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Accurately identifying irrigated areas is crucial for sustainable development, food security, and effective land and
water resource management. However, incomplete or outdated national estimates of irrigated areas underesti-
mate the extent of it, particularly among smallholders. This study aimed to address this issue by investigating the
impact of different algorithms and composite lengths on predicting irrigated agriculture in four study areas in
Mozambique. The study found that the choice of algorithm and composite length notably impacted the accuracy
of identifying irrigation. Shorter composite lengths, such as 2-monthly or 3-monthly composites, were more
effective in identifying irrigation in fragmented and dynamic landscapes, while longer composite lengths were
better suited to stable classes and homogeneous landscapes. Artificial neural networks, support vector machines,
and random forests were all effective algorithms for classifying irrigation. However, the study emphasised the
importance of considering hotspots and agreement maps when identifying irrigation. Agreement maps combine
the classification results of multiple models, providing better insights into the core areas of irrigated agriculture
and allowing for a better understanding of irrigation dynamics and policy decision-making, particularly among
smallholder systems. This research provides valuable insights for those working on remote sensing-based irri-
gation mapping and monitoring in sub-Saharan Africa, focusing on identifying smallholder irrigation with
greater certainty.

1. Introduction

Obtaining accurate information about irrigation is vital for making
informed decisions about land and water resource management for food
security and sustainable development (Bofana et al., 2020; Wellington
and Renzullo, 2021). Unfortunately, national estimates of irrigated areas
are often based on limited on-ground surveys or low-resolution remote
sensing data for large-scale applications (Wellington and Renzullo,
2021). The available information is often outdated or incomplete
(Beekman et al., 2014; Espey, 2019; Venot et al., 2021). Furthermore,
limited budgets prevent officials from conducting regular in-person
agriculture monitoring (Ajaz et al., 2019; de Bont, 2019; Ramezan
et al., 2019).

African smallholder agriculture is a complex system that often takes
place on small, irregular-shaped fields with in-class variance such as
inter- and mix-cropping systems and variability in the timing of
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agronomic activities such as planting, harvesting and irrigation (Bégué
etal., 2018; Izzi et al., 2021; Veldwisch et al., 2019). It is often found in
mosaic landscapes where agriculture and natural vegetation alternate
over short distances, resulting in frequent changes in land cover/use
over short distances.

Distinguishing irrigated from rainfed agriculture or natural vegeta-
tion can be challenging, particularly in areas where soil moisture does
not quickly deplete, such as near streams or in wetlands, which may
have similar soil moisture patterns as irrigated croplands.

Despite the challenges of accurate mapping, quantifying and moni-
toring irrigation practices, remote sensing (RS) imagery has become
popular for land use classification. Evaluating how different machine
learning algorithms perform in classifications is one of the most studied
aspects of land use classifications (Marin Del Valle and Jiang, 2022), of
which the random forest (RF), support vector machine (SVM), artificial
neural networks (ANN) and k-nearest neighbours (k-NN) are among the
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most mature and widely used (Maxwell et al., 2018; Sheykhmousa et al.,
2020; Thanh Noi and Kappas, 2017). RF is popular for its ease of use and
high accuracy (Belgiu and Dragut, 2016), while SVM is often chosen due
to its ability to perform well with few training samples (Mountrakis
etal., 2011). ANN is frequently used when detecting trends or patterns is
difficult, and with the increase in computation power, it is being utilised
more frequently (Abdolrasol et al., 2021). The k-NN classifier, although
simple, has been found to compete with more complex classifiers in
terms of performance (Abu Alfeilat et al., 2019). However, few studies
compare two or more algorithms in the field of (smallholder) irrigation
mapping.

Simple methods to use satellite data for classification are through
single images or composites (Gella et al., 2021). Composites are widely
used to generate cloud-free spatially consistent images from satellite
time series and can be created based on summary measures extracted
from the time series (Khatami et al., 2020), such as mean, minimum, or
maximum pixel values. Vegetation phenology can be characterised by
creating shorter composites, such as monthly or seasonal composites
(Bey et al., 2020; Khatami et al., 2020; Kumar et al., 2022). However,
using them could reduce the classification accuracies because they
contain less information than, for example, time series data (Marin Del
Valle and Jiang, 2022), although contrasting findings suggest that the
opposite effect is also possible (Hasenbein et al., 2022). Alternatively,
the temporal variation can be captured by calculating the geometric
median, which preserves high-dimensional relationships between
spectral bands, and three median absolute deviation statistics of tem-
poral variation (Roberts et al., 2018, 2017). These composites and sta-
tistics have successfully been used in classifying irrigated croplands in
Zimbabwe (Wellington and Renzullo, 2021) and seem promising for our
study.

