and accounted for ~60 % of all the
croplands in South Africa (Fig. 11). In addition, these provinces also
accounted for the highest number of irrigated croplands whilst the
Eastern Cape, KwaZulu Natal and Western Cape provinces had the
highest number of rainfed croplands. In all the nine provinces, irrigated
croplands were higher than rainfed croplands except for KwaZulu Natal
and Eastern Cape provinces where rainfed croplands were more than
irrigated croplands.

4. Discussion

The extent and distribution of irrigated and rainfed croplands pro-
vides baseline data and information necessary for tackling food inse-
curity in South Africa. The current methods of identifying these cropland
areas are costly for extensive environments. Alternatively, multisource
data compiled from public repositories, ongoing research, and agricul-
tural databases can be used. The study aimed to present an integrated
approach towards mapping irrigated and rainfed croplands with the use
of multisource data and machine learning algorithms. Results from this
study demonstrate how this could be achieved a national scale in the
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context of South Africa.

4.1. Algorithms performance in identifying irrigated and rainfed
croplands

The sequential approach of using of random forest to map cultivated
areas and further reclassifying the cultivated areas into rainfed and
irrigated croplands using deep learning had a relatively higher accuracy
(OA = 0.89) compared to all the other models. This justified its adoption
for the identification of rainfed and irrigated croplands on a national
level.

The high performance of the combined random forest and deep
learning model is not surprising since the random forest model has
exhibited higher accuracies in different studies that the algorithm has
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been used (e.g., in Rodriguez-Galiano et al. (2012), Zeng et al. (2020)
and Chen et al. (2019)). The robustness of the random forest algorithm,
characterized by its capacity to counter model overfitting, its adeptness
in managing unbalanced datasets — including nationwide landcover data
— has established its prominence in classification studies (Rodriguez-
Galiano et al., 2012, Akbari et al., 2020, Phalke et al., 2020, Rahman
et al., 2020). When combined with other algorithms, the random forest
algorithm, can not only enhance classification accuracy, but also
significantly enhances the spatial fidelity of the generated landcover
maps. This was evident from the improved spatial fidelity after the
random forest algorithm was combined with the deep learning model
while exploring diverse algorithmic approaches. The optimal perfor-
mance of the two-step approach could also be plausibly attributed to the
DNN'’s capacity to effectively capture intricate patterns within complex
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Fig. 8. The overall and per-class accuracy of irrigated and rainfed croplands
classified using the deep DNN model.

and diverse multisource data thereby enabling accurate discrimination
of irrigated and rainfed croplands (Landmann et al., 2019, Useya et al.,
2019, Kavhu et al., 2022).

The results showed that the two-step approach exhibited an OA of
0.89 at a smaller extent whereas at a nation scale it exhibited an OA of
0.71. This minor difference in the accuracies could be attributed to the
fact that at a national-scale mapping an added layer of complexity is
introduced due to extensive landscape and crop heterogeneity, which
could be impacting the discrimination of irrigated and rainfed crop
spectral signatures (Smith et al., 2003, Waldner et al., 2017, Landmann
et al., 2019, Useya et al., 2019). These findings are similar to those of
(Bey et al., 2020), who noted that increased landscape extent affects the
overall classification of croplands. In addition, the different agroclimatic
characteristics at a national scale affect the crops phenological stages
thus influencing the spectral separability of rainfed and irrigated crop-
lands (Waldner et al., 2015, Yang et al., 2019, Bey et al., 2020). Lastly,
the performance of the two-step approach could be attributed to the
input variables that were included in model calibration.

The red-edge and red spectral bands were identified as the most
influential variables in the discrimination of rainfed and irrigated
croplands. These spectral bands are suitable for identifying agricultural
landscapes because the biophysical and biochemical parameters of crops
are easily detectable in these spectral regions (Mariotto et al., 2013,
Waldner et al., 2016, Csillik & Belgiu, 2017). For example, crops and
vegetated environments are sensitive to the red spectral region due to
light absorption by chlorophyll, a pigment that is essential for photo-
synthetic activities, and whose spectral signature is often associated
with the red edge spectral region (Clevers & Gitelson, 2013, Ding et al.,
2014, Aneece & Thenkabail, 2021). The concentration of chlorophyll in
crops can also influence the variations in the absorption levels of irri-
gated and rainfed crops (Morley et al., 2020). The chlorophyll content of
irrigated crops is usually high since these crops are not water-stressed
and have nutrients available, whilst rainfed crops might be water-
stressed and nutrient deficient from subsistence cultivation with mini-
mum agricultural inputs available (Arunyanark et al., 2008, Chen et al.,
2016, Hailemichael et al., 2016). This then facilitates the discrimination
of the rainfed crops, using the red and red-edge spectral regions owing to
the lower levels of chlorophyll concentrations (Peng & Gitelson, 2012,
Clevers & Gitelson, 2013, Ding et al., 2014). In addition, the inclusion of
potential evapotranspiration allowed enhanced discrimination of rain-
fed and irrigated croplands. Areas with irrigation farming have a low
water deficit because of the high plant and soil moisture content, which
allows a high evaporative demand (Yue et al., 2019, Liu et al., 2021).
However, for rainfed croplands, the plant and soil moisture content are
low and a high evaporative demand results in a water deficit leading to
low evapotranspiration and stunted crops (Cammalleri et al., 2014, Yue
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et al., 2019).

These dynamics related to plant and soil moisture content are
important in discriminating between irrigated and rainfed farming
systems. Albeit the spectral signature of irrigated and rainfed croplands
can be similar, especially during the wet season since the soil moisture in
these different farming systems can be similar. In this case, using time-
series analysis with multiple dates of acquisition and incorporating
ancillary information such as land use and crop management practices
can improve the accuracy of discriminating between rainfed and irri-
gated croplands with similar spectral signatures (Peng & Gitelson,
2012).

