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This study aimed to create a model to identify land suitable for growing sunn hemp (Crotalaria juncea) and pigeon
pea (Cajanus cajan) in the Okavango River basin of the Kavango East region of Namibia. Advanced tree-based
ensemble learning models, including Random Forest, Extra Trees, Gradient Boosting, XGBoost and multivar-
iate regression analysis , were employed to enhance analytical accuracy. The Random Forest and XGboost models
exhibited outstanding performance, as evidenced by their respective accuracy values of 0.97 and 0.96. In
addition, this study proposed an innovative approach through the integration of subjective and objective
analytical methods, which are independent of one another. The subjective component of the analysis employed a
Multi-Criteria Decision Making-Analytic Hierarchy Process (MCDM-AHP). On the other hand, the objective
component used a data-driven multivariate approach supported by tree-based learning algorithms. Twenty-two
variables were considered, encompassing climatic conditions, hydro-geomorphologic features, soil characteris-
tics, vegetation patterns, and socio-economic factors. These variables played a crucial role to identify the most
suitable areas for growing the selected leguminous crops. The MCDM-AHP method utilised expert evaluations to
rank the importance of variables, identifying water sources, slope, and soil properties as key factors. A suitability
mapping analysis revealed that 17.63% of the area was highly suitable and 62.77% moderately suitable, while
10% was less suitable and 9.59% unsuitable for growing these two legumes. According to the data driven
methodology, soil fertility and nitrogen content emerged as key determinants for land suitability. This is
particularly relevant for nitrogen-fixing leguminous crops such as sunn hemp and pigeon pea, which play a
central role in improving soil quality and ensuring food security.

1. Introduction

Food security poses a significant challenge in Sub-Saharan Africa. As
the population rapidly expands, numerous households are unable to
meet their essential nutritional requirements (FAO, 2023). Salgado
Baptista et al. (2022) estimate that approximately 12 % of the popula-
tion in this region is currently experiencing food insecurity. This is
attributed to a combination of natural and human-induced factors, such
as floods, droughts, rapid population growth, conflict, and the overall
impact of climate change. The report by the FAO and UN Water (2021)
underscores the growing risk of water scarcity, particularly in areas
where agriculture relies on rainfall. This situation has already led to a
50 % reduction in crop production, significantly impacting food

availability (IPCC, 2014). In pursuit of their developmental objectives,
nations have incorporated the sustainable management of land and
water resources into their strategic frameworks, recognising these as
pivotal elements in achieving food security and environmental stability.

Inter-annual climate variations, soil erosion and loss of nutrients
have been identified as significant factors related to yield decline in this
region (IFAD, 2021; Sharma et al., 2011). One of the challenges faced in
many parts of southern Africa is the decrease in soil fertility in semi-arid
regions (Ncube, 2007). Proper soil and water management could miti-
gate the effects of climate change on crop productivity. Predictions
indicate that by mid-century, several countries including Angola,
Malawi, Mozambique, Lesotho, and Zimbabwe will witness a substantial
decrease in arable land, rendering it unsuitable for growing staple crops
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such as beans, cassava, maize, millet, pigeon pea, sorghum, and wheat,
as well as cash crops (IFAD, 2021).

The state of food insecurity in Namibia mirrors the conditions found
across sub-Saharan Africa. According to the latest Integrated Food Se-
curity Phase Classification (2023) twelve out of the fourteen regions are
experiencing severe food insecurity, with 22 % of the total population in
dire need of food assistance. The main cause of the crisis is the occur-
rence of unpredictable climate shocks, including prolonged periods of
drought, fluctuations in annual rainfall, and economic hardship.
Kavango East and Kavango West, both located in the Okavango River
Basin, were expected to face severe food insecurity from 2023 to 2024
(Republic of Namibia Office of the Prime Minister, 2023).

The transboundary freshwater ecosystem of the Okavango River
basin located in the Southern Angola highlands receive more rain than
its downstream counterparts in the semi-arid regions of northeastern
Namibia and Northwest Botswana (Mendelsohn and El Obeid, 2004).
The basin has experienced land degradation due to inappropriate land
use, and inadequate water conservation strategies, from the prevalence
of ad hoc farming practices along the basin, highlighting the need for
efficient planning, development, and management of land and water
resources in areas of high rainfall variability (NEPAD Water Centres of
Excellence, 2013). Irrigation and flood recession agriculture in the
Okavango River basin have enhanced crop yields for small-scale
farmers, thereby increasing household food security, especially in the
semi-arid regions of Namibia and Botswana (Mosepele and Hambira,
2019).

For better understanding of how to manage the interplay between
supply and demand for water and land resources, it is helpful to conduct
research that examines the behaviour of watersheds and land use
practices in the region. One approach is the assessment of land suit-
ability. This evaluates the potential of the land to support various uses
by considering factors such as soil quality, topography, climate, and
water availability (Sys et al., 1991). By determining the optimal land use
for agriculture, agronomists, agricultural extension officers, land-use
planners and policymakers can make informed decisions regarding
resource allocation, promoting a balance between economic develop-
ment and environmental sustainability.

Land suitability assessment is a crucial component of land use
planning. It provides valuable information to support decision-making
to optimise the utilisation of land resources in a specific area. This
assessment considers a broad spectrum of characteristics and re-
quirements (FAO, 1993, 1976). Furthermore, it can assist in identifying
the locations of greater importance and quantifying the extent to which
a particular piece of land is suitable for specific purposes such as agri-
culture, urban development or conservation (Yalew et al., 2016).

In most comparable studies of land suitability, commonly used pa-
rameters fall under categories of climate, hydro-geomorphology and soil
features (Bhullar et al., 2023; Sarkar et al., 2023). Depending on the
investigation, different combinations of parameters may be employed to
determine the suitability of a piece of land for crop farming. Parameters
receive a weighted score through a multi-criteria evaluation approach. A
multi-criteria decision making (MCDM) approach such as the Analytic
Hierarchy Process (AHP) from Saaty (1987) is commonly used to
determine land suitability for agriculture. However, several studies have
emphasised the lack of objectivity in the MCDM-AHP method, which
relies on expert opinions to assess the agricultural land suitability (Arab
and Ahamed, 2022; Pramanik, 2016; Sarkar et al., 2023). A subsequent
multivariate model enables researchers to analyse the individual con-
tributions of various factors and their interactions to the observed
suitability class, uninfluenced by subjective views. The most frequently
used methods for evaluating the suitability of crop land are the Analytic
Hierarchy Process (AHP) and fuzzy sets. These are subjective in nature
and define members of pixels within suitability classes and categorise
pixels that belong to unsuitable classes (Zadeh, 1965). Using the AHP
approach (Moisa et al., 2022; Tashayo et al., 2020) conducted crop
suitability assessments in semi-arid environments, classifying the
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suitability for maize production into three categories. However, they
identified crop-specific suitability analysis as a limitation. Similarly,
studies by Adem et al. (2023) and Waleed et al. (2020), successfully used
AHP to identify irrigation potential for crop growth, but noted the
subjective nature of relying on expert opinions. Additionally, a research
by Arab and Ahamed (2022) and Ozkan et al. (2020), used fuzzy expert
system to identify suitable areas for agricultural production. While they
achieved to establish a representative suitability ranking, uncertainties
related to expert opinions were also highlighted.

Machine learning, combined with remote sensing and GIS, is an
emerging technique to address the shortcomings in evaluation of MCDM
models traditionally used in land suitability assessment. This avoids the
subjective nature of commonly used approaches, such as AHP and fuzzy
sets. Recent research has used ensemble learning to maintain objectivity
in the evaluation of agricultural land suitability (Bhullar et al., 2023;
Ismaili et al., 2023; Mohammed et al., 2023). Various ensemble learning
models have been used to assess suitability of agricultural land based on
random forest (RF) (Dolsiririttigul et al., 2022), extreme gradient
boosting (XGBoost) (Hao et al., 2024), support vector machine (SVM)
(Sarmadian et al., 2014), and artificial neural networks (ANN) (Ahmadi
and Layegh, 2015). Comparisons of machine learning models for land
suitability assessment found that RF and XGBoost predicted better than
SVM, ANN and k-Nearest Neighbor algorithms (Ganesan et al., 2021;
Ismaili et al., 2023). Most importantly, tree-based ensemble models can
handle categorical and continuous variables for classification and
regression. Data-driven suitability models are becoming increasingly
prevalent, due to their capacity to handle large amounts of data and
their ability to capture complex non-linear relations. Consequently,
machine learning algorithms enable researchers to model each vari-
able’s influence and their interactions towards an observed suitability
classification based on data-driven attributes.

