A NOVEL APPROACH TO MAPPING AREAS SUITABLE FOR
RAINFED PRODUCTION OF BAMBARA NUT AND COWPEA

Simon Lake

Submitted in fulfilment of the academic requirements

of Master of Science in Hydrology

in the
Centre for Water Resources Research
School of Agricultural, Earth and Environmental Sciences
College of Agriculture, Engineering and Science

University of KwaZulu-Natal

29 November 2024



PREFACE

The research contained in this dissertation was completed by the candidate while based in
the Discipline of Hydrology, School of Agricultural, Earth and Environmental Sciences in the
College of Agriculture, Engineering and Science, University of KwaZulu-Natal,
Pietermaritzburg Campus, South Africa. The research was supported with funding from the
Water Research Commission (WRC) for a project titled “Developing a database and utility tool

for underutilised indigenous crops for increased agricultural diversification in South Africa”.

The contents of this work have not been submitted in any form to another university and,
except where the work of others is acknowledged in the text, the results reported are due to

investigations by the candidate.

Signed: Mr R Kunz

Date: 19 February 2025



DECLARATION

I, Simon Vernon Lake, declare that:

(vii)

the research reported in this dissertation, except where otherwise indicated or
acknowledged, is my original work;

this dissertation has not been submitted in full or in part for any degree or examination
to any other university;

this dissertation does not contain other persons’ data, pictures, graphs or other
information, unless specifically acknowledged as being sourced from other persons;

this dissertation does not contain other persons’ writing, unless specifically
acknowledged as being sourced from other researchers. Where other written sources
have been quoted, then:

a) their words have been re-written but the general information attributed to them has
been referenced;

b) where their exact words have been used, their writing has been placed inside
quotation marks, and referenced;

where | have used material for which publications followed, | have indicated in detail my
role in the work;

this dissertation is primarily a collection of material, prepared by myself, published as
journal articles or presented as a poster and oral presentations at conferences. In some
cases, additional material has been included;

this dissertation does not contain text, graphics or tables copied and pasted from the
Internet, unless specifically acknowledged, and the source being detailed in the
dissertation and in the References sections.

Signed: Mr SV Lake

Date:

19 February 2025



ACKNOWLEDGEMENTS

The author would like to thank the following individuals and organisations for their assistance

and contributions to this research:
o First, thanks to my parents for their support and encouragement throughout the study.
e Mr R Kunz for his supervision and guidance throughout the study.
e Mr T Mthembu for his help and guidance.
e Prof T Mabhaudhi for sharing his knowledge on underutilised crops.
o The Water Research Commission for funding the research reported in this study.



ABSTRACT

South Africa is a water scarce country, highlighting the need to cultivate water use efficient
crops under rainfed conditions. Certain neglected and underutilised crops (NUCs) exhibit
greater drought resistance, water use efficiency and nutrient content when compared to
conventional crops (e.g. maize and soybean), and thus have potential to enhance food and
nutrition security at the smallholder scale. To increase production of NUCs in southern Africa,
small-scale farmers first need to know where these crops can be cultivated, which they
typically obtain from existing land suitability maps. Various methods have been used to
develop such maps, which are classified as either traditional or modern methods. Previous
studies have used simulated data from a crop model to validate, but not develop, land
suitability maps, especially in South Africa. Utilising modelled data to develop a land suitability
map for rainfed production of taro was first conceptualised and tested in 2022, which was then
modified and applied to orange flesh sweet potato (OFSP) and taro in 2024. This study
represents a continuation of this work, where the methodology was further refined and
improved, then applied to other NUCs (namely bambara nut and cowpea). Specific objectives
include: (i) assessing the impact of four planting months (October, November, December and
January) on simulated crop yield, (ii) determining the impact of frost occurrence on crop cycle
length and yield, (iii) accounting for frost occurrence when mapping land suitability, and (iv)
partially automating the mapping process using the Python programming language. The
AquaCrop model was run to simulate 49 seasons of data (from 1950/51 to 1998/99) for over
5 800 relatively homogenous response zones across southern Africa. For each AquaCrop
output variable (e.g. biomass, yield and crop water use), various statistics were then derived
from the modelled data and stored in a crop database. For each NUC, the crop cycle length
was calculated using thermal time, i.e. when sufficient heat units have accumulated for the
crop to reach physiological maturity. Thereafter, the crop cycle length was reduced to the first
frost date when the daily minimum air temperature dropped to 5.4°C or below. Hence,
AquaCrop was run for two main scenarios, namely with and without frost impacting the crop’s
growing season. Simulations were performed for a single planting density (representing
smallholder farming systems) for each planting month. In total, 16 national scale model runs
were completed. Python code, together with a geographic information system, were then used
to analyse and select AquaCrop output variables, which were then used to develop each land
suitability map. The land suitability maps highlight the coastal regions of KwaZulu-Natal and
the Eastern Cape as being highly suited to rainfed production of bambara nut and cowpea,
whilst inland areas are moderately to marginally suitable. Findings also indicate that planting
date affects crop production, with bambara nut and cowpea showing optimal suitability as well