Enough studies have already investigated the effect of different
machine learning algorithms or composites in land use classification.
Bey et al. (2020) found high accuracy using the median composite with
RF for mapping smallholder croplands in Mozambique, whereas Abu-
bakar et al. (2020) achieved high accuracy in mapping maise fields in
Nigeria with RF and SVM but used single images instead of composites.
Furthermore, Bofana et al. (2020) compared four algorithms using
combined seasonal input data but did not explore other composite
lengths. However, to our knowledge, no study exists in which different
algorithms and composite lengths are compared over the same study
area. This study examines how different algorithms and composite
lengths affect the accuracy of predicting irrigated agriculture in
Mozambique. The research evaluates four classifiers (RF, SVM, ANN,
and k-NN) and four composite lengths (12-monthly, 6-monthly, 3-
monthly, and 2-monthly) and introduces “agreement maps” to show
core areas of irrigated agriculture surrounded by an uncertainty zone.
These maps can combine the strengths of multiple models and reduce
the possibility of false positives. This unique method focuses on specific
class distribution and classification certainty.

2. Materials and methods

We analyse the impact of different algorithms and composite lengths
on the accuracy of irrigated agriculture in two stages (Fig. 1). Firstly, we
test four algorithms and select the one with the highest accuracy. Sec-
ondly, we test this algorithm with different composite lengths, limiting
each phase to one study area per province. We present maps of classi-
fications and measures of accuracy for each combination of algorithm,
composite length, and study area. A new method for consolidating the
results by identifying hotspots is introduced. Table 1 summarises the
different classifications, with each combination of algorithm and com-
posite referred to as a distinct model (16 models in total).

2.1. Study area

This study was conducted in four areas in Mozambique: Chokwe and
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Xai-Xai in Gaza province and Manica and Catandica in Manica province
(Fig. 2). These areas were chosen for their diverse agroecological char-
acteristics and the presence of irrigated agriculture, including small-
scale and large-scale systems. The case studies covered approximately
40x40 km in size.

Mozambique’s rainy season occurs from November to April, with
peak rainfall between December and February (Fig. 3). Chokwe receives
650 mm/year (Kajisa and Payongayong, 2011), Xai-Xai receives 950
mm/year (Brandt et al., 2009), and both Manica and Catandica receive
1100 mm/year (Gumbo et al., 2021; Weemstra et al., 2014). Irrigation
occurs during the dry season, with two cycles occurring roughly from
April to July and August to November.

In Manica province, the landscape is mountainous, with small
streams serving as irrigation sources. Farmers redirect the water into
earthen canals called “furrows” and use sprinkler irrigation, small
pumps, and bucket irrigation. These systems are smaller than those in
Gaza province and vary based on water availability. Horticultural crops
are irrigated during the dry season, while maise is grown during the
rainy season.

In Gaza province, there are both large- and small-scale irrigation
systems along the banks of the Limpopo River. Flooding is a common
practice, and pumps are used to access higher areas. Near Xai-Xai, there
are irrigated areas with shallow groundwater tables that require
drainage after the rainy season. Horticulture and maise are common
crops in the irrigation season, while rice and maise dominate the rainy
season.

2.2. Sampling design, labelling protocol, and field data sampling

Field reference data were collected from August to November 2020
using three different sampling strategies: random clustered, opportu-
nistic, and regular clustered designs. A random clustered sampling
design was initially used to minimise travel time but resulted in over-
lapping polygons and limited samples of irrigated agriculture. An
opportunistic sampling design was used to gather more irrigated agri-
culture samples specifically, while a regular clustered design was used to
prevent overlap and ensure sufficient polygon size for Sentinel pixels.
The collected data was cleaned and analysed, resulting in 823 unevenly
distributed polygons among different classes and areas. Polygons were
digitally drawn from high-resolution images for hard-to-reach areas.
Table 2 describes the classes following the ESA WorldCover definition
(Zanaga et al., 2022), while Table 3 provides the number of polygons
and total hectares per class and area. The classes cropland, grassland,
shrubland, and tree cover were labelled in the field using Open Data Kit
(ODK) Collect, a smartphone application that allows rapid and scalable
field data collection (ODK collect, 2022).

The cropland classes (irrigated and rainfed) were distinguished by
the period in which crops were actively grown, specifically during the
rainy season (water is primarily supplied through rainfall) or the dry
season (water is actively managed on the fields, either by applying or by
draining water).

2.3. Input variables: Data collection and preprocessing — Digital Earth

Africa

Satellite data for the four areas were collected within the Digital
Earth Africa (DEA) *sandbox’, which provides access to Open Data Cube
products in a Jupyter Notebook environment.! Sentinel-1 and 2 geo-
median products (a robust high-dimensional statistic like the normal
median that maintains relationships between spectral bands, DEA, 2021;
Roberts et al., 2018) were generated at 10-meter resolution for four
different composite lengths (one 12-monthly, two 6- monthly, four 3-

! Sandbox link and explanation can be found on https://docs.digitalearthafri
ca.org/en/latest/sandbox/index.html.


https://docs.digitalearthafrica.org/en/latest/sandbox/index.html
https://docs.digitalearthafrica.org/en/latest/sandbox/index.html
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Fig. 1. Flow chart illustrating the two phases and methods used per phase.

monthly, and six 2-monthly), covering October 2019 — September 2020,
corresponding to the hydrological year (wet and dry season). Images
with more than 30% cloud cover (Sentinel 2) were filtered out. The
specific Python scripts used for preparing the satellite data on DEA can
be found at https://github.com/TimonWeitkamp/Mapping-irrigat
ed-agriculture.