Namibia lacks crop suitability studies, especially in communal small-
scale farming areas. Thus far, only a limited number of studies have
focused on general agro-ecological zoning and suitability of livestock
farming (De Pauw and Coetzee, 1998; Strohbach, 2018). One study on
land evaluation highlighted the potential for growing multiple crop
varieties through intercropping, using a year-round irrigated water
supply (FAO, 1984). A separate study examined land evaluation of an
individual commercial resettlement farm in the north central Oshikoto
region of Namibia (Mwazi, 2006). To our knowledge, no previous
studies on the Okavango River basin in Namibia have been conducted to
assess leguminous crop suitability, despite a significant increase in crop
growing in the area (Fortunato and Enciso, 2023). This indicates a
knowledge gap of land uses and their feasibility to support crop farming
activities in Namibia’s north and northeastern communal areas. To
determine suitable land for agriculture in the Rundu area of Namibia,
located along the Okavango River basin, it is necessary to identify and
utilise key variables representing biophysical and socio-economic ele-
ments in a multi-criteria assessment. This approach employs parameters
that have been extracted from previous investigations in other parts of
the world with comparable biophysical characteristics (Roy and Saha,
2018; Tashayo et al., 2020).

The objective of this study was to investigate the degree of land
suitability for leguminous crops, namely sunn hemp (Crotalaria juncea)
and pigeon pea (Cajanus cajan) along the Okavango River basin. The
focus was on the sub-basins surrounding Rundu in Kavango East region
of Namibia. The viability of land use for agriculture in the basin is
crucial due to rapid population growth and high demand for food. This is
particularly important because the basin already faces extreme climate
conditions caused by climate change in an already water-scarce semi-
arid environment. Additionally, there are more informal farming ac-
tivities along the basin. Sunn hemp and pigeon pea are legume crops
mainly cultivated in tropical and sub-tropical regions for human con-
sumption and/or as livestock feed. These leguminous cover crops may
help to suppress weeds by the allelochemicals found in their biomass
(Javaid et al., 2015). Many smallholder farmers in semi-arid regions
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view pigeon peas as a green manure alternative, as they are drought-
resistant, high-protein cover crops that can improve soil nutrients (e.
g., nitrogen fixing) (Cook et al., 2020; Sharma et al., 2011). In a similar
vein, sunn hemp is renowned for its exceptional resilience to environ-
mental stress and is employed as a green manure to enhance soil nu-
trients and increase livestock fodder supply. This legume crop can
increase soil organic matter, raise nitrogen levels, and sequester carbon
(Chaudhary et al., 2015; FAO, 2022). Since both these legumes improve
soil moisture, enhance organic matter, and decrease soil erosion, they
are typically interplanted with cash crops such as maize, sorghum, and
pearl millet to increase yields. Smallholder farmers intercrop legumes as
green manure cover crops with cereals in drought-prone semi-arid re-
gions with low soil fertility. This improves soil nutrient contents and
boosts output (Mashingaidze et al., 2012; Simon and Itanna, 2019).
Following an in-depth literature review on suitable approaches in semi-
arid regions of sub-Saharan Africa and discussions with agronomists, the
two leguminous crops were selected to identify areas suitable to grow
them in. The study was motivated by the numerous benefits that can be
obtained from intercropping legumes, as demonstrated by several re-
searchers (Odunze et al., 2004; Rani et al., 2019; Sharma et al., 2011;
Tsubo et al., 2005). These benefits include soil rehabilitation, drought
tolerance, as well as nutritional and economical values. The crop char-
acteristics and information on environmental requirements for sunn
hemp and pigeon pea were collected to determine optimal land for
enhanced yields. Both legumes mainly grow in similar climatic regimes,
demand similar soil properties and require matching topographical
features (Cook et al., 2020; FAO, 2022; Orwa et al., 2009; Zimmermann,
2023).

In this study, our objectives are: i.) to subjectively assess and esti-
mate land suitability for sunn hemp and pigeon pea using an MCDM-
AHP approach; and ii.) to evaluate an objective data-driven non-linear
multivariate approach, in conjunction with supervised learning models
to understand the relationship amongst the selected variables and allo-
cate crop suitability scores in the basin. In addition, this study seeks to
evaluate the capability of the Okavango River basin to grow leguminous
crops through investigation of the biophysical and socio-economic
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characteristics of the area. This research contributes towards a better
understanding of the interdependence of the Okavango River basin and
its adjacent land use near Rundu.

2. Materials and methods
2.1. Study site

The study area, as shown in Fig. 1, is located in the semi-arid envi-
ronments of seven sub-basins surrounding the Rundu municipality in the
Kavango East region of northeastern Namibia. These sub-basins are part
of the greater Okavango basin. The Okavango River flows from wetter
highlands of Southern Angola, passing through Namibia, and dissipates
downstream in northwestern Botswana. This transboundary river sys-
tem is occupied by approximately 1 million inhabitants, predominantly
engaged in small-scale farming (EPSMO-BIOKAVANGO Eflows Team,
2009).

The Rundu municipality and its surrounding sub-basins were chosen
as a study site, as the area mainly subsists through crop production and
shows the highest population density within the basin. According to the
2011 census, Rundu had a population of 63,431. With an annual growth
rate of 5.4 %, the current estimated population is close to 120,000. This
makes Rundu the second most populated town in Namibia (Namibia
Statistics Agency, 2011). Rundu is a potential market for agricultural
products, and is located along the Trans-Caprivi Corridor, a trade route
linking land locked neighboring countries. On the Namibian side, the
population along the basin mainly relies on farming pearl millet (known
as mahangu in the local language), and to a lesser extent on sorghum,
maize and vegetables such as cabbages and tomatoes. The major con-
straints for farming inland away from the river are the poorly suited soil
types, which are mostly Arenosols characterised by low water and
nutrient storing capacities. Along the river, Fluvisols and Gleysols are
the prevailing soil types. These soils consist mainly of silty clay loam and
sandy clay loam, which contribute to their high nutrient content and
water storage capacity (Atlas of Namibia Team, 2022).

Approximately 70 % of the population in the Kavango East region,
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Fig. 1. Location of the study area: Okavango River sub-basins surrounding Rundu, Namibia.
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where Rundu is located, are settled along the Okavango River basin. This
is due to the availability of water, arable soil, and pastures suitable for
agricultural activities (Brown et al., 2010). 53 % of households are
engaged in crop farming which is higher than the national average of
32.8 % (Mwinga et al., 2018). The rainy season in northeast Namibia
typically occurs between October and April, coinciding with cultivation
activities. However, increased rainfall variability and intermittent
drought occurrences can be observed in this semi-arid environment,
causing reduced crop yields (Awala et al., 2019; Lu et al., 2016; Men-
delsohn et al., 2002). As a result, small-scale farmers found in Rundu,
the rapidly growing capital of Kavango East region are highly dependent
on rainfed agriculture.

The study site has a mean annual rainfall ranging between 450 to
550 mm during the rainy season. Light rainfall occurs at the beginning of
the rainy season in October and November and towards the end of April
(The World Bank Group, 2021). Furthermore, an increase in rainfall is
typically recorded between December and March. Most farming activ-
ities take place during this time to maximise yield. The typical size of a
crop farm along the study area varies between 2 and 5 ha, and usually
belongs to an individual household. Similar to other valleys found along
rivers, the Okavango valley is dominated by floodplain grasslands and
woodland vegetation (Mendelsohn and El Obeid, 2004). However, much
of this land has been cleared for accelerated crop production resulting in
soil degradation caused by erosion, which adversely affects the levels of
organic matter and nutrients.

2.2. Data and methods

Variables used in this study were derived from previous literature,
agricultural land evaluation guidelines and expert recommendations.
Similar to typical land suitability assessments, a collective twenty-two
climatic, hydro-geomorphologic, soil, vegetation and socio-economic
variables (see Table 1) were identified to determine the suitability of
leguminous crops in the study area. These variables were all resampled
to 100 m spatial resolution considering the processing capacity re-
quirements for the collective variables. The variables were grouped into
five different categories, covering 22 significant biophysical and socio-
economic characteristics for crop cultivation. These characteristics
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were further classified into the following five subclasses: Highly suit-
able, suitable, moderately suitable, less suitable, and unsuitable. Pri-
mary and secondary data for the study site (see Table 1) were obtained
from various sources and processed to identify suitable areas for inter-
cropping sunn hemp and pigeon pea through multi criteria decision
making approach and multivariate regression.

2.3. Climatic variables

The climate variables considered in this study were the daily
amounts of precipitation and evaporation recorded over a ten-year
period from 2013 to 2023. The months between October and April are
usually considered as rainy season in Namibia, with the highest pre-
cipitation recorded in December, January and February (The World
Bank Group, 2021). Crop growing season is also typically regarded to
occur during these months with a relative abundance of rain. During this
period, December, January, and February have the highest temperatures
and evaporation rates. CHIRPS Daily precipitation dataset with 0.05°
resolution from the Climate Hazards group Infrared Precipitation with
Stations (Funk et al., 2015) is used to extract the daily mean, minimum
and maximum of the study area. Daily aggregated ERA-5 Land ECMWF
(European Centre for Medium-Range Weather Forecasts) climate rean-
alysis (Copernicus Climate Change Service, 2019), is used to extract
mean, minimum and maximum evaporation at 0.1° resolution for the
duration of the growing season.