as higher yields at earlier and later planting dates, respectively. Frost occurrence reduced the



crop cycle length, resulting in lower crop yield simulations, which was also influenced by
planting date. Areas deemed suitable for crop production were substantially reduced by (i)
frost occurrence, and by (ii) excluding unsuitable land uses (e.g. protected areas and urban
areas). This study illustrates how planting date affects land suitability mapping, especially in
frost-prone regions. This study assessed land suitability for crop production using an approach
that was further enhanced by incorporating frost occurrence in crop simulation modelling,
which was achieved for the first time, and thus is considered novel. Python automation
expedited map development, producing numerous land suitability maps for each crop in

reduced time.

Keywords: bambara nut; cowpea; land suitability; AquaCrop; frost occurrence
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1. INTRODUCTION

1.1 Background and Justification

Southern African countries (South Africa, Eswatini and Lesotho) are mostly classified as semi-
arid to arid (Thopil and Pouris, 2016). This explains the need for crop irrigation, which can
utilise up to 60% of South Africa’s available water resources (Bonthuys, 2018; DWS, 2018).
Expansion of irrigated areas is highly unlikely as many catchments are already water-stressed,
i.e. water demand exceeds supply (Thopil and Pouris, 2016; DWS, 2018). Although the
majority of South Africa’s agriculture relies on rainfed production (Mabhaudhi et al., 2023),
there is a growing need to produce higher crop yields to feed the rapidly growing population,
whilst using less water. This can be achieved by growing more water use efficient crops, which
is particularly important due to increasing water demands from other sectors (e.g. domestic

and industrial use), especially as climate change intensifies.

The cultivation of Neglected and Underutilised Crops (NUCs) has been proposed as one
possible solution, as these indigenous crops are adapted to low levels of water availability
(Modi and Mabhaudhi, 2016). Certain NUCs have been identified as drought and/or heat-
stress tolerant, and thus are ideal for rainfed cropping areas, especially in marginal areas
(Mabhaudhi et al., 2017a; Mabhaudhi et al., 2023). In addition, Mabhaudhi et al. (2023) stated
that these crops have the potential to contribute towards improving South Africa’s agro-
biodiversity, which can bolster the adaptability of agricultural systems to the changing climate
and may result in increased food production (Renna et al., 2018). Wimalasiri et al. (2022)
noted that NUCs can also contribute towards key Sustainable Development Goals (SDGs)

that aim to reduce hunger and poverty.

Furthermore, southern Africa has experienced many problems related to poor land use change
decisions, where arable land has been converted into urbanised and industrialised areas,
resulting in reduced farmland for the production of, inter alia, food, feed, fibre and fuel (e.g.
biofuel and bioenergy). Hence, it is important to understand the production potential of NUCs
and how they may assist famers to become more resilient to increasing climate variability. In
order to increase the production of NUCs in southern Africa, farmers first need to know where
these crops can be successfully cultivated. Farmers typically obtain this knowledge from
existing land suitability maps for crop production. Such maps are therefore needed to promote

the local production of NUCs under rainfed conditions.

Land suitability is defined as the suitability of a particular land parcel for a specified use,

whereas land evaluation measures the potential of land for alternative land uses (FAO, 1976).



Land suitability classification is the process of grouping specific regions according to suitability
(FAO, 1976). Land suitability mapping is defined by Collins et al. (2001) as a tool that is used
to determine areas that are most suitable for a certain land use, i.e. to produce crops under
rainfed conditions. A land suitability analysis (LSA) is an important component in agricultural
development as it informs a farmer about what crops can best be grown on their land. Land
suitability maps provide farmers with additional crop choices to plant, which allows for
increased agricultural diversification (Modi and Mabhaudhi, 2016). Land suitability studies are
also undertaken to combat food insecurity, resulting in sustainable agricultural development
(Akpoti et al., 2019).

Most land suitability studies use the FAO (1976) approach, which classifies land according to
order and class. The order is defined as either suitable (S) or not suitable (N) and the class
provides the level of suitability or unsuitability. For example, suitable areas are classified as
highly (S1), moderately (S2) and marginally (S3) suitable. Similarly, areas classified as N1 and
N2 are deemed currently and permanently unsuitable, respectively (FAO, 1976). Although
subclasses and units are also defined in the FAO (1976) approach, they are seldom used in

land suitability studies.

Based on a review of relevant literature, different methods have been used to develop land
suitability maps, which are classified as either traditional or modern methods (Akpoti et al.,
2019). The traditional (and simpler) methods are typically based on overlays of spatial climate
and soil datasets to identify areas best suited to crop production (e.g. Holl et al., 2007; Nie et
al., 2019). The modern (more complex) methods involve machine learning techniques (e.g.
Estes et al., 2013; Mugiyo et al., 2022). Other modern approaches are based on multi-criteria
decision analysis, in particular the analytical hierarchy process (e.g. Singha et al., 2020;
Mugiyo et al., 2021b; Kau et al., 2023). It is worth noting that few land suitability studies (e.g.
Estes et al., 2013 and Kunz et al., 2024) have used data from a crop simulation model.
Although all these methods utilise climatic, edaphic, topographic and/or socio-economic data
as input data, they adopt different approaches for mapping land suitability and utilise different
variables, including different thresholds (i.e. cut-offs) and weightings that are applied to the

variables.