From Sentinel-2, we calculated the Normalised Difference Vegeta-
tion Index (NDVI), Bare Soil Index (BSI), and Normalised Difference
Water Index (NDWI), using the DEA indices package for the Sentinel-2

composites (Wellington and Renzullo, 2021), while the Chlorophyll
Index Red-Edge (CIRE) (Gitelson et al., 2005; Segarra et al., 2020) was
calculated in R. Three second-order statistics (Median Absolute De-
viations (MADs)) were also calculated, which are change statistics based
on the geomedian: the Euclidean (EMAD, based on Euclidean distance),
Spectral (SMAD, based on cosine distance), and Bray-Curtis (BCMAD,
based on Bray-Curtis dissimilarity) MADs (Roberts et al., 2018).
Wellington & Renzullo (2021) used these change statistics, as well as a
few of the indices in their classification of irrigated areas, with success.


https://github.com/TimonWeitkamp/Mapping-irrigated-agriculture
https://github.com/TimonWeitkamp/Mapping-irrigated-agriculture
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Table 1
Overview of the different models/classifications.

Algorithm Composite Study areas

Phase 1 RF 2x6 Catandica & Xai-Xai
SVM 2x6 Catandica & Xai-Xai
k-NN 2x6 Catandica & Xai-Xai
ANN 2x6 Catandica & Xai-Xai

Phase 2 RF 1x12 Manica & Chokwe
RF 2x6 Manica & Chokwe
RF 4 x3 Manica & Chokwe
RF 6 x 2 Manica & Chokwe

0. 50 100 km
L

‘ Catandica

Manica - .

RS o
| V] xai-Xai o

Fig. 2. The four study areas in Mozambique, from top to bottom: Catandica,
Manica (Manica province), Chokwe, and Xai-Xai (Gaza province). See Annex 2
for detailed classifications per study area.

We used these indices and statistics to cover the different phases of
croplands, from browning (BSI) to greening (NDVI, CIRE), the NDWI for
water detection, while the MADs are suitable for change detection,
particularly for irrigation (Wellington and Renzullo, 2021).

We also used Sentinel-1, specifically the VV and VH bands, and
calculated the Radar Vegetation Index (RVI). These have also been used
in recent agriculture mapping studies (Abubakar et al., 2020; Gella et al.,
2021; Venot et al., 2021). The VV polarisation data is sensitive to soil
moisture, whereas the VH polarisation data is more sensitive to volume
scattering, which depends strongly on the geometrical alignment and
vegetation characteristics. Therefore, VH data has a limited potential for
estimating soil moisture compared to VV data but higher sensitivity to
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vegetation (Gao et al., 2018). The RVI can be used to separate soil from
vegetation (Jennewein et al., 2022; Mandal et al., 2020). Additionally,
the study area experiences frequent cloud cover for parts of the year, and
the synthetic-aperture radar (SAR) data is less affected by cloud cover.
As a result, the SAR composites of the cloudy seasons contain fewer
missing observations and improve classification results, as radio-
frequency radiation from SAR can penetrate through clouds.

All bands and indices were merged into one dataset, forming an 18-
variable dataset (Table 4). This was done per composite length (4
lengths) and per area (4 areas).

2.4. Classification

2.4.1. Conceptual description of the machine-learning algorithms

We used four different algorithms, namely a radial support vector
machine (SVM), random forest (RF), artificial neural networks (ANN),
and k-nearest neighbours (k-NN). We used the caret package (Kuhn,
2008) to systematically compare different algorithms (svmRadial, rf,
nnet, and knn, respectively) and composites in a standardised method in
the free statistical software R Studio. The scripts can be found on GitHub
https://github.com/TimonWeitkamp/Mapping-irrigated-agriculture.

Since our focus is on the application of the algorithms rather than the
theoretical aspects of their design, we provide only a short description of
each algorithm.

e SVM split the classes by fitting an optimal separating hyperplane
(OSH) between classes using the training samples within feature
space (i.e., all the pixel band values within the training sample) and
to maximise the margins between OSH and the closest training
samples (the support vectors) (Mountrakis et al., 2011).

e RF is an ensemble learning technique that generates many random
decision trees that are then aggregated to compute a classification
(Belgiu and Dragut, 2016).

e ANN design is based on the biological nervous systems, which is

where their name comes from. An ANN is made up of neurons, which

are organised in layers. The key characteristic of an ANN is that all
neurons in one layer are connected to all neurons in all adjacent

layers, and these connections have weights (Abdolrasol et al., 2021).

The k-NN classifier is different from the other classifiers. Instead of

producing a model, each unknown sample is directly compared

against the original training data and is assigned to the most common
class of the k training samples that are nearest in the feature space to

the unknown sample (Maxwell et al., 2018).