Also, the inclusion of elevation could have provided apriori infor-
mation for reducing spectral mixing caused by topographic shadows
thus enhancing the discrimination of irrigated and rainfed croplands
(Wulder et al., 2004, Wulder et al., 2018, Akbari et al., 2020, Phalke
et al., 2020). Other ancillary variables that have also been observed to
improve classification accuracy include the topography derivatives (e.
g., slope) (Hermosilla et al., 2022). These variables are often used
because they improve the spectral separability of features consequently
improving the classification accuracy (Rodriguez-Galiano et al., 2012,
Chen et al., 2019, Zeng et al., 2020).

4.2. Implications of mapping irrigated and rainfed croplands in South
Africa

Most studies using remote sensing for cropland mapping focused
mainly on identifying cultivated areas, not the water source behind the
type of agriculture (Rainfed or irrigation agricultural areas) (Clevers &
Gitelson, 2013, Csillik & Belgiu, 2017, Xu et al., 2018). The two-step
approach using random forest and DNN addressed this challenge. The
methodology utilised ccurate classification algorithms to present a
national-scale map identifying irrigated and rainfed farming systems in
South Africa. Future studies could improve this approach by including
OBIA variables since complementary data from object-based image
analysis (OBIA) can be helpful and improve the classification of these
farming systems. This could improve the classification accuracies
considering that irrigated areas are sometimes circular or rectangular
and more extensive than rainfed farms (Li et al., 2015, De Castro et al.,
2018). Although using OBIA might be possible, the main setback with
regional scale mapping is the limited computational capacity (Thomp-
son et al., 2020). Analysing remotely sensed data at a national scale
requires high computational power, especially when coupled with al-
gorithms such as DNN which are computationally intensive (Christophe
et al., 2011). Regardless of the availability of GEE, some datasets, and
algorithms (e.g., DNN) may not be available and might require inte-
gration with other advanced softwares (e.g., R).

The extent and distribution of rainfed and irrigated croplands varies
across South Africa owing to several factors (e.g., soil, climate, and
historical inequality). The 2017 report published on the census of
commercial agriculture in South Africa (SA, 2017, Nortjé, 2020) showed
that the highest commercial farms were in Free State, Western Cape,
Northwest and Northern Cape provinces. The findings from the meth-
odological framework used in this study are coherent to the report since
irrigated croplands, which are mainly commercial farms, were observed
to be highest in these provinces (SA, 2017, SA, 2021). The results also
show that the KwaZulu Natal and Eastern Cape provinces had the
highest number of rainfed croplands. These provinces have the highest
number of smallholder farmers owing to the soil fertility and rainfall
regime which supports subsistence farming requiring minimum agri-
cultural inputs (Ntshangase et al., 2018, Du Preez et al., 2019). The
agricultural produce from these smallholder farms is usually meant to
support their livelihoods and is rarely available for export (Yobe et al.,
2019).

There exists limited information on the extent and distribution of
irrigated and rainfed croplands in South Africa. Conventional methods
of mapping irrigated and rainfed croplands are costly, laborious and
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model showing the extent of irrigated and rainfed croplands in South Africa.

take time, however, leveraging on earth observation technologies allows
timely food supply decisions to be made and reduce instances of food
insecurity in South Africa (Labadarios et al., 2009). The study provides
baseline data and information necessary for understanding agriculture
food supply, yield forecasting, crop monitoring and trade policies.

The methodology presented in this study can be scaled to other sub-
Saharan countries since baseline data and information on croplands is
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(Fao, 2017, Bjornlund et al., 2022).
4.3. Limitations of the proposed methodological framework

While the proposed methodologies offer valuable insights into
mapping irrigated and rainfed croplands using multisource data and
machine learning algorithms, it also faces some potential setbacks and
limitations. One major limitation is the extensive scale of the study area,
which can introduce challenges in accurately classifying croplands due
to increased landscape heterogeneity (Landmann et al., 2019, Useya
et al., 2019). The reliance on multisource data from various repositories
could lead to inconsistencies or data gaps, affecting the overall accuracy
of the classification (Waldner et al., 2017). Moreover, the method-
ology’s applicability may vary across different sub-Saharan countries
with varying environmental and agricultural characteristics, potentially
limiting its generalizability. Despite these limitations, the study’s inte-
grated approach and detailed analysis hold promise for addressing food
insecurity and improving agricultural productivity in the region.

5. Conclusions

The study aimed to present an integrated approach towards mapping
irrigated and rainfed croplands in South Africa, using multisource data
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and machine learning algorithms. The random forest model used for
landcover classification showed high accuracy, comparable to similar
studies, and was optimised by the inclusion of ancillary data such as
elevation. The utilization of the deep learning neural network model on
the random forest output facilitated the mapping and discrimination
between rainfed and irrigated croplands, showcasing the potential of
this approach for national scale national scale mapping activities. The
inclusion of red-edge and red spectral bands, as well as potential
evapotranspiration, were found to be important in improving the per-
formance of the DNN model. The findings from this study are significant
for addressing food insecurity in South Africa by providing baseline data
and information on the extent and distribution of irrigated and rainfed
croplands, which can inform agricultural planning and resource allo-
cation. Furthermore, results from this study can be replicated in other
extensive environments where current mapping methods are costly.

Future research can expand on these findings by employing time-
series analysis and incorporating more ancillary data to improve crop-
land mapping accuracy, particularly in areas with similar spectral sig-
natures. Overall, this study highlights the potential of machine learning
algorithms and multisource data for cropland mapping and has impor-
tant implications for food security and sustainable development.
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