Until recently, relatively little research has been done on mapping land suitability for NUCs in
southern Africa. The following recent studies produced suitability maps for six underutilised
indigenous crops: Mugiyo et al. (2021b) and Mugiyo et al. (2022) focused on production of
NUCs (amaranth, cowpea, sorghum and taro) across South Africa and KwaZulu-Natal,

respectively; Nhamo et al. (2022) considered bambara nut production in Limpopo; and Kunz



et al. (2024) mapped orange flesh sweet potato (OFSP) and taro production in southern Africa.
Therefore, only three land suitability maps have been developed for bambara nut and cowpea

production across South Africa.

Lake (2022) utilised output from a water-driven crop model to assess land suitability for rainfed
production of taro. The approach was considered novel (i.e. unique) since it has not been
applied before in southern Africa. Thereafter, the methodology was modified by Kunz et al.
(2024) and applied to both OFSP and taro. The analysis of modelled data was performed
using Microsoft Excel spreadsheets, which was a time-consuming process, especially when
applied to multiple crops. Previous approaches have not considered the impact of frost on
crop cycle length and crop yield, as well as the impact on land suitability mapping, which

further adds to the novelty in the current approach.

1.2 Main Aim and Objectives

The main aim of this study was to further improve the approach of utilising simulated data to
identify and map land deemed suitable for rainfed crop production. Since the outcome is
dependent on model input quality, this study focused on bambara nut and cowpea, due to the
availability of well-calibrated crop parameters. The specific objectives were to:

(i) assess the impact of four planting dates on simulated crop yield,

(i) determine the impact of frost occurrence on crop cycle length and yield,

(iii) account for planting date and frost occurrence when mapping land suitability,
(iv) further improve the methodology and apply it to other NUCs, and

(v) partially automate the methodology using the Python programming language.

Specific questions that this study addressed are as follows:

(i) How does planting date and frost occurrence influence land suitability mapping?

(i) What are the advantages of using output from a crop simulation model when compared
to existing land suitability mapping techniques?

(iii) How can output from a crop simulation model be used to identify suitable growing
areas for both NUCs?

(iv) Where can bambara nut and cowpea be successfully cultivated under rainfed
conditions in southern Africa?

1.3 Dissertation Outline
This dissertation consists of the following five chapters:
Chapter 1: provides the background information and justification for the study, as well as

specific aims and objectives;



Chapter 2: describes different land suitability mapping techniques (especially those that used
crop yield data);

Chapter 3: outlines the methodology developed and applied in this study;

Chapter 4: presents and discusses the results, focusing on the impact of planting date and
frost occurrence on land suitability mapping; and

Chapter 5: conclusions of the study, including recommendations for future research.



2. LITERATURE REVIEW

Determining suitable areas for production of NUCs can help improve food and nutritional
security as well as increase agricultural diversification, particularly at a smallholder farming
scale. A review of available literature was conducted to identify different methods for mapping
land suitability for crop production. A total of 14 case studies are presented in Section 2.1 to
illustrate the different methods. In addition, the cases studies were specifically chosen
because they either produced land suitability maps for NUCs, or the methodology used some
level of computational automation. More importantly, case studies that used measured and/or
simulated crop yield data were also selected. Section 2.2 provides an overview of the
AquaCrop model, available crop parameter files as well as an overview of the national-scale

crop modelling.

21 Land Suitability Mapping

Land suitability mapping techniques can be divided into two groups: traditional and modern
methods. Traditional methods assess land suitability using qualitative, quantitative and
parametric methods based on biophysical characteristics (Mugiyo et al., 2021a). The more
complex modern techniques consider multi-criteria evaluation, remote sensing and machine

learning approaches (Akpoti et al., 2019).

2.1.1 Traditional methods

In the past, most land suitability mapping studies used a Geographic Information System (GIS)
to apply climatic criteria for crop growth (which are crop-specific), to spatial and temporal
climate datasets. Several case studies are presented in chronological order, briefly describing

the methodology used to develop the land suitability maps.

2.1.1.1 Case study 1: Holl et al. (2007)
Holl et al. (2007) considered the production of Jatropha curcas in South Africa, assessing its
water use and bio-physical potential. For the latter, a land suitability map was produced by
applying thresholds (i.e. cut-off values) to five spatial variables, namely rainfall, temperature,
soils, frost and slope. The following three-phase approach was used:

(i) elimination of areas that are unsuitable for crop production,

(i) initial yield estimates were calculated from climate and other data using a weighted

approach, and

(iii) a yield equation was then developed to produce estimates of potential yield.