2.4. Hydro-geomorphologic variables

The hydro-geomorphological variables considered in this study were
elevation, slope, drainage density and ground water depth. The first
three variables were generated using a TanDEM-X Digital Elevation
Model with 12 m spatial resolution and relative vertical accuracy of 2 m,
obtained from German Aerospace Center (DLR) (Wessel et al., 2018).
Ground water depth was generated through inverse Distance Weighting
(IDW) interpolation using observed data from Geohydrology Division at
Ministry of Agriculture, Water and Land Reform in Namibia. Elevation
for the study site ranges between 1063 and 1152 m above sea level,
whereas a dominant gentle slope is observed in most of the study region,

Table 1
Summary of variables for land suitability of leguminous crops and their description, sources, spatial and temporal resolution.

Parameters Description Data Source Res. Time

Elevation Elevation TanDEM-X (HRTI-3) — TerraSAR-X DLR mission 12 m Fixed

Slope Slope TanDEM-X (HRTI-3) — TerraSAR-X DLR mission 12m Fixed

LULC Land use land cover ESA WorldCover 2021 10 m Fixed

Distance from river Distance from river TanDEM-X (HRTI-3) — TerraSAR-X DLR mission 12m Fixed

Drainage density Drainage density TanDEM-X (HRTI-3) — TerraSAR-X DLR mission 12m Fixed

Ground water depth Ground water depth Hydrological Services of Namibia Fixed

Proximity to market World Settlement Footprint Deutsches Zentrum fiir Luft- und Raumfahrt (DLR) 10 m Fixed

Proximity to road Distance from road Directorate of Survey and Mapping (DSM), Namibia Fixed

Soil bulk density Soil bulk density Innovative Solutions for Decision Agriculture Ltd. (iSDA) 30 m Fixed

Soil cation exchange capacity Soil cation exchange capacity Innovative Solutions for Decision Agriculture Ltd. (iSDA) 30 m Fixed

Soil organic carbon Soil organic carbon Innovative Solutions for Decision Agriculture Ltd. (iSDA) 30 m Fixed

Soil fertility capability Soil fertility capability classification Innovative Solutions for Decision Agriculture Ltd. (iISDA) 30 m Fixed

classification

Soil depth Soil depth to bed rock Innovative Solutions for Decision Agriculture Ltd. (iISDA) 30 m Fixed

Soil nitrogen Soil nitrogen Innovative Solutions for Decision Agriculture Ltd. (iISDA) 30 m Fixed

Soil phosphorus Soil phosphorus Innovative Solutions for Decision Agriculture Ltd. (iSDA) 30 m Fixed

Soil pH Soil pH Innovative Solutions for Decision Agriculture Ltd. (iSDA) 30 m Fixed

Soil texture Soil texture Innovative Solutions for Decision Agriculture Ltd. (iSDA) 30 m Fixed

Soil type Soil type Updated Soil Map and Soil Profile Database of Namibia ( 250 m Fixed

Coetzee 2020)

Soil water content Soil water content EnvirometriX Ltd 30 m Fixed

NDVI Mean Normalized Difference Vegetation Index NASA’s Land Processes Distributed Active Archive Center 250 m 2013—2023
(October — April) (LP DAAQ)

Precipitation Mean of daily mean precipitation rate (October — Climate Hazards Group InfraRed Precipitation with Station 5566 m 2013—2023
April) data (CHIRPS)

Evaporation Mean of daily mean evaporation rate (October — ERA5-Land — Copernicus Climate Data Store 11132 2013—2023
April) m
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between 2° to 5°. The drainage density varied between 0.4 and 4.5, with
most of the area concentrated between 2 and 3.5 km/km?2.

2.5. Soil variables

This crop land suitability assessment took into account soil physical
and chemical properties to determine the potential for increased crop
yield, with a focus on soil nutrients such as nitrogen, organic carbon and
phosphorus; soil pH measuring the level of alkalinity or acidity; cation
exchange capacity measuring soil ability to store nutrients; soil bulk
density, texture, and type determining its porosity and structure; water
content defining the amount of soil moisture and soil fertility capability
classifying its capacity to grow crops. All soil data were retrieved from
Innovative Solutions for Decision Agriculture Ltd. (iSDA), except for soil
water content from EnvirometriX Ltd (Hengl and Gupta, 2019) and soil
type from updated soil map and soil profile database of Namibia
(Coetzee, 2020). Their characteristics were divided into five different
classes representing different categories of suitability as per reviewed
literature and expert’s opinion. Soil properties suffer negative conse-
quences due to high intensity farming causing soil degradation and
eventually reduction of crop productivity. Sunn hemp and pigeon pea,
also referred to as leguminous green manure cover crops (GMCC), have a
positive impact on soil chemical properties improving soil nutrients,
holding capacity, and cation exchange capacity (Simon and Itanna,
2019). They also play an important role in soil nitrogen fixing, main-
taining pH level, enhancing phosphorus uptake, and weed management
through allelopathic potential. Furthermore, improved soil physical
properties can be observed resulting in improved water holding capac-
ity, decreased soil erosion, increased porosity and allowing aeration and
percolation (Rani et al., 2019). According to Fan et al. (2016) and Hag
Husein et al. (2021), a majority of crop’s root biomass is located in the
upper 30 cm of soil profile. However, in their study on data-driven
multilayer crop suitability prediction, Bhullar et al. (2023) found that
the median root depth ranged from 8.4 to 19.8 cm. They also emphas-
ised that the model’s accuracy was improved when considering a soil
depth of 10 cm. In light of these observations, the extracted soil dataset
for our study area were at the depth ranging between 0 — 20 cm mapped
at 30 m spatial resolution, using the iSDA data assimilation of remotely
sensed products (i.e., Sentinel-2, Landsat, DEM products, etc.), and over
100 thousand soil samples (Hengl et al., 2021).

2.6. Socioeconomic variables

The socioeconomic criteria considered in this study were the prox-
imity to the nearest population settlements and the Euclidean distance
to roads. These criteria determine potential marketplaces to connect
buyers and sellers, as well as facilitate transport infrastructure for
farming inputs and market accessibility for smallholders. The proximity
to population settlements was extracted from the World Settlement
Footprint (WSF) dataset by Deutsches Zentrum fiir Luft- und Raumfahrt
(DLR), derived from Landsat-8 and Sentinel-1 products, and validated by
ground-truth samples (Marconcini et al., 2020). Population settlement
data in the study area were used as indicator for potential marketplace
for crop yields to satisfy the demand and supply. The major roads dataset
sourced from Namibia’s Directorate of Survey and Mapping (DSM) were
used to compute accessibility to agricultural extension services, access to
technology, and access to market for smallholder farmers. The dataset
was generated by applying the Euclidean distance metric to assign a
distance value to each pixel within the study area based on its proximity
to the major roads.

2.7. Vegetation variables
This study used Land Use Land Cover (LULC) product from ESA

WorldCover (Zanaga et al., 2022), which directly correlates with the
expected outcome of crop suitability. LULC is used to filter out the
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constraints such as built-up area from the final suitability map during
AHP. A multivariate setting crop land from LULC is used to see the
probability of suitability classification and rate the importance of a
variable for this suitability classifier. The Normalized Difference Vege-
tation Index (NDVI) was extracted from MOD13Q1.061 Terra Vegeta-
tion Indices collection (Didan, 2021), for the duration of ten years
(2013-2023), and used as a proxy for suitability in the multivariate
regression.

2.8. Analytic hierarchy process

The AHP method, developed by Saaty (1987), was used to determine
the weights of different variables influencing growth of the two legumes
was conducted through pair-wise comparison. Expert opinions collected
from 5 experts to evaluate the relative importance of each variable was
carried out, resulting with the weights of each variable ranging from 0 to
1. This was done to identify appropriate land for growing leguminous
crops in the sub-basins surrounding Rundu along the Okavango River.
Several criteria categorised under climatic, soil, hydro-geomorphic, so-
cioeconomic and vegetation factors, as shown in Fig. 2, were ranked to
compare the relative importance of each individual criterion. Based on
Saaty (1987), the relative scale ranges between 1 indicating “both
criteria contribute equally to the objective” and 9 representing “evi-
dence favors a criterion over another in the highest possible order”.
Thereafter, the pair-wise comparison matrix is computed based on the
outcome of the relative importance scale using the {ahp} package in R
(Glur, 2024), as shown in Eq. (1).

aij1diz--+ain
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Once the comparison matrix is computed, the weight of each criterion is
determined using a priority vector (i.e., normalized eigen vector)
method. The derived normalized eigen vector represents the average
values of each row of variables, showing the relative weights of each
individual criterion being compared. At this point, a consistency check is
crucial, as inconsistencies may occur due to randomly generated ma-
trixes. The consistency index which measures the expert judgements of
the variable comparison is measured using the consistency ratio (CR), as
seen in Eq. (2).