2.4.2. Spatial folds and parameter settings

The polygon shapefiles and images were read into R, after which all
pixel values for all variables were extracted. After extracting the pixel
values, the field data was split into 80% training and 20% validation
data using a fixed seed number (i.e., the same data used in each model’s
training and validation), stratified per landcover class. The CreateS-
pacetimeFolds from the caret package (Kuhn, 2019) was used to create
three spatial folds, meaning all pixels within a polygon remain together
in either the training or testing phase, instead of some pixels within the
same polygon being used for training, and their neighbouring pixels
being used for testing. This reduces spatial overfitting, i.e., it avoids
over-optimistic models (Meyer et al., 2018). Five cross-validation folds
were used during the training phase (caret::ffs()). These scripts can be
found on GitHub.

The caret::ffs() function, or forward feature selection, first trains a
model with two predictors using all possible pairs of predictor variables,
after which the best initial model is kept. Iteratively, a new predictor is
added to the model, and again the best combination is kept. This process
stops when there is no increase in model performance. This function
reduces the complexity of the model; however, combining all predictors
takes time. Doubling the number of variables results in roughly four
times as many sub-models to process.


https://github.com/TimonWeitkamp/Mapping-irrigated-agriculture
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Fig. 3. Mean monthly precipitation (1991-2020) per province. Irrigation occurs during the dry season, with a first cycle roughly from April to July and a second

from roughly August to November.

Table 2
Class descriptions.

Cropland Croplands under management mainly during the dry season. Any

irrigated active form of water management is considered, from drainage to
application through buckets.

Cropland Croplands under management mainly during the wet season

rainfed

Tree cover Natural vegetation comprises mainly trees and dense
undergrowth.

Shrubland Natural vegetation comprising of mainly low shrubs, grasses, and
some scattered trees.

Grassland Natural vegetation of primarily grass.

Wetland Natural vegetation that is submerged part of the year (mainly
during the rainy season and first part of the dry season).

Water Water bodies and rivers.

Built-up area Man-made surfaces and built-up areas, including bare areas such

as sand (no vegetation).

All hyperparameters were tuned through the tuneLength (in caret::ffs
()) option, which generated five random tuning parameter combina-
tions. A manual hyperparameter setting was considered but not used.
The classification model with the highest overall accuracy was used to
predict the entire extent of each site.

2.5. Accuracy/error assessment

We evaluated the performance of the models using a range of met-
rics, including overall map accuracy, user accuracy, and producer ac-
curacy. These metrics were calculated using the unbiased accuracy
assessment method described by Olofsson et al. (2014) and the mapac
package in R (Pflugmacher, 2022).

To assess the models, we used a cross-validation approach, in which
the training data was split into folds, and the model with the highest
result was compared to 20% of the validation data (the same 20% in
each run). The results for each model were then reported in a confusion
matrix. It is important to note that the overall accuracy can be biased
towards the most abundant class in the training data. Therefore, it is
useful also to consider the user’s and producer’s accuracies, which
provide more detailed information about the model’s performance for a
specific class.

2.6. Presentation of results

Using multiple models to assess irrigated agriculture is crucial, but
defining boundaries can vary. To address uncertainty, “irrigation hot-
spots” can be identified as areas where irrigation is known to exist but
cannot be accurately measured. “Agreement maps” combine model
classifications, showing consensus on irrigation locations. A value of 4
out of 4 models signifies unanimous identification, while 1 out of 4

Table 3
Polygon distribution and size (hectares) per area and class of the collected field data.
Catandica Manica Xai-Xai Chokwe
# polygons hectares # polygons hectares # polygons hectares # polygons hectares
Cropland irrigated 45 16,4 58 10,2 157 38,3 68 166
Cropland rainfed 34 10,9 32 7 19 5,8 48 40,4
Tree cover 9 148 19 104 9 37,2 15 12,5
Shrubland 25 89,5 20 11,3 28 26 104 187
Grassland 0 0 0 0 52 111 0 0
Wetland 0 0 0 0 6 27 12 144
Water 0 0 9 113 9 42,6 5 17,2
Built-up area 10 3,4 10 5,6 10 18,1 10 11,5
Total 123 268,2 148 251,1 290 306 262 578,6
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Table 4
Overview of variables per composite time-length.
Group Variable Equation
Sentinel-2 Blue
Green
Red

Near Infrared (NIR)
Red-edge 1 (RE1)
Red-edge 2 (RE2)
Shortwave Infrared 1

(SWIR1)
Shortwave Infrared 2
(SWIR2)
Indices S2 Normalised Difference (NIR - Red)/(NIR + Red)
Vegetation Index (NDVI)
Normalised Difference (NIR - SWIR1)/(NIR + SWIR1)
Water Index (NDWI)
Bare Soil Index (BSI) ((Red + SWIR1) - (NIR + Blue))/
((Red + SWIR1) + (NIR + Blue))
Chlorophyll index (CI) (NIR / Red Edge 1) — 1
Temporal 3 MADS S2 See Roberts et al. (2018) and
variation Wellington and Renzullo (2021) for
more details on equations
Sentinel-1 'A%
VH
Indices S1 RVI 4 x VH / (VV + VH)

models means only one identified irrigation.
3. Results

In the first section, we explore the influence of the different algo-
rithms (using only the 2 x 6-month composite). In the second section,
we explore the influence of composite length on the visibility of irrigated
agriculture (using only the rf algorithm).