The three-phase approach allowed unsuitable areas to be removed first, and thus, only
remaining areas deemed suitable for crop production were further divided into land suitability
classes. At the time of the study, no jatropha yield equation was available for South African
growing conditions. Hence, selected variables (e.g. rainfall and temperature) were weighted
according to their relative importance in determining crop yield (step 2). With the aid of GIS,
the weightings were then used to calculate initial estimates of yield. For step 3, sunflower and
tree growth yield equations were combined and then adjusted for jatropha (Holl et al., 2007).
The yield equation was then used to estimate potential yield for the suitable areas. Yield
categories were developed by assuming that yield follows a normal distribution. Hence, the

final map identified areas suitable for jatropha production based on estimated yields.

2.1.1.2 Case study 2: Jewitt et al. (2009)

Jewitt et al. (2009) developed land suitability maps identifying suitable areas for selected
biofuel crops such as canola, cassava, jatropha, soybean, sugarbeet, sunflower and sweet
sorghum. The study involved simple overlays for climatic (rainfall and temperature) data using
a GIS that highlighted optimum growing areas. Climatic thresholds for optimum growth were
sourced from the available literature. These thresholds were then applied to spatial datasets

of rainfall and temperature to identify areas deemed optimally suited for crop growth.

2.1.1.3 Case study 3: Kunz et al. (2015)

Kunz et al. (2015) also developed land suitability maps for canola, grain sorghum (Figure 7.1
in APPENDIX A), soybean, sugarbeet and sugarcane. The maps were created by applying
certain thresholds to spatial datasets of rainfall, temperature, relative humidity, soil depth and

slope. The thresholds were based on a study undertaken by Khomo (2014) for soybean.

The approach followed the first two phases from Holl et al. (2007) (cf. Section 2.1.1.1). Firstly,
unsuitable areas for production were eliminated. Thereafter, the variables were ranked
according to their relative importance in determining crop growth. Rainfall was considered the
most important for crop growth (weighted at 40%), followed by temperature and slope (each
20%), as well as relative humidity and soil depth (each 10%). These weightings were based
on expert opinions (Bertling and Odindo, 2013; cited by Kunz et al., 2015), and thus were

subjective.

Kunz et al. (2015) stated that rainfall distribution across the growing season can impact the
crop’s growth. A monthly crop coefficient (Kc) approach was used to determine the amount of
rainfall required by the crop in different growth stages. A higher Kc value indicates that the

crop requires more water in that month compared to other months (or growth stages). A



suitability score was then determined and a score out of 3 was calculated for each month. The
study then went further to classify unsuitable areas into two categories (or classes), namely

functional “no-go” areas (N1) and absolute “no-go” areas (N2).

2.1.1.4 Case study 4: Nie et al. (2019)

Nie et al. (2019) identified and mapped suitable sites in China for sweet sorghum at a 1 km
resolution. The study adopted different approaches to assess the (i) distribution and (ii)
potential of biomass production. Firstly, a GIS was used to identify areas suitable for sweet
sorghum production when the following two criteria were met: (i) accumulated heat units
exceed 2500 growing degree-days (i.e. area is sufficiently warm for crop growth), and (ii) the
sand content of the soil is below 85% (i.e. drainage and water retention are suitable for the
crop). Production potential was then divided into five categories, namely unsuitable, barely
suitable, moderately suitable, highly suitable and perfectly suitable using (i) precipitation and
(ii) slope. Secondly, FAO’s AquaCrop model (Steduto et al., 2009) was used to simulate yield

using daily meteorological data to determine the potential biomass production for each region.

2.1.1.5 Case study 5: Marraccini et al. (2020)

Marraccini et al. (2020) used an innovative approach to develop a land suitability map for
soybean in France. The study uses not only bio-physical variables (e.g. climatic and edaphic)
but also agronomical variables (e.g. yield) and economic variables (e.g. gross margin). The
study first considered climatically suitable areas for production as well as unsuitable areas,
e.g. non-agricultural areas, areas with permanent crops, fallow areas as well as areas with at
least one forage crop (to avoid livestock farming areas). Soil suitability considered the
carbonates percentage, stone/gravel percentage and the soil available water content.
Agronomic criteria accounted for crop rotations which followed a set of rules explained in detail
by Marraccini et al. (2020). Finally, economic criteria looked at the gross margins difference
between the current rotation and the re-designed rotation for soybean. A difference greater
than -50€ was considered unsuitable, with greater than +50€ being very suitable. The gross
margins were calculated using the selling price, variable costs and yield simulated by the

STICS model (Simulateur mulTldisciplinaire pour les Cultures Standard; Brisson et al., 1998).