_a
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(2)
CI refers to the consistency index and RI stands for the random consis-
tency index. The acceptable value for the CR must be equal to or lower
than 10 %. If the value is less than 10 %, the inconsistency will be
tolerable, and the parameter will further be used in the suitability
analysis. However, if CR is greater than 10 %, the variable will be
omitted, as it cannot be trusted for the analysis process.

2.9. Weighted overlay process

Finally, a crop suitability map will be generated based on the
acceptable criteria weights. This is achieved using a weighted overlay
analysis in ArcGIS 10.5 through the application of normalised criteria
and their associated weights (Drobne and Lisec, 2009). A weighted
overlay application creates a common scale for varied and heterogenous
input values. This allows an integrated criteria analysis to address
complex spatial problems in the classification of suitability. The appli-
cation of the weighted overlay method, combined with the AHP, enables
the integration of different thematic layers to assess how various factors
affect crop suitability. The relative importance of individual criteria
towards land suitability is resolved through a Pairwise comparison
matrix. The weight of each variable is multiplied by the suitability score
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of that variable, and the resulting values are summed to compute a crop
suitability map, as illustrated by the equation (Cengiz and Akbulak,
2009; Owusu et al., 2017).

LS=>" wx 3)

where LS is suitability, w; denotes weight of variable i, and x; denotes
score of variable i.

Given the subjective nature of the MCDM-AHP method, which em-
ploys expert opinion to assess the suitability of land for agricultural
productivity, a subsequent multivariate statistical approach is proposed
in order to assess the parameters objectively.

2.10. Data-driven crop-suitability approach

Our study utilised a dichotomous approach to assess crop suitability.
While the AHP method was used to assess land suitability with expert-
weighted variables, the machine learning models were trained exclu-
sively on the original, unweighted environmental variables. No expert-
derived weights or outputs from the AHP analysis were incorporated
into the machine learning models. As such our machine learning
approach is purely data-driven, without propagating any expert bias
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(Figs. 2 and 3). The method allowed us to compare empirical data with
subjective assessments, leading to a better understanding of the factors
that affect crop suitability. We used the health and vigor of the vege-
tation using the NDVI as a proxy due to the lack of data from the two key
crops. This index is closely related to crop suitability (Junges et al.,
2017; Yan et al., 2023). Furthermore, we used land use classification
data to analyse the various potential factors that influence crop
cultivation.

The primary focus of the approach is to achieve two main objectives.
First, we aimed to examine the complex relationships between different
environmental factors and their effect on crop suitability. We focused on
identifying and understanding how different elements of the natural and
socio-economic environment interacted to influence crop suitability.
Second, the goal was to build a robust set of predictive models capable of
accurately identifying the most influential factors for crop suitability.
The models aimed to provide precise predictions and offer insights into
the relative weight of various environmental and socio-economic factors
in determining crop cultivation suitability.

The machine learning model training and analysis were conducted
using the Python programming language, utilising scikit-learn for ma-
chine learning models and XGBoost for gradient boosting algorithms.

Data-driven multivariate approach with a supervised learning process for cropland
suitability classification and regression

Training set Testing set

(20% of Observation)

(80% of Observation)

J

v

Classification

Gradient
Boosting

L‘u

Feature
Importance
analysis for crop
suitability

Random Forest Extra trees

Regression

XGBoost

Ordinary Least

Square

Coefficients

Logistic

Fig. 3. Ensemble learning models for crop cultivation suitability.
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The computations were executed on a High-Performance Computing
Platform (HPCP) equipped with 128 GB of RAM and 64 CPU cores.

2.10.1. Ensemble machine learning models

Using decision trees, we created and evaluated ensemble learning
models. These models incorporate numerous decision trees to improve
prediction accuracy and flexibility, making them suitable for dealing
with complex datasets. We employed tree-based ensemble learning
models, including Random Forest, Extra Trees, Gradient Boosting, and
XGBoost (see Fig. 3). During training, these models build several deci-
sion trees and return the mode of the classes for classification or the
mean prediction for regression of the individual trees.

The Random Forest is an ensemble learning method that builds
multiple decision trees on bootstrapped training samples and a random
sample of predictors (James et al., 2013). It provides outputs based on
the average or majority voting of the individual trees (Breiman, 2001).
Extra Trees are another ensemble learning approach that, similar to
Random Forest, generates numerous decision trees and outputs the
average prediction of the individual trees. However, Extra Trees uses the
full dataset and random thresholds for splitting (Geurts et al., 2006). On
the other hand, Gradient Boosting combines weak predictive models to
generate a powerful predictor by sequentially building an ensemble of
trees, with each tree correcting the mistakes of the previous ones (Chen
and Guestrin, 2016; Natekin and Knoll, 2013). XGBoost is an optimised
distributed gradient boosting library that provides a scalable and accu-
rate implementation of gradient boosting.

2.10.2. Multivariate regression analysis

In addition to using tree-based models, we conducted multivariate
regression analyses to determine evidence of association between
various variables and suitability. This approach yielded coefficients that
indicate the strength of the relationship between each predictor and the
outcome variable (Fig. 3). The basic goal of multivariate regression is to
estimate the coefficients associated with the independent variables in
order to minimise the difference between the observed and predicted
values of the dependent variable, as indicated by the regression equa-
tions (James et al., 2013). Linear regression methods are used to express
multivariate regression when dealing with continuous variables such as
NDVL On the other hand, when dealing with dummy variables (crop
land), a logistic model is used to represent the regression.

Vi=Bot+ Y BXite )
i=1
pX) \ _ =
108(1771)()()) —ﬁ0+ ;Xi"rs (5)

In Eq. (4), y; represents the dependent variable, which refers to the
suitability level of a particular pixel (NDVI). By represents the intercept
term, f; are the coefficients associated with the independent variables
X1, Xa, ..., Xj respectively, and € denotes the error term capturing un-
explained variability (James et al., 2013). Similar, log(p(X)/(1 —p(X)))
in Eq. (5) represent the log odds or logit.

2.10.3. Data preprocessing and estimation

To ensure numerical stability during model estimation, we stand-
ardised continuous variables using mean normalisation and variance
scaling. We also transformed categorical variables into a binary matrix
using one-hot encoding, in order to make them compatible with the
different learning algorithms.

We partitioned the dataset into five sets and used a 5-fold cross-
validation method. Each set was used once for validation, while the
remaining four datasets were used as training sets. This would mitigate
overfitting risks and improve the generalisability of the results (James
et al., 2013). We also used performance metrics such as Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R2). We
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analysed the models that achieved the highest R2 values to evaluate
their ability to capture variance within the dataset. Additionally, we
optimised the ensemble models through hyperparameter tuning (see
Table 2). We fine-tuned parameters such as subsample, learning rate,
and tree characteristics to improve model performance.

The optimised model was assessed using training and testing data-
sets. Primary evaluation metrics included accuracy, precision, recall,
and F1-score, providing a comprehensive outlook on the model’s ability
to reliably classify cropland. To identify potential overfitting or under-
fitting, the bias-variance trade-off analysis was crucial in evaluating this
model. Overfitting occurs when a model performs better on the training
set than the validation set, indicating that the model is too complex for
the data. On the other hand, underfitting is suggested by equally high
error rates on both sets, indicating that the model is too simple. A
Feature Importance analysis was conducted for both regression and
classification models to compute and visualise the relative importance of
each characteristic. This analysis identified the most important factors
which can be used to inform environmental policy decisions.

2.10.4. Model evaluation framework

To evaluate model performance, a variety of metrics were consid-
ered. Classification models were evaluated for accuracy, precision,
recall, and F1l-score. While regression models were assessed using R-
squared and Root Mean Squared Error (RMSE). Tree-based models
identified crucial variables affecting crop suitability. Furthermore, the
multivariate regression technique provided an insight into the direction
and magnitude of the effect of each factor.

Model performance in the Ordinary Least Squares (OLS) regression
was evaluated with R2 to indicate the proportion of dependent variable
variance explained by predictors, and RMSE to reflect the average
magnitude of prediction errors. The logistic regression results display
changes in the log odds of an area’s suitability for cropland in response
to predictor variable variations.

3. Results and discussion
3.1. Cropland suitability evaluation

A comprehensive literature review was conducted, and the input of
five experts was sought based on their informed judgement. This was
done to assign weights and rank selected variables according to their
relative importance through AHP to determine suitable areas for sunn
hemp and pigeon pea cultivation at pixel level. Based on the framework
of land evaluation from FAO (1976), five suitability classes reflecting the
degree of suitability for agricultural land use were defined (i.e., Highly
Suitable, Suitable, Moderately Suitable, Less Suitable and Unsuitable).
Land that is highly suitable for crop growth has no significant limita-
tions. If minor limitations do occur, they will not increase inputs beyond
an acceptable level to achieve expected productivity. Suitable class is
associated with land that has few or no limitations that would negatively
affect its productivity, and it requires minimal inputs to achieve optimal
crop yield. Moderately suitable agricultural land is considered to have
substantial input requirements to realise balanced productivity. Despite
the fact that it may be attractive to farmers, it is still considered inferior
to the Suitable class. The class of land that is less suitable represents land
used for agricultural purposes. It has significant constraints that pose

Table 2
Hyperparameters of ML models.