3.1. Comparison: Algorithms

We use the 2 x 6-monthly composites to compare how well irrigated
agriculture is classified using different algorithms for Catandica and Xai-
Xai regions. This composite length is used because of the balance be-
tween a low number of parameters (i.e., computation time) and
acceptable accuracies.

3.1.1. Accuracies and classifications for different algorithms

The results in Table 5 show the accuracies of various models that use
different algorithms for classifying irrigated agriculture in two study
areas. The knn algorithm had low user and producer accuracy (7-26%)
in both areas but had higher overall accuracy due to its good perfor-
mance in identifying tree cover in Catandica and grassland in Xai-Xai.
The nnet and svmRadial algorithms had very high user and producer
accuracy (95-99%) in Catandica, while the rf algorithm had reasonable
user and producer accuracy (80-85%) in both areas, and the svmRadial

Table 5
User, producer and overall accuracy for irrigated agriculture for the algorithm
models.

Accuracy
Producer’s User’s Overall
Catandica knn 7.4+ 0.6 25.8 + 2.0 61.1 £ 0.5
nnet 99.6 +£ 0.3 97.7 £ 0.7 98.4 £ 0.2
rf 80.3 +1.7 79.3+1.9 93.7 £ 0.3
svmRadial 935+1.1 94.9 £ 1.0 98.1 £0.2
Xai-Xai knn 10.6 + 0.6 185+ 1.1 419+ 0.4
nnet 85.8 + 0.9 91.0 + 0.8 91.6 + 0.3
rf 85.9 £ 0.9 86.2 £ 1.0 91.8 £0.3
svmRadial 74.3 £1.0 84.8 £1.0 85.3 +0.3

International Journal of Applied Earth Observation and Geoinformation 122 (2023) 103418

algorithm had reasonable user and producer accuracy (75-85%) in Xai-
Xai. The overall accuracies were higher than the class-specific accu-
racies, indicating that certain classes, such as dense and shrubland in
Catandica and grassland in Xai-Xai, were classified better. The confusion
matrices in Annex 1 shows that in Xai-Xai, irrigated agriculture was
mainly confused with grassland and shrubland, while in Catandica, it
was mostly confused with both light and tree cover (for the rf classifi-
cation only).

Fig. 4 demonstrates that while the nnet and svmRadial algorithms
have similar levels of accuracy, they produce different maps of irrigated
agriculture. The nnet algorithm shows more irrigated agriculture spread
over the whole area, whilst the svmRadial algorithm only shows irrita-
tion in clusters. While the rf and svmRadial algorithms have different
levels of accuracy, the maps they produce are similar. The knn algorithm
greatly overestimates the extent of irrigated agriculture, with almost the
entire map showing this class except for areas of tree cover in the bottom
left corner. All four algorithms also incorrectly classify trees in Cata-
ndica town (located in the centre of the map, see Annex 2 for more
details) and some rock outcroppings (not present in the training data) as
irrigated agriculture.

In Xai-Xai, the rf and nnet algorithms have similar levels of accuracy,
and their classified maps are also similar (Fig. 5). However, both of these
algorithms, as well as the svmRadial algorithm, incorrectly classify
many individual trees in towns (located in the bottom right quadrant of
the map, see Annex 2 for more details) and groups of trees in predom-
inantly rainfed agriculture areas (on the east and west sides of the map,
outside of the Limpopo river valley) as irrigated areas. The maps pro-
duced by these three algorithms show many areas of irrigated agricul-
ture along the edges of the valley and the river. In contrast, the map
produced by the knn algorithm shows no clear structures that follow the
landscape.

3.1.2. Irrigation agreement maps

The knn algorithm tends to overestimate the area of irrigated agri-
culture, making it unsuitable to use in agreement maps for visualising
hotspots accurately. Consequently, we will exclude its results and only
consider the outcomes from the remaining three algorithms. By over-
laying the estimated maps from these algorithms, which identify the
irrigation class, in an ’agreement map,” we can identify hotspots (Fig. 6).

In the top inset map (A), smallholder irrigation is near Catandica’s
urban region, correctly classified as irrigation by all three algorithms.
However, the algorithms wrongly classify most of the urban trees as
irrigation, and their boundaries differ slightly, leading to some areas
with uncertainty. We call the pixels where all models agree (3/3 in this
case) the core areas and the pixels surrounding these core areas the un-
certainty zone. In the bottom inset map (B), the three algorithms accu-
rately identify most of a tea plantation as irrigated agriculture, but some
minor patches are classified differently by one or two algorithms. The
knn algorithm, not included in this figure, classified all the surrounding
grasslands as irrigated areas (Fig. 4), overestimating the extent and
location of irrigated agriculture.