2.1.1.6 Case study 6: Khalid et al. (2021)

Khalid et al. (2021) also identified and mapped suitable sites for bioenergy production using
Jatropha curcas in the northern region of Pakistan. The study utilised the following two
methods:

(i) The first applied selected thresholds to climate, elevation and slope data to determine
three suitability classes (more, moderate and less suitable). This approach was similar
to previous studies involving Jatropha curcas that predominately used climate (rainfall
and temperature), elevation and slope data (e.g. Holl et al., 2007; cf. Section 2.1.1.1).
The study area was divided into smaller sub-regions using the Thiessen polygon
method based on climate and soil data input.

(ii) The second method used AquaCrop model to simulate jatropha yield (Y in t ha™), due
to the lack of reliable, measured data. The model was also used to estimate crop water
use (WU in m®) and water productivity (WP in t m3). From the modelled output, the
water footprint (WF in m®t') was calculated as the inverse of WP. The study undertook
a simple overlay of Y and WF within each of the suitability classes, which showed the
most suitable areas were associated with high Y and low WF (i.e. high WP), as

expected.

2.1.1.7 Case study 7: Nhamo et al. (2022)

Nhamo et al. (2022) developed a land suitability map for bambara nut production in the
Limpopo province. The study applied six variables (rainfall, temperature, soil type, soil depth,
topsoil clay content and slope) to classify marginal, moderate and highly suitable crop
production areas. Each of the three suitability classes were further disaggregated into three
land suitability sub-classes based on the potential (expressed as a percentage) of each land
type, i.e. 10-30%, 30-50% and > 50%. This was done using land type data developed by the
Agricultural Research Council, where land capability was assessed using soils, slope and
climate data. Land types classified as less than 10% potential were considered unsuitable for
crop production (Figure 2.1). The methodology was then repeated without considering rainfall
to produce a land suitability map for irrigated production of bambara nut. The results showed

the rainfall was a major limiting factor for crop production in the province.
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Figure 2.1: Land suitability map for rainfed cultivation of bambara nut in the
Limpopo province (Nhamo et al., 2022)

2.1.2 Modern methods

Akpoti et al. (2019) described modern land suitability methods as those that combine GIS and
machine learning models. Similarly, Mugiyo et al. (2021a) described modern methods as those
utilising more complex and dynamic algorithms. Hence, modern methods are considered more

complex than the simpler, traditional methods (cf. Section 2.1.1), as they require additional

input datasets.

Mugiyo et al. (2021a) highlighted four main categories of modern methods as follows:
(i) computer assisted overlays: involves the use of GIS, remote sensing and cloud

computing technologies;
(i) machine learning: incorporates the use of, inter alia, species distribution models, fuzzy

rule-based systems and artificial neural networks;

(iii) multi-criteria decision-making (MCDM): includes analytical hierarchy process (AHP),
which is considered one of the most reliable MCDM methods; and

(iv) crop simulation models: mathematical models that describe crop growth as a function
of climatic, edaphic and management conditions.

The analysis by Mugiyo et al. (2021a) of 101 journal publications showed that the most
commonly used modern method for land suitability assessment involves machine learning



(25.7%), followed by AHP (14.9%), fuzzy logic (12.9%) and crop simulation models (9.9%). As
mentioned at the start of this chapter, the case studies were carefully selected to illustrate the
use of each method, especially those that either utilised crop yield data (measured and/or

simulated), or considered NUCs, or the methodology was automated to some extent.

2.1.2.1 Machine learning

The use of machine learning for mapping land suitability has recently gained popularity. For
example, MaxEnt (Maximum Entropy) is a species distribution model based on a general-
purpose machine learning approach with an intuitive and exact mathematical formulation
(Philips et al., 2006). MaxEnt is trained with a presence dataset, i.e. a list of geographical
coordinates (point locations) identifying where the target species was successfully grown in
the past. These presence points, together with selected predictor variables (e.g. rainfall and
temperature) are used by MaxEnt to predict the suitability of other locations for species growth.
Hence, MaxEnt can create land suitability maps by predicting the probability of species growth
at a specific location, ranging from 0 (unsuitable for growth) to 1 (ideally suited for growth).
MaxEnt has also been applied to identify suitable crop cultivation areas, as illustrated by the

following two case studies.

Case study 8: Estes et al. (2013)

Estes et al. (2013) used MaxEnt to create a land suitability map for maize cultivation in South

Africa. The study used 11 390 presence (i.e. suitable maize areas) and 11 390 absence (i.e.
unsuitable maize areas) data points. Five variables (temperature, precipitation, soil depth and
topsoil organic carbon) were used to predict maize suitability. MaxEnt was also trained with
high-productivity occurrence points, which improved the prediction considerably. Estes et al.
(2013) used the DSSAT crop model to produce a land suitability map using climate and soll
data available for 5 838 Altitude Zones across southern Africa (cf. Section 2.2.3). The study
showed that MaxEnt and DSSAT (Decision Support System for Agrometeorology Transfer;
Jones et al., 2003) were equally successful in predicting overall crop suitability compared to a

land suitability map derived using observed maize yield data.