Parameter Values

model_learning rate
model_subsample
model_colsample_bytree
model_reg alpha
model_reg lambda

0.01, 0.1, 0.2, 0.3, 0.4
0.5, 0.6, 0.7, 0.8, 0.9
0.5, 0.6, 0.7, 0.8, 0.9
0.1, 0.001, 0.00001
0.1, 0.001, 0.00001
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challenges for sustainable use and requires substantial inputs to acquire
benefits. Consequently, it is regarded as marginally viable. The unsuit-
able class represents a piece of agricultural land that is incapable of
being used sustainably for its intended purpose. No amount of input
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could justify its sustainable use. In the decision-making process, pair-
wise comparison was performed using a relative scale between 1 and
9, as stated in section 2.8. This comparison aimed to determine the
preference of one criterion over another and compute its comparison

Distance from River Drainage Density
{m) {km/km?)
0-572.85 1 0.10- 150
572.85 - 1230.57 15-2
123057 - 1994.37 2-25
1894.37 - 2949.12 2.5-35
2949.12 - 5410.25 3.5-4.70
Slope LuLe
(degree)
002-2.236 Shrubland/Tree Cover
2.26-4.75 Grassland/Bareland
L 475-1172 Cropland
11.72-2517 Buift-up
25.17 - 63.52 Water Bodies

Prowimity to Road Soil Bulk Density
{m) (g/em®)

M 0-1000 Ia.s -143
1000 - 2000 143145
2000 - 4000 145-1.48
4000 - 8000 148-151
8000 - 11013 151-1.56

Saoil Texture

Sandy Clay Loam/Loam
Silt Loam
Sandy Loam
silt
Loamy Sand/Sand
Organic Carbon Soil Nitrogen
la/kg) lefke)
12.0-13.0
90-120 - e
60-90 Pl
:'?3' g'ﬁ 0.2-04
: 0-02
Soil FCC
Wery Fertlle
Fertile
Maderately Fertile
Less Fertile
Not Fertile
NDVI Evaporation
{mm day?}
0.46 - 0.68 9.68-9.70
0.39- 046 970-9.72
033 0.39 972-9.73
| 0.26-0.33 9.73-9.75
0-0.26 975977

Fig. 4. Classification data layers of the study area with variables from climatic, hydro-geomorphologic, soil, socioeconomic and vegetation categories.
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matrix. The weights of each criterion were then derived using a priority
vector with an acceptable consistency ratio of 8.85 %.

3.2. Climatic factors

In search of appropriate location for leguminous crop production,
two variables were specifically considered: precipitation and evapora-
tion. These factors were used to determine the suitability of the climate
conditions in the study region. The average daily rainfall over crop
growing period ranged between 0 and 2.27 mm, as shown in Fig. 4. Local
experts in conservation agriculture advised an average daily rainfall of
at least 1.5 mm for intercropping legumes with pearl millet
(Zimmermann, 2023). Moreover, the ECOCROP database indicates a
minimum average daily precipitation requirement for sunn hemp and
pigeon pea at 1 mm and 1.8 mm, respectively (FAO, 2022). Accordingly,
the optimum precipitation rate was set to be between 2.27-2.24 (i.e.,
15.6 % of the total study area size), while the least suitable class of 2.18 —
0 was assigned as unsuitable, representing 9.39 % of the whole study
area. The potential mean evaporation rate in the study region is
approximately four times higher than the mean rainfall. This is consis-
tent with a high evaporation rate observed by The Permanent Okavango
River Basin Water Commission (2011) and The World Bank Group
(2021), and a mean daily maximum temperature recorded between
30-35 °C in the Namibian basin. However, both leguminous crops
possess a high tolerance to withstand drought, which enables them to
remain resilient to temperatures as high as 40-45 °C (FAO, 2022; Zim-
mermann, 2023).

3.3. Hydro-geomorphologic factors

In order to assess the hydrological and geomorphological conditions
of the study site, five variables were analysed: slope, elevation, ground
water depth, drainage density and distance from the river. The objective
was to establish the suitable hydro-geomorphological characteristics for
the crops under consideration. Areas with lower elevations were cat-
egorised as highly suitable, while their suitability decreases as the alti-
tude increases. This was confirmed through compiled datasets by
various sources from experts and availed for farmers, agricultural
extension personnel and researchers (Cook et al., 2020; FAO, 2022;
Orwa et al., 2009). Crotalaria juncea (aka sunn hemp) optimally grows
between 0-300 m above sea level (Orwa et al., 2009; USDA, 1999).
However, there have been recorded cases of sunn hemp and pigeon pea
crops between 0-1500 m and 0-3000 m, respectively (Cook et al., 2020;
FAO, 2022). Nevertheless, sluggish growth is observed due to lower
temperatures at high altitude. Rundu and its surrounding basin are
located between 1063-1152 m above sea level. This semi-arid sub-
tropical climatic regime experiences warmer climate even if it has a high
elevation. This makes most of the study area suitable for growing
leguminous crops. The topography of the area is characterised as mainly
gentle slope ranging between 2-12 degrees, representing over 98 % of
the study area. Harmoney (1999) demonstrated over three growing
seasons that legume crops performed best on slopes between 2 and 10
degree. Guretzky et al. (2004) highlighted that the most successful
slopes for legumes were observed between 8 and 12 degrees. Drainage
density in the study area ranges from 0.1-4.6 km/km? and strikes a good
balance between very high and low densities. Low to moderate drainage
densities (85 % of the study area) were classified as suitable for optimal
sunn hemp and pigeon pea cultivation. As noted by Dragicevic et al.
(2019), a higher drainage density is usually linked to low suitability due
to erosive tendencies of the land. On the other hand, a low drainage
could result in waterlogging adversely affecting the root zone of the
leguminous crop (Kaur et al., 2020). Ground water depth is a predom-
inant influencing factor for crop cultivation. The water table exhibits a
range of 9.34 to 76.62 m, with more than 70 % of the study area
experiencing groundwater levels between 30 and 60 m below the sur-
face, which aligns with Worqlul et al.’s (2017) finding that there is a
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moderate potential for irrigation using groundwater. One of the primary
determinant factors for successful cultivation of the leguminous crops
under investigation is their proximity to the river. Almost 60 % of the
study area is within 1.5 km of the river, thus creating an optimum sit-
uation for extracting water for crop fields. In addition, a study by Zhang
et al. (2018) conducted in an arid environment demonstrated consistent
higher soil water content within 2 km distance from a river, followed by
a significant decline beyond the 2 km limit. Considering this scenario,
more than 80 % of the study region is located within the 2 km range of
higher soil water content, thereby establishing conducive conditions for
arable land.

3.4. Soil factors

This study examined soil physical and chemical properties to assess
suitability for leguminous crop cultivation. The soil properties utilised
for identifying regions with potential for enhanced crop yields include
nitrogen content, soil organic carbon, phosphorus, pH, cation exchange
capacity, bulk density, soil depth, soil water content, fertility capability,
soil texture and soil type. Soil pH recorded in the study area is between
5.2 and 6.8, which is moderate to slightly acidic and neutral. The
optimal pH range recommended by Cook et al. (2020) and Orwa et al.
(2009) for cover crops sunn hemp and pigeon pea varies from 4.5 to 8.4.
Nevertheless, these crops thrive in pH 6-7 FAO (2022), considering this
43.35 % of the entire area well suited for enhanced crop yields. In the
sub-basins surrounding Rundu, the total nitrogen content ranges be-
tween 0 — 1.6 g/kg, with 99 % of the study area comprising nitrogen
levels from poor to fairly moderate. This occurs due to lack of nutrients
received from external sources, combined with extreme climatic con-
ditions such as high temperature and low precipitation. Therefore, to
sustain and improve soil fertility and nutrient levels such as nitrogen,
smallholders must consider practicing cover crop leguminous crops such
as sunn hemp and pigeon pea, as recommended by Awala et al. (2019),
and Hag Husein et al. (2021). Phosphorus levels in the study site are
significantly low, ranging from O to 17 ppm, with the majority of areas
showing poor phosphorus levels ranging from 0 to 8 ppm. Soil Organic
Carbon (SOC) holds an immense potential in determining the suitability
of agricultural land, due to its ability to improve soil biological, chem-
ical, and physical properties, water-holding capacity, and structural
stability. It also plays an integral part in the formation of soil’s organic
acids that influence soil minerals dissolutions and availability to plants
and nutrient leaching. The SOC in the research area varies in concen-
tration between 0 and 19 g/kg, with dominant values ranging between
0 to 6 g/kg. Areas with moderate to rich carbon contents only amount to
8.5 % of the entire study area. Intensification of sunn hemp and pigeon
pea has shown potential to increase the level of soil phosphorus and
carbon (Singh et al., 2023). Moreover, leguminous crops have shown to
demand 20 % less phosphorus than non- leguminous crops such as pearl
millet, which is the dominant crop in the study area (Li et al., 2011).
Cation exchange capacity in the study area falls in the range of 1.63 - 26
cmol(+)/kg. This variable indicates the overall potential of soil fertility.
Only 8.85 % of the entire study area demonstrated moderate to high
fertility, whereas the remaining 91.15 % exhibited low fertility. This
aligns with the findings by Githae et al. (2011) that soil CEC < 16 cmol
(+)/kg is low in fertility for leguminous crops. The spatial variation of
bulk density in the study region ranged from 1.41 — 1.56 g/cm3 with
49.4 % displaying a moderate bulk density falling between 1.41 - 1.51
g/cm3, and the remaining exhibited soil with compacted texture span-
ning from moderate to high. A higher bulk density restricts root growth,
which in turn reduces crop yield. Nevertheless, leguminous crops have
shown enhanced resistance to higher bulk density improving compacted
soil textures. This was confirmed by Odunze et al. (2004) in their study
on grain legumes and their potential to improve soil bulk density. Sandy
loam and silt with coarse and medium texture are the dominant classes
with 82 % coverage. The primary soil types were Arenosols (78.73 %),
followed by Fluvisol (10 %) and Fluvic gleysol (9 %). Legume crops such
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as sunn hemp and pigeon pea perform best in sandy soil, with 5 - 10 %
clay and sandy loam in semi-arid environments (Jacobi, 2008). Soil
depth to bedrock varied from 13 — 200 cm, with over 97 % of the area
observed to be 2 m or below the top surface. Classes indicating soil
fertility capability reflect varying levels of constraints for potential
farming area within the study region. Out of the entire area, only 9.3 %
exhibited no constraints. Predominantly, areas with only one constraint
constituted 43.3 %, followed by 36.4 % representing regions with two
constraints.