In Xai-Xai (Fig. 7), we excluded knn results from the agreement map.
In area A (top inset map), smallholder irrigated fields have clusters of *3
models’, indicating agreement between the results, but with fewer
certain areas in between. The bottom right part of area A, an urban area
(Xai-Xai), has most of the trees misclassified as irrigated areas. Area B
(bottom inset map) shows a large, irrigated rice scheme (Hubei-Gaza
Rice project). There is a major cluster of irrigated agriculture recognised
by all models in the centre of this map, but the remaining fields are only
identified by one or two of the algorithms.

The main overview map also shows that there are a lot of irrigated
areas in the northeast quadrant, which are mostly misclassified pixels (1
model); this area has a higher elevation (+20 m) than most of the irri-
gated fields (which are in the Limpopo valley), where we primarily find
rainfed agriculture, small patches of tree cover, shrubland, and urban
areas.



T. Weitkamp et al.

International Journal of Applied Earth Observation and Geoinformation 122 (2023) 103418

rf composite

svmRadial composite

[ e

I

0 2,5 5km
-

Fig. 4. Extent of irrigated agriculture per algorithm (tlbr: rf, symRadial, ann, knn) for Catandica.

Table 6 shows hotspot accuracy and classified hectares for Catandica
and Xai-Xai, with three categories based on the agreement between
models: 3 models refer to three models classifying the same pixel as
irrigated agriculture. The table shows that 3 models pixels are almost
100% correctly classified as irrigated agriculture, indicating high con-
fidence in the core hotspots. However, there is an uncertainty zone
surrounding the core areas. In Catandica, the 2 models ring is still ac-
curate, while in Xai-Xai, only two-thirds of the pixels were accurately

classified. Pixels identified by only one model are usually incorrect and
can be excluded from final assessments.

3.2. Comparison: Composite lengths

Here we present the results of the different composite lengths using
the rf. We used this algorithm because of its high computation speed,
ease of use, and widespread use within the community.
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Fig. 5. Extent of irrigated agriculture per algorithm (tlbr: rf, svmRadial, nnet, knn) for Xai-Xai.

3.2.1. Accuracies and classifications for different algorithms

Table 7 displays the accuracies of various models that used different
composite lengths to classify irrigated agriculture in two study areas. All
models had high overall accuracies (above 95%). A single 12-month
composite may not be sufficient to capture the differences between
irrigated agriculture, rainfed agriculture, and shrubland in a complex
landscape, such as the one found in Manica. This composite performs
better in the slightly less complex landscape of Chokwe. Based solely on
overall accuracy, Chokwe should be classified using the 2 x 6-month
composites, while Manica should be classified using the 6 x 2-month
composites. However, doubling the number of variables results in
roughly four times as many sub-models to process, with only a limited
increase in accuracy. Additionally, accuracy alone is insufficient to base
conclusions on, as discussed in Section 3.1.

Confusion of irrigated agriculture in Chokwe was mostly with
shrubland in all models (Annex 1). In Manica, irrigated agriculture was
confused with several classes, primarily rainfed agriculture, followed by
shrubland.

Fig. 8 shows the extents of irrigated agriculture for the four com-
posites for Manica. At first glance, the four results seem similar, with
irrigated agriculture following the rivers and slopes of the mountains.
However, the urban area of Messica (located at the bottom centre of the
map, see Annex 2 for more details) contains trees that have been mis-
classified as irrigated agriculture. Compared to Chokwe, Manica shows
more small-scale irrigation spread out over the landscape.

Fig. 9 shows the similarities in the extent of irrigated agriculture in
Chokwe and reveals that most of the fields at the head end of the Chokwe
irrigation scheme are classified as irrigated agriculture and are actively
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Fig. 6. Map of Catandica shows how many models classified a pixel as irrigated agriculture and two zoom-ins of a smallholder irrigation scheme (A) and part of the
larger tea plantation (B). The values in the legend show how many models classified a pixel as irrigated agriculture: 3 means agreement in 3 models.

cultivated, while the tail end shows less irrigated agriculture - this re-
flects the actual situation well. The 3-month and 2-month composites
follow the same trends but show a smaller overall area of irrigated
agriculture. The 6-month composite stands out from the other three in
its lower misclassification of shrubland in the map’s top right and bot-
tom left parts. The other composites show small clusters of irrigated
agriculture in these areas, which are not present in the 6-month com-
posite. The urban area of Chokwe (located at the centre of the map, see
Annex 2 for more details) hardly shows any irrigated agriculture, similar
to the other three study areas.

3.2.2. Irrigation agreement maps

In the main map of Manica (Fig. 10), we can see irrigation occurring
in riverbeds and near mountains, with some large clusters of fields as
well as many small patches. Area A (top inset map) shows an area with
two known, clearly delineated smallholder irrigation schemes. Some
core areas (4 models) are surrounded by areas that gradually change
from 3 models to 1 model in a short distance, the uncertainty zone. Area
B (bottom inset map) focuses on a few centre pivots (circular shapes). It
shows that only parts of these fields are labelled with 4 models — an
agreement by all four models —but as all pixels covering the field are
irrigated by the centre pivot, we would expect all pixels of those fields to
be labelled irrigation by all four models. If we had used only one clas-
sification, these areas would not have been recognisable as centre pivots.