Case study 9: Mugiyo et al. (2022)
Mugiyo et al. (2022) also used MaxEnt to identify suitable growing areas in KwaZulu-Natal

(KZN) for selected NUCs (amaranth, cowpea, sorghum and taro). The study only used 60
presence points in KZN, of which half were randomly selected for model training and the other
half for model validation. The predictor variables were as follows:

(i) three climatic (precipitation, temperature & length of growing period),
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(ii) seven soil (available soil water capacity, soil pH, soil depth, soil texture & fraction of
clay, silt and sand),

(i) two topographic (elevation & slope), and

(iv) two socio-economic (distance along the road network & distance to metro cities)
variables.

In total, 1 000 model runs were completed to create land suitability maps. Four suitability
classes were defined using MaxEnt probability values as follows: highly suitable (S1; suitability
index > 0.80), moderately suitable (S2; 0.60 - 0.79), marginally suitable (S3; 0.20 - 0.59) and

unsuitable (N1; < 0.19). The map produced for cowpea in KZN is shown in Figure 2.2.

« g+ Legend
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Figure 2.2: Land suitability map for cowpea in KZN using MaxEnt (Mugiyo et al.,
2022)

Additionally, MaxEnt generates Jack-knife plots that quantify how each predictor variable
contributes to the overall suitability index. The plots developed by Mugiyo et al. (2022)
indicated that precipitation was the most influential variable in predicting cowpea suitability,
followed by length of growing period (LGP) and temperature (both maximum and minimum).
Soil depth, soil pH and slope provided the least contributions to overall suitability. Similarly,
the two socio-economic variables (EUCDIST and ACCESS) did not contribute much to
predictability (Figure 2.3).
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Figure 2.3: Jack-knife plot evaluating the relative importance of environmental

variables for predicting suitability of cowpea cultivation in KZN (Mugiyo
et al., 2022)

2.1.2.2 Analytical hierarchy process

The second most widely used method for LSAs involves AHP, which was originally developed
by Saaty (1987) to handle complex decision-making (Mugiyo et al., 2021a). The method uses
pairwise comparisons to capture both subjective and objective components of decision-
making and then synthesises the outcome into a single index (Saaty, 2008). AHP is based on
a hierarchical structure (Saaty, 1987), which uses a nine-point scale to weight each variable
according to its importance (Mugiyo et al., 2021a). A score of 1 means that each variable has

equal importance, whereas 9 means one variable is far more important than the other (Table
2.1).
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Table 2.1: The fundamentals for pairwise comparison (Saaty, 2008)

!ntensny of Definition Explanation
importance
1 Equal importance Twp af:tlvmes contribute equally to the
objective
3 Moderate importance of one over | Experience and judgement slightly favour
another one activity over another
5 The strong or essential Experience and judgement strongly favour
importance one activity over another
7 Very strong or demonstrated Activity is strongly favoured, and its
importance dominance showed in practice
The evidence favouring one activity over
9 Extreme importance another is of the highest possible order of
affirmation
Even numbers represent
2,4,6&8 intermediate values between the | When compromise is needed
two adjacent judgements

The AHP method utilises the pairwise comparison matrix to determine the weight of each
variable by extracting the largest eigenvalue of the matrix and then normalising the sum of its
components. To verify the weightings, a consistency ratio (CR) is calculated, which must be
below 0.1, thus indicating that (i) the pairwise comparison matrix has acceptable consistency,
and (ii) the weightings of each variable are valid and can therefore be utilised (Chen et al.,
2010).

GIS-based AHP has become increasingly popular in recent years due to its ability to assimilate
large quantities of data and to calculate weightings easily (Chen et al., 2010). The approach
requires a set of (i) geographic boundaries (either polygons or grid cells) and (ii) criteria applied
to selected spatial data layers. It then calculates the weightings associated with each data
layer using a preference matrix, where each variable (or layer) is compared to the others with
preference factors. Similar to the weighted combination method, the weightings can then be
aggregated with the data layers (Chen et al., 2010). Three case studies are presented next

that used AHP to develop land suitability maps.
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Case study 10: Jayathilaka et al. (2012)
Jayathilaka et al. (2012) used the AHP method to develop a land suitability map for three crops

(coconut, rubber and tea). The study used three climatic (rainfall, relative humidity and
temperature) and two crop (evapotranspiration and yield) factors. Suitability classes and
relative weightings for each crop were determined by experts. The plantation estates were
randomly selected to determine historical annual yields and the spatial extent for each crop.
The weighted average index was used to rank the five factors, and then the linear combination
method was applied in computing the final suitability for each crop. Using the weighted
average index, rainfall was ranked first for tea and coconut, whereas temperature ranked first
for rubber. Crop yield and relative humidity were ranked second and least important for all

three crops, respectively.