3.5. Socioeconomic factors

In socioeconomic analyses for suitable agricultural land, key features
such as population, infrastructure, and markets are the primary factors
to determine optimal locations for legume crop cultivation. Two vari-
ables, proximity to market and accessibility to roads, were central to
understand the social and economic influences to classify the suitability
of croplands. Potential crop lands were classified to determine their
proximity to major roads. The categories ranged from < 1000 m, which
were the most accessible, to distances > 8000 m, which were the least
accessible. Roads distances spanning from < 1000 to 4000 m were
classified to be highly to moderately suitable, which represented
approximately 77 % of the study area. This demarcates regions where
economically feasible production of leguminous crops is viable, as well
as facilitates easy access to transport raw agricultural inputs. Similar
studies by Pramanik (2016), and Sarkar et al. (2023), also reported
comparable findings. The distance to the market was measured using
population settlement data signifying spatial distribution over the study
site. This is significant to determine the proximity of markets to sell
potential sunn hemp and pigeon pea yields within the study region. For
this purpose, the spatial distribution of settlements was classified into
five classes according to their distance from clustered settlements. Areas
within 3.5 km from potential market had the highest coverage with 40.7
%. This is attributed to the urban settlement of Rundu found within our
study site.

3.6. Vegetation factors

The vegetation parameters considered in this study were NDVI (used
to measure vegetation density and health) and LULC (used to monitor
the landscape and its various uses). The spatial distribution of vegetation
health, as measured by the NDVI, was categorised into five classes with
values ranging from 0 to 0.68. The robust with NDVI values between
0.39 and 0.68, accounted for 51.6 % of the entire study region. Vege-
tation with moderate health was observed in 25.9 % of the study area.
The Land Use and Land Cover (LULC) data was primarily utilised as a
criterion to identify potential limitations in the study area, such as built-
up areas and water bodies, and exclude these classes from the final
suitability map.

3.7. Land suitability evaluation using analytical hierarchical process

Through AHP approach, weights were assigned (Fig. 6) for twenty-
two variables in five distinct categories (see Fig. 4). Distance to River
(8.48 %), Precipitation (8.14 %) and Soil water content (8.02 %) scored
the highest weights signifying that water is an important element for
suitability ranking during the cultivation of leguminous crops, even if
considered to be drought resistant. For crops to achieve maximum yield
in the semi-arid study region, they need to be closer to the river for ease
of irrigation. Moreover, as discussed by Zhang et al. (2018), soil water
content is observed to be highest in soils usually found in the riverbanks.
In areas further away from the river, smallholders are highly dependent
on rainfall availability. This aligns with similar research findings (Adem
et al., 2023; Ammar et al., 2016; Zhang et al., 2018), that showed crops
in arid and semi-arid environments are highly dependent on rainfall,
irrigation and availability of water in soil to maintain or increase yields.

11

International Journal of Applied Earth Observation and Geoinformation 135 (2024) 104284

Furthermore, Evaporation (1.89 %), Proximity to Roads (2.08 %) and
LULC (2.70 %) had the lowest weights. Evaporation is reduced by shades
created from legume cover crops reducing direct sun light reaching the
soil. This further reduces soil temperature minimising soil moisture loss
and consequently, making sunn hemp and pigeon pea drought resistant
cover crops that could potentially be intercropped with maize and millet
in semi-arid environments. Tsubo et al. (2005) developed a cereal-
legume model to demonstrate the significance of intercropping for sus-
tainable crop production in developing countries. During the expert’s
discussion, the importance of proximity to roads was not considered to
be as significant as other variables such as soil physical and chemical
properties. These properties were deemed to be more crucial for crop
health and higher yields. For example, soil type and texture both
recorded a weight of 5.1 % and were considered to be more important to
grow legume cover crops in the study area. LULC also had one of the
lowest weights, as this class is mainly used to deal with constraints such
as built-up area and waterbodies. Built-up area was considered as a
constraint, as intensive agricultural productivity cannot be implemented
in this land-use type apart from small activities such as backyard gar-
dens. Moreover, recession farming, which is a form of agricultural
cultivation on a floodplain where farmers practice agriculture by suc-
cessively planting in the flooded areas after the waters recede, is also not
acceptable, as the two crop types considered do not cope well in a
waterlogged environment. Soil nutrients such as nitrogen (4.57 %),
organic carbon (4.39 %) and phosphorus (4.1 %) scored weights ranging
between 4 % and 4.6 %. This indicates that the expert team considered
leguminous crops as specialised crops that require fewer nutrients from
the soil. These crops are commonly used to improve the nutrient content
of the soil in the study area. This has been discussed in the specialised
literature (Cook et al., 2020; Sharma et al., 2011; Simon and Itanna,
2019; USDA, 1999), emphasising the ability of leguminous crops such as
sunn hemp and pigeon pea to rehabilitate soil physical and chemical
properties.

Sunn hemp and pigeon pea are known for their soil rehabilitation
traits, lowering soil temperature, preventing erosion and water retention
capacity. This is highly influential as they can be treated as an inter-
cropped legume with the widely cultivated mahangu (Pearl millet) and
maize in the study region. This has been discussed by various studies
(Rani et al., 2019; Sharma et al., 2011; Tsubo et al., 2005), where
leguminous crops exhibited regenerative potential in poor soil quality
regions, mostly in semi-arid environments. According to the AHP
ranking, the study area suitability map resembled the characteristics of
only four of the five classes mentioned above. The overall suitability
map in Fig. 5 exhibited 17.63 % of the total study area to be suitable for
leguminous crops, signifying the land to have minor constraints and
requiring less inputs for enhanced productivity. A visual analysis of this
outcome reveals that most of the suitable land is in close proximity to the
river and its tributaries. This is attributed to the requirement of water for
crop growth in this semi-arid environment and the fluvic-gleysol soil
types with silty and sandy loam texture, which have an enhanced ca-
pacity to hold nutrients and water. Even though gleysols in Namibia are
usually associated with waterlogged places such as rivers and dams
(Atlas of Namibia Team, 2022), which is a detrimental factor for the
cultivation of sunn hemp and pigeon pea, the river basin usually recedes
by the end of the dry season. As a result, most of the floodplain becomes
devoid of water but retains high soil moisture. This creates an oppor-
tunity for cultivating these legumes during the light rainy season in
October and November, before waterlogging becomes a problem.

On the suitability map, most of the coverage is classified as Moder-
ately Suitable, with 62.77 % of the entire study area falling within this
class. This means that the constraints identified in this class limit its
performance. To achieve optimal growth of legumes and maximise the
expected yield from this land use, a higher level of input will be
necessary compared to areas with a suitable classification. However, this
remains appealing to farmers. The suitable class was the second largest
with 17.63 % of the entire study area showing the highest potential for
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Fig. 5. Leguminous Crop suitability map using AHP method.

crop yield. Most of this class’s coverage is within 2 km distance from the
river and its tributaries, influencing soil moisture contents to be high
and anticipating potentially higher nutrient contents. This becomes
clear when examining Soil Nitrogen and Phosphorus classes, as defined
in Fig. 4. Soil CEC and soil organic carbon seem to be moderately low in
the moderately suitable class. However, two of the three highest
weighted variables (i.e., distance to river and precipitation) seem to
agree with the outcome of this class. Classes with less suitability are
mainly located in the southern parts of the study area representing 10 %
of the entire region. This class is characterised as having severe con-
straints for agricultural land use and reduced crop yield is expected.
Land within this class is likely to demand a higher level of input for
marginal gain. Several of the variables used to generate the suitability
map agree with this classification: i) the least suitable areas have the
lowest rainfall; and ii) areas located in higher elevation were the furthest
away from waterbody representing the least fertile land and with the
least capacity to hold soil nutrients. Unsuitable classifications were
observed in 9.59 % of the study site and these areas have the highest
limitations to practice leguminous crop cultivation with unsustainable
use and require infeasible inputs to increase productivity. As seen in
Fig. 5, these areas are mainly concentrated in the built-up area and
within the water body. This is due to the unavailability of land use for
farming. In addition, it is interesting to note that soil fertility classifi-
cation is similar to the final suitability map.