Chokwe (Fig. 11) shows a similar pattern of core area and uncer-
tainty zone. The map clearly shows the large-scale Chokwe irrigation
scheme along the Limpopo River’s south bank and some smaller
schemes on the north bank, such as area A (top inset map). It also shows
that some of the models have identified irrigated agriculture on islands
in the river (1 model), which is certainly possible but may be natural

vegetation that has been misclassified. This area also contains clusters of
trees in predominantly rainfed areas that have been misclassified as
irrigated agriculture (1 model). Area B (bottom inset map) box high-
lights part of the Chokwe irrigation scheme, of which we know only part
is still actively used.

Table 8 summarises the accuracy of the classification of irrigated
agriculture in Manica and Chokwe using different composite models. In
Manica, the 3 and 4 models agreement achieved 100% accuracy, while
the 1 model and 2 models (uncertainty zone) had lower accuracy rates of
1.40% and 64.20%, respectively. In Chokwe, the 4 models achieved
100% accuracy, while the 1 model and 2 models had accuracy rates of
1.40% and 84.60%, respectively.

4. Discussion and recommendations

We examined how different composite lengths and algorithms affect
the accuracy of remote sensing-based models in identifying irrigated
agriculture in four distinct study areas. Our analysis of 16 models
revealed that the composite length and algorithm choice can consider-
ably impact the results. Therefore, it is necessary to integrate the results
of various models to account for model-specific biases. The following
sections discuss our key findings.

4.1. Algoruthim

Our study found that the choice of algorithm can greatly impact the
accuracy of remote sensing-based models in identifying irrigated agri-
culture. Our experiments showed that ANNs, SVMs, and RFs effectively
classified irrigated areas. However, there was no straightforward “best”
algorithm, as all achieved user, producer, and overall accuracies ranging
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Fig. 7. Map of Xai-Xai showing how many of the models classified a pixel as irrigated agriculture, and two zoom-ins of a smallholder irrigation scheme (A) and part
of the large rice irrigation scheme (B). The values in the legend show how many models classified a pixel as irrigated agriculture: 3 means agreement in 3 models.

Table 6
Accuracy of hotspot values and total number of hectares classified.
Training data
Agreement # pixels correctly classified Total # pixels classified % correctly classified Total hectares
Algorithms Catandica 1 model 26 242 11% 23,124
2 models 189 200 95% 6660
3 models 2145 2145 100,0% 1205
Xai-Xai 1 model 355 2255 16% 20,872
2 models 839 1315 64% 17,744
3 models 4656 4704 99% 26,537
from 80% to 95%.
Table 7

User, producer, and overall accuracy for irrigated agriculture for the algorithm
models.

Accuracy
Producer’s User’s Overall
Catandica knn 98.9 £ 0.2 98.0 £ 0.2 96.1 £ 0.2
nnet 98.0 + 0.2 96.2 + 0.3 95.9 + 0.2
rf 97.5+ 0.3 95.7 +£ 0.3 94.9 + 0.2
svmRadial 99.7 £ 0.1 99.3 £0.1 98.0 £ 0.1
Xai-Xai knn 73.9 + 2.0 74.8 + 2.3 94.5 + 0.3
nnet 94.8 + 1.2 91.8+ 1.5 98.8 + 0.1
rf 928 +1.3 90.2 + 1.6 98.2 £ 0.2
svmRadial 90.4 + 1.5 91.2+ 1.6 98.3 +£ 0.2
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Based on the agreements and differences observed between the
different algorithm maps, we recommend using at least three algorithms
and focusing on hotspots to consider both the heterogeneous and ho-
mogeneous parts of the landscape in the model. Additional research
could assess the algorithmic sensitivity to the diverse methods employed
in farmer-led irrigation. This could be accomplished by analysing the
performance of the models in scenarios where training data from these
farmers are either excluded or included, allowing for a comparison be-
tween the two.

4.2. Composite length

The study found that composite length is crucial in accurately
identifying irrigated agriculture in diverse landscapes. Shorter
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Fig. 8. Extent of irrigated agriculture per composite length (tlbr: 12, 6, 3 & 2 months) for Manica.

composites are better for complex landscapes, while longer composites
are sufficient for homogeneous ones. It is important to consider com-
posite length when creating remote sensing-based models and to focus
on hotspots. The 6-month and 3-month composites are promising op-
tions due to their lower computation time and data size. Using agree-
ment maps incorporating multiple composites enhances the visibility of
features like centre pivots.

Further investigation could centre on determining the optimal se-
lection of months to include or exclude in the composite. In the current
research, a 12-month dataset was used, distributed across various
composite lengths. However, it is worth exploring the possibility of
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achieving comparable results by solely utilising the dry season months.
This approach may offer the advantage of requiring less data and
reducing model complexity.