Case study 11: Singha et al. (2020)

Singha et al. (2020) used AHP to create a land suitability map for two crop rotations (rice-jute

and potato-lentil), which are grown during the summer and winter seasons, respectively. The
study collected 70 soil samples (soil pH, available nitrogen, phosphorous, potassium, organic
carbon, electrical conductivity, available zinc and soil texture) collected across five sites. The
weighting of each variable was based on expert opinions and existing literature. From the
pairwise comparison, soil texture was identified as most important for rice and lentil, whereas
potassium and pH were most important or potato and jute, respectively. Yield data for each
plot was also collected to develop maps with four yield classes to visualise spatial variation.
The yield maps were then aligned with the suitability classes, which identified areas with
marginal suitability and low yields to be used for alternative crops. The yield maps were also

used as validation for the land suitability maps.

Case study 12: Mugiyo et al. (2021b)
Mugiyo et al. (2021b) used AHP to create a land suitability map for selected NUCs (amaranth,

cowpea, sorghum and taro). Nine variables were used in their pairwise comparison as follows:
rainfall, temperature, reference evapotranspiration, length of growing period, elevation, slope,
land use/cover, soil depth and distance from roads. Mugiyo et al. (2021b) assigned the highest
pairwise weighting to rainfall, whereas distance from roads had the lowest as shown in Table
7.2 (APPENDIX A). After the weightings were determined, the weighted linear combination
method was applied. The final suitability index was determined using Liebig's law of the
minimum (Mugiyo et al., 2021b). The study used the FAO land suitability classification (FAO,
1976; cf. Section 1.1) to develop the final maps. Each suitability class was assigned to a final
suitability index range as follows: S1 (> 80), S2 (60-80), S3 (45-59), N1 (30-44) and N2 (< 30).

The map produced for cowpea is shown in Figure 2.4, which identifies very few areas
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classified as highly suitable for cowpea cultivation, compared to large parts of the country

(excluding the Northern Cape province) that are considered moderately and marginally

suitable.
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Figure 2.4: Land suitability map for cowpea based on AHP (Mugiyo et al., 2021b)

Case study 13: Kau et al. (2023)

Kau et al. (2023) also used AHP to create land suitability maps for three crops in Sudan (faba

beans, sugarcane and sorghum). Based on recommendations by FAO (1976) and Sys et al.
(1991), the maps were created by considering eight variables, namely rainfall, temperature,
soil (texture, depth, pH and organic carbon), slope and land cover. The ExtAHP20 extension
available in ArcGIS version 10.6 (ESRI, 2017) was used to automate the process of calculating
(i) the relative weighting of each variable, and (ii) the CR for the matrix. Kau et al. (2023) also
used the ModelBuilder tool in ArcGIS to partially automate the process to create each land
suitability map. This tool can be used to develop workflows using a sequence of geoprocessing
tools, where the output of one process is used as input for another (ESRI, 2023a). Using the
Reclassify tool, the classification of selected variables was incorporated into the model and
assigned a suitability class corresponding to values from the input raster (i.e. grid) datasets.

The limiting factors were then extracted using the Extract by Attributes tool to create a map of
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unsuitable areas, which was incorporated into the weighted overlay process to create the final

suitability map.

2.1.2.3 Crop simulation modelling

As noted earlier, crop simulation models (CSMs) are mathematical models that describe crop
growth as a function of climatic, edaphic and management conditions. They were first
developed in the late 1960s to describe how crops function by integrating existing knowledge

on plant physiological processes (Bouman et al., 1996; Sinclair and Seligman, 1996).

According to Steduto (2006), CSM use either a carbon-, solar- or water-driven growth engine.
A carbon-driven growth engine is based on carbon fixation during photosynthesis (Steduto,
2006; Salman et al., 2021). Canopy growth and development are influenced by temperature,
radiation and atmospheric CO; levels, with water availability acting as a limiting factor. These
models are often complex and require many input parameters (Todorovic et al., 2009). One of
the most widely used models is WOFOST (WOrld FOod STudies; Van Diepen et al., 1989). A
solar-driven growth engine estimates biomass directly from solar radiation through a single
radiation use efficiency coefficient (Steduto, 2006; Salman et al., 2021). Examples of solar-
driven models include APSIM (Agricultural Production Systems sIMulator; McCown et al.,
1994), CropSyst (Stockle et al., 2003), DSSAT (cf. Section 2.1.2.1) and STICS (cf. Section
2.1.1.5). The water-driven growth engine is driven by a strong relationship between biomass
and canopy transpiration through a coefficient called biomass water productivity (Steduto,
2006). Examples of models using a water-driven engine include AquaCrop (Steduto et al.,
2009) and CropSyst, the latter being a dual growth engine model, which favours the solar-

radiation driven engine.