3.8. Models’ performance

In evaluating crop suitability classification models, comprehensive
metrics were used to assess performance (Fig. 7), including Accuracy,
Precision, Recall, F1 Score, and ROC AUC. The Random Forest Classifier
and XGB Classifier demonstrated exceptional performance in all metrics.
The Random Forest Classifier exhibited exceptional accuracy (0.97),
precision (0.96), and recall (0.97), as well as an F1 Score and ROC AUC
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of 0.97 and 0.99, respectively. These results indicate its remarkable
capacity to accurately categorise both positive and negative cases with
minimal error. The XGB Classifier exhibited a superior degree of preci-
sion (0.98) and accuracy (0.96) alongside a moderately lower recall
(0.93), indicating a heightened emphasis on curbing false positives,
while retaining elevated true positive count. The high value of ROC AUC
(0.99) for both models provides evidence of their discriminatory power.

In contrast, the logistic regression had a moderate precision (0.76), a
good balance between precision (0.73) and recall (0.83), which can be
very important when trying to identify the most positive cases. Both
classifiers had a balanced performance with high precision and recall,
indicating their effectiveness in general classification tasks. The
Gradient Boosting Classifier has a precision score of 0.97, and a recall
score of 0.89. The Decision Tree Classifier has an accuracy score, a
precision score, and a recall score all around 0.93. The Gradient
Boosting Classifier and the Decision Tree Classifier both have strong
classification abilities. The Gradient Boosting Classifier has a precision
score of 0.97 and a recall score of 0.89, while the Decision Tree Classifier
has accuracy, precision, and recall scores all around 0.93. The models
also have different ROC AUC values, ranging from 0.83 to 0.99. This
confirms their strong ability to distinguish between different aspects of
the classification task.

Analysing the various crop suitability models yields relevant results
that may be differentiated by performance indicators such as Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared
(R2). These metrics indicate the accuracy of each model and its ability to
highlight variations in the dataset. The ensemble models perform
satisfactorily, especially the Random Forest Regressor and Extra Trees
Regressor. The findings demonstrate their ability to capture complex,
perhaps non-linear relationships in the data, as indicated by the lowest
RMSEs (Fig. 9) and high R2 values (Fig. 8). Ridge regression and linear
regression have only moderate results, possibly due to their limitations
in the representation of complex and nonlinear interactions. The slight
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Fig. 6. AHP criteria ranking and weights.

variations in performance among the ensemble models can be attributed
to differences in their methods of model construction, error mini-
misation, and sparse data management.

The tree ensemble models are clearly the better choice, which is an
indication of their robustness and effectiveness in environmental
modeling. This comparison shows the importance of selecting appro-
priate modeling methods depending on the characteristics of the dataset
and the complexity of the relationships within it.

3.9. Covariate importance

The feature importance analysis of the crop suitability model
(Fig. 10) provides significant insight into the predictors that are critical
for determining crop suitability using NDVI to assess vegetation health.
Feature importance scores in XGBoost reflect how each variable con-
tributes to the model’s ability to distinguish between suitability classes.
These scores are indicators of the influence each variable has on pre-
dicting suitability classes, providing insights into the variable’s relative
effect on land suitability as determined by the model. The analysis shows
a clear hierarchy of feature importance, with “Fertility Capacity Class 2"
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as the top factor, with an importance score of 0.7884. According to the
model, the fertility of the soil is the most important factor in determining
crop suitability.

Other features also contribute to the assessment of crop suitability,
but to a lesser extent. The second most influential feature is the level of
soil nitrogen in Band 1, which has an importance score of 0.0764. The
significance of soil physics in agricultural output is emphasised by
presenting ’Soil Texture’, and its corresponding classification of ’Soil
Texture class 9’ (soil_texture_9.0). The examination also highlights the
importance of diverse soil types in the study, yielding importance scores
of 0.0203 and 0.0177, respectively.

The suitability of crops is significantly affected by the specific soil
classification of Cambisol (importance score: 0.0156), Fluvic Arenosol
(0.0114), and Technosol (0.0087). Additionally, accessibility and lo-
gistics may impact crop cultivation viability, as Distance to Market is
identified as a significant factor (importance score: 0.0124).

Soil fertility, especially nitrogen content, is crucial for crop suit-
ability. This is emphasised by the presence of Soil Nitrogen Band 2,
which has an importance score of 0.0076. Additionally, the soil’s cation
exchange capacity, with a score of 0.0055, supports crop growth,
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although it is less influential than other features. This analysis highlights
that soil characteristics, such as fertility and texture, play a crucial role
in determining crop suitability. Factors such as proximity to markets and
specific soil types also contribute to this determination. The prevalence
of specific aspects, particularly soil fertility classifications, highlights the
complexity of evaluating land suitability for agriculture.

Fig. 11 shows the various soil and environmental factors with a
significant impact on the crop production potential according to the
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cropland classification. The highest-ranked feature is "Fertility Capacity
Class 1/, with an importance score of 0.257. Soil fertility plays a crucial
role in agricultural decision-making and the nutrient profile and soil
health are critical factors in the feasibility of crop cultivation.

Specific soil classifications, such as Technosol and Cambisol, are
more suitable for agriculture than others. Technosol has an importance
score of 0.128, while Cambisol scores 0.033. These soil types have
different characteristics that are important for crop growth, such as



K.G. Negussie et al.

International Journal of Applied Earth Observation and Geoinformation 135 (2024) 104284

0.03+
0.02

0.024
s 0.02
u - 3
=
=

0.01{ [ |

l.
0.004
ExtraTrees  HistGradient Linear Random Ridge XGB
Boosting Regression Forest Regression

Fig. 9. Regression Metrics (RMSE).

Feature Importance

Fertility Capacity Class 2+ 079
Soil Nitrogen Band 14 -n.u@
Soil Texture Io.oz
Soil Texture class 9+ 0.02
w Soil Type [Cambisol] 4 Io.oz
= Distance to Market - oo
Soil Type[Fluvi Arenosol] 4 0.01
Soil Type [Technosol]4 Iu o1
Soil Nitrogen Band 2 4 0.01
Soil CECH 0.01
0.0 02 0.4 06 038

Fig. 10. Feature Importance (XGB Regressor).

water retention, nutrient availability, and structural stability.

Soil physical properties have a significant influence on plant growth.
Bulk density and texture are particularly important, with importance
scores of 0.085 and 0.075, respectively. These factors affect root pene-
tration, water and air movement, and overall soil health. Soil chemistry
is crucial in determining land suitability for agriculture due to the
availability and presence of essential nutrients, such as phosphorus and
nitrogen. These nutrients play a critical role in plant growth and crop
yields, as indicated by their respective importance scores ranging from
0.063 to 0.066.

The model shows that elevation affects agricultural suitability
(importance score of 0.035). This means that altitude-influenced
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geographic and climatic conditions impact the ability to carry out
agricultural activities. Considering elevation points to a wider envi-
ronmental context, where temperature, precipitation patterns, and po-
tential frost risks related to altitude can impact crop viability.

The regression and classification models show how various soil
properties and environmental factors are interdependent in determining
the suitability of land for agriculture. The research provides insight into
the main factors that determine agricultural land suitability. This un-
derscores the complexity of agricultural ecosystems and emphasises the
need for a multifaceted approach to managing and assessing land for
crop production. These findings can support effective and sustainable
use of land resources, aiding in agricultural planning and policymaking.
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3.10. Insights from logistic regression and OLS analysis use (categorizing land as cropland).
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coefficient for precipitation indicates that crop production is currently
practiced in areas with limited rainfall. Similarly, geographical aspects
like Distance to Market (—0.5418) and Distance to Major Roads
(—0.066) show negative relationships, indicating that increased
remoteness reduces the likelihood of a parcel being cropland. The
findings for Elevation (—0.1569) and Slope (—0.0931) underscore the
preference for flatter and lower lands in agriculture, as steep and
elevated terrains are less likely to be cultivated.