4.3. Model agreement method: Hotspot maps

Our analysis revealed that combining models with different com-
posite lengths and algorithms can improve the accuracy of identifying
irrigated agriculture. Hotspot maps provide valuable information for
decision-making and prioritising targeted field surveys or management
decisions. For complex landscapes with dynamic and heterogeneous
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Fig. 9. Extent of irrigated agriculture in green per composite length (tlbr: 12, 6, 3, 2 months) for Chokwe.

classes, combining models can provide better insights into the core areas
of hotspots. The example of the Chokwe irrigation scheme shows that
although a vast area is equipped for irrigation, considerable areas are
not irrigated. That irrigated area can be smaller or larger depending on
the model used; however, the hotspot maps show the minimum irrigated
area with greater certainty. We recommend including at least three
models to improve the accuracy of the core areas.
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4.4. Reflection: Other aspects that likely influenced our results

Our findings suggest using multiple composite lengths to capture the
dynamic nature of irrigated agriculture. Shorter composites (quarterly
or bi-monthly) are necessary to identify highly dynamic classes like
irrigated agriculture accurately, while longer composites (annual or
seasonal) may be more effective for stable classes like tree cover and
urban areas. Focusing on specific periods, such as the end of the rainy
season and the start of the dry season, can also help capture changes in
irrigation and vegetation patterns.
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Fig. 10. Map of Manica shows how many models classified a pixel as irrigated agriculture, and two zoom-ins of a smallholder irrigation scheme (A) and part of an
irrigated estate by means of centre pivots (circular shapes within area B). The values in the legend show how many models classified a pixel as irrigated agriculture: 4

means agreement in 4 models.

We chose variables and composite statistics based on previous
studies on mapping irrigated agriculture (Elwan et al., 2022; Leb-
ourgeois et al., 2017; Wellington and Renzullo, 2021; Xie et al., 2019).
Our aim was not to determine the “best” variables or statistics, as this is
context-dependent. Different combinations of variables were important
for different runs, and the geomad statistic was sufficient to show the
influence of composite length and algorithm choice. Although these
methods have the potential to improve accuracies further, our results
were already high, which raises the question of whether more effort
should be focused on field data collection or improving models at
optimal performance.

The training data was collected during the dry season, and the labels
for rainfed agriculture were based on leftover maise stalks and shrub-
land. The training data may have been imbalanced, with fewer samples
for less prevalent classes. The regular clustered sampling design was
used due to the tradeoff between complete random data collection and
travel time. The data collected through abandoned strategies were still
used, but the overall size was small. Some areas, such as bare rocks and
sand, were included in the built-up class, which resulted in inaccurate
classification by the algorithms.

The study was conducted over four areas chosen because of their
differences in weather, topography, and agricultural uses. We hoped to
capture various irrigation circumstances but undoubtedly missed some
practices. Hence the findings on composite and algorithm use may be
helpful for some areas of Mozambique but less so in areas further away.
For example, Wellington & Renzullo (2021) found that the annual
composite was optimal for classifying irrigated agriculture in
Zimbabwe.
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5. Conclusion

We investigated the impact of different composite lengths and al-
gorithms on the accuracy of remote sensing-based models for identifying
irrigated agriculture in four sub-Saharan African study areas. Our find-
ings showed that the choice of algorithm and composite length can
considerably affect model outcomes. We found that SVMs, RFs, and
ANNs effectively classified irrigated areas, while the k-nearest neigh-
bour algorithm was ineffective in this task. Shorter composite lengths,
such as 2-monthly or 3-monthly composites, were more effective for
identifying irrigated agriculture in complex and dynamic landscapes,
while longer composite lengths were more appropriate for stable classes.

Our study also highlighted the importance of considering hotspots
and agreement maps when identifying irrigated agriculture. Combining
the outputs of various models into agreement maps can provide better
insights into the core areas and uncertainty zones of hotspots. These
findings can help decision-makers remotely situated to understand
irrigation dynamics better.

5.1. Declaration of generative Al and Al-assisted technologies in the
writing process

During the preparation of this work the author(s) used ChatGPT in
order to improve readability. After using this tool/service, the author(s)
reviewed and edited the content as needed and take(s) full responsibility
for the content of the publication.
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Fig. 11. Map of Chokwe showing how many of the models classified a pixel as irrigated agriculture, and two zoom-ins of a smallholder irrigation scheme (blue area)
and part of the large-scale Chokwe irrigation scheme (red area). The values in the legend show how many models classified a pixel as irrigated agriculture: 4 means
agreement in 4 models. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 8
Accuracy of hotspot values and total number of hectares classified.

Training data

Agreement between models Irrigated agriculture Total pixels classified Irrigation correctly classified Total hectares
Composites Manica 1 model 6 440 1,40% 20,444
2 models 61 95 64,20% 9565
3 models 396 396 100,00% 5795
4 models 1259 1259 100,00% 3289
Chokwe 1 model 3 212 1,40% 16,866
2 models 22 26 84,60% 8212
3 models 370 370 100,00% 6736
4 models 18,199 18,199 100,00% 5389
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Comparison composite length - Chokwe 3m rf composite
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Manica
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Comparison composite length - Manica 12m rf composite
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Comparison algorithm - Catandica 6m rf composite
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Comparison algorithm - Xai-Xai 6m rf composite
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