Soil Characteristics and Fertility Capacity: The regression analysis in
Fig. 12 displays significant variations in how soil properties affect
cropland probability. Soil Bulk Density and Soil pH, with their negative
impacts, suggest that denser and more acidic soils are less favorable for
agriculture. Conversely, positive coefficients for Soil CEC and Soil Depth
indicate their beneficial roles. The notable negative coefficient for Soil
Nitrogen (—0.6699) points to a complex relationship with land use,
potentially influenced by factors such as nutrient management practices.
Interestingly, specific soil textures, particularly Sandy Loam and Loamy
Sand, with high positive coefficients (4.2312 and 3.9782), emerge as
highly conducive for agricultural use. The Fertility Capacity Classes
(FCC) further illuminate the nuances of soil fertility on land use, with
FCC 2 showing a distinct negative effect. This highlights the variability
in agricultural suitability across different fertility levels.

The OLS regression analysis (Fig. 13), with NDVI as the outcome
variable, explores how different environmental, geographical, and soil
factors impact vegetation health according to NDVI values.

In terms of environmental and geographical factors, evaporation and
precipitation exhibit negative correlations with NDVI, with coefficients
of —0.0021 and —0.0045, correspondingly. These findings suggest that
increased levels of evaporation and precipitation are connected to
decreased NDVI values, which may signal reduced vegetative growth in
regions with more severe hydrological conditions. The positive coeffi-
cient for Distance to Market (0.0096) is particularly interesting from a
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geographical perspective, implying that areas situated farther away
from markets may exhibit a higher NDVI, possibly due to less distur-
bance arising from anthropogenic activities. The slight positive effect of
Distance from River (0.0005) and the significant positive impact of
Drainage Density (0.0059) emphasizes the significance of water avail-
ability and drainage in vegetation support.

Furthermore, Topographical and Soil Factors show negative associ-
ations with NDVI. Elevation and Slope coefficients are —0.007 and
—0.0013, respectively, indicating that steeper slopes and higher eleva-
tions may hinder vegetative growth. Soil characteristics play a crucial
role in vegetation health. Soil Bulk Density and Soil pH have negative
effects, implying that denser soils and more acidic conditions could
hinder vegetation growth. In contrast, Soil CEC displays a significant
negative relationship (—0.0128), reflecting complex interactions be-
tween soil chemistry and plant growth. On the other hand, Soil Nitrogen
and Soil Organic Carbon, exhibit positive coefficients (0.0201 and
0.0033), highlighting their role in promoting vegetation health.

Fertility Capacity Classes (FCC) and Soil Texture: The beneficial
coefficients for FCC 1 and FCC 2 (0.0021 and 0.0075) suggest that these
fertility levels promote higher NDVI values. Nevertheless, FCC 3 exhibits
a negative impact (—0.0031), indicating irregularity in the influence of
fertility on vegetation. The substantial negative coefficients for soil
textures, such as Sandy Loam and Loamy Sand (—0.0307 and —0.015),
indicate that these textures may be less conducive to vegetative growth
compared to other soil types.

3.11. Perspectives of subjective Analytic Hierarchy process and objective,
data-driven statistical approaches

The primary goal of the study was to present a detailed comparison
between the data-driven machine learning models and the expert-based
AHP approach. The aim was to highlight the strengths and differences of
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each method rather than using machine learning to add objectivity to
the subjective nature of the AHP. By utilising an (AHP) approach and
objective data-driven statistical methods, we successfully evaluated
various variables and their level of importance in determining the
agricultural potential in the study area. AHP criteria weights were
influenced by characteristics of the semi-arid environment and bio-
physical requirements of legumes proposed to be grown in the study
area. Source of water recorded the highest weights, ranging between
8-8.5 %, followed by slope, soil physical and chemical properties with
weights varying from 3.8-5.5 %. Lowest weights were observed in socio-
economic and vegetation criteria categories with varying weights less
than 2.7 % determined by the process of expert valuation. The data-
driven statistical approach exhibited unconventional results, with soil
fertility capacity classification being the paramount variable with an
importance score of 0.7884. The subsequent significant factor (soil ni-
trogen band 1) recorded much lower importance, with a score of 0.0764.
Additional soil physical and chemical properties, such as soil texture and
types, as well as cation exchange capacity, were also discovered to have
a lesser impact on predicting suitable agricultural land.

A noteworthy observation of the data-driven approach is that the
model has the capability to rank categorical variables and discern the
importance of individual categories while the subjective based method
solely assigns weights to the variables as a whole. Nevertheless, the
subjective approach has the advantage to carry out a weighted ranking
based on specific biophysical and socio-economic requirements of the
crop types. In view of this, the data-driven method showed that soil
physical and chemical factors were dominant, ranking at the top of the
importance hierarchy. In contrast, the subjective assessment ranked
water and soil factors as the highest. Section 3.9 describes the statistical
method used to predict land for crop cultivation. The top ten features
with the highest importance were soil physical and chemical factors,
along with distance to market and elevation. These features were
determined to have the greatest influence on the prediction process,
while others made meaningful contributions, albeit to a lesser extent.
Crop cultivation areas determined by AHP approach (section 3.7),
considered source of water, as well as the physical and chemical prop-
erties of the soil, as the most influential factors. Even though subjective
land suitability assessment using MCDM is most common, data-driven
statistical models are gaining recognition in the discipline. This is due
to the emergence of algorithms and processing capacity to handle
complex data and their relations. Thus, both approaches could offer a
better insight into land suitability assessment and enhance crop yields
for smallholders.

4. Conclusion

Crop farming is the primary activity extracting water in the Rundu
area of Namibia within the Okavango River basin. Therefore, the
responsible use of this scarce resource promotes the practice of conser-
vation agriculture to ensure the sustainable continuation of agricultural
activities in the basin. The purpose of this research was to develop
reference materials for agricultural extension officers, agronomists,
land-use planners, and decision makers to facilitate the adoption of
conservation agriculture strategies, ultimately leading to food security
for smallholders. This study utilised climate, soil, hydro-
geomorphology, socioeconomic and vegetation indicators to assess the
suitability of potential agricultural land in the Rundu area, encom-
passing 722 Sq. km of rural and urban land. Two approaches of multi-
criteria decision-making and data-driven multivariate models were
employed to investigate suitability of agricultural land to grow legume
crops, primarily relying on remotely sensed data. The study’s findings
are presented as follows:

e Machine learning data-driven approach avoids subjectivity and
reliance on expert knowledge in the design of suitability analysis.
However, it should be noted that machine learning models require
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well-balanced datasets and may exhibit a higher degree of uncer-
tainty in predicting suitability in areas where crops are not typically
grown or underrepresented in the data. Furthermore, while machine
learning methods provide a more robust and objective means of
variable importance classification, AHP approach also demonstrated
its ability to classify land suitability for leguminous crops through
comprehensive and systemic process of expert consultation.
Although, the AHP approach remained sensitive to expert knowl-
edge, it was more susceptible to subjective biases.
e AHP assessment indicates that the moderately suitable class is
geographically predominant, accounting for 62.77 % of the area,
followed by the suitable class (17.63 %) and the less suitable and
unsuitable classes (10 % and 9.59 %) of the area, respectively. Over
70 % of the suitable class coverage is observed within a 2 km radius
from the river or its tributaries due to higher soil moisture and
potentially higher nutrient levels found in soil types near rivers.
Machine learning approach showed soil physical and chemical
properties as the most important features to predict suitability.
Among these properties, soil fertility capability class had the highest
importance score as predictor for suitability of leguminous crops.
The favourable condition for crop land use is established by the
positive relationship between sandy loam and loamy sand textures.
On the other hand, environmental and geographical factors,
including evaporation, precipitation, elevation, slope, distance to
market and proximity to major roads, are negatively associated with
the probability of land being classified as suitable.

Future studies should focus on improvements of suitability analyses
through remote sensing by incorporating extensive in-situ datasets such
as soil moisture content, soil nutrients, as well as socio-economic vari-
ables such as labour income, financial capacity of smallholders, and
accessibility to farming technology, among others. In developing sub-
Saharan countries such as Namibia, Botswana and Angola, facing data
scarcity, adopting an alternative solution such as reanalysis data will
improve accuracy in crop suitability assessments. Additionally, machine
learning results could further be used as inputs in AHP to enhance the
analysis and remove subjective biases. The feature importance findings
based on data-driven method could be used to determine the weights of
criteria for the subjective approach and evaluate changes in the crop
suitability map. These methods offer improved understanding into land
suitability modelling through substitution of the subjective criteria
weights in the AHP by a more objective, data-driven approach. Such an
approach will enhance the framework for sustainable land and water
resource management which could provide reliable tool for agricultural
planning and environmental conservation.

This study examined the challenges and factors fundamental to the
process of identifying suitable land for agricultural purposes in a
comprehensive manner, primarily relying on reanalysis data as the most
viable option in regions with limited data availability. The application of
our proposed methodology to identify agricultural land can serve as a
valuable decision-making tool for planning and assessment of land
suitability. This approach could assist in optimal resource allocation, the
development of irrigation strategies, the implementation of conserva-
tion agricultural practices and guiding future agricultural expansions
while promoting sustainable land management.
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