CSMs have become useful tools for decision making, yield forecasting as well as assessing
potential impacts of climate change on crops (Mabhaudhi, 2012), and thus their use has
increased in recent years. They are regarded as one of the most reliable methods of
determining land suitability at various scales (Mugiyo et al., 2021a). For example, the
MicroLEIS DSS (Mediterranean Land Evaluation Information System Decision Support
System; De la Rosa et al., 2004) model was used to predict land suitability (Mugiyo et al.,
2021a). Estes et al. (2013; cf. Section 2.1.2.1) demonstrated the ability of DSSAT to predict
land suitability. Simulated output from AquaCrop has also been used to develop land suitability

maps, which is discussed next in the final case study.
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Case study 14: Lake (2022)
Lake (2022) used AquaCrop output to estimate land suitability for taro. The study used

AquaCrop output generated for 5 838 zones across southern Africa (cf. Section 2.2.3). For
each zone, the model simulated 49 consecutive seasons from 1950/51 to 1998/99, from which
long-term monthly and seasonal statistics were generated (e.g. averaged yield). If the zone is
too dry or cold for viable crop growth, the model sometimes failed to simulate any output, and

thus no statistics were produced.

The methodology developed by Lake (2022) followed a similar approach to Holl et al. (2007;
cf. Section 2.1.1.1) and Kunz et al. (2015; cf. Section 2.1.1.3) where a three-step approach
was used. Firstly, Altitude Zones that met any of the following criteria were deemed unsuitable
for crop production, and thus were eliminated:

(i) First viable planting date - this was calculated by Kunz et al. (2020) using specific
rainfall and temperature criteria, which identified 1 527 Altitude Zones with no viable
planting date;

(i) Risk of crop failure > 50% - this was calculated as the ratio between the number of
seasons that produced a zero yield to the total number of simulated seasons,
expressed as a percentage (e.g. 50% represents a crop failure every two years on
average);

(iii) CWP < 0.1 kg m™ - crop water productivity (CWP) represents the ratio of crop yield (in
kg) to water use (in m3), which was used to eliminate zones with low productivity (either
low yield or high water use);

(iv) Inter-seasonal variation in yield > 150% - zones with high variation in yield were
considered unviable for crop cultivation due to high climate variability;

(v) Crop cycle length < 100 and > 300 days - crop cycle length was used to eliminate

areas that are too hot or too cold for crop cultivation.

Given the limited information available on these crops, there is little consensus on what
conditions are considered suitable or unsuitable. As a result, the thresholds for determining
risks are subjective, varying from one farmer to another as well as differing for each crop.
What one farmer considers risky, another might find acceptable, making it difficult to establish
objective criteria without conducting surveys to gather more comprehensive data. The
thresholds were derived through expert opinion or through testing (e.g. if too many areas were

eliminated along the east coast, then the threshold was too high).

The second step involved classifying the remaining suitable areas into highly (S1), moderately
(S2) and marginally suitable (S3), based on the FAO (1976) classification (cf. Section 1.1).
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The mean CWP was calculated for the remaining zones and moderately suitable (S2) zones
were defined as having a CWP within half a standard deviation of the mean value. The final
step considered current land use, which identified areas that are currently (N1; e.g. sugarcane,
orchards and forestry areas) and permanently unsuitable (N2; e.g. urban, protected, mining

and water areas).

Case study 15: Kunz et al. (2024)
Kunz et al. (2024) modified the first step of the above approach for taro and OFSP as follows:

(i) If the crop cycle length exceeded 365 days for all seasons, the zone was eliminated
since it is likely too cold for economically viable production of annual crops.

(i) Zones that were considered too dry for rainfed crop production were eliminated if the
zone’s mean annual precipitation was below 400 mm (Brouwer and Heibloem, 1986).

(iii) If the risk of crop failure (RCF) was greater than 40%, the zone was also eliminated.

(iv) Zones were eliminated if CWP was < 0.1 kg m™ for taro and < 0.6 kg m= for OFSP.

(v) The inter-seasonal variation in CWP was used to eliminate zones greater than 150%
for taro and 100% for OFSP.

Kunz et al. (2024) considered collinearity amongst the variables used to develop each land
suitability map. Tests showed that several variables outputted by AquaCrop are collinear. For
example, stomatal and leaf expansion stress were highly collinear (coefficient of determination
of 0.973) as both variables are indicative of water stress. CWP and yield exhibited a strong
linear relationship with an R? value of 0.968. This was expected since CWP is calculated from
yield, i.e. a high yield implies a high CWP. However, a study by Goudriaan and Bastiaanssen

(2013) found a non-linear relationship between these two variables.

The land suitability map developed for OFSP is shown in Figure 2.5, which identifies coastal
(and nearby inland) regions of KwaZulu-Natal and the Eastern Cape as highly suitable for
OFSP cultivation. In contrast, parts of the North-West, Limpopo, Free-State and Mpumalanga
provinces are considered marginally to moderately suitable. The AquaCrop model simulations
undertaken to produce the land suitability map is based on a specific planting density (e.g.
31447 plants ha™) and planting date (01 November), which affects the model simulations.
Kunz et al. (2024 produced four land suitability maps based on two planting densities and two

planting dates, which differ slightly.
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Figure 2.5: Land suitability map for OFSP based on AquaCrop output (Kunz et al.,
2024)

2.1.3 Discussion and conclusions

The 14 case studies presented in Section 2.1 highlighted various land suitability mapping
approaches that range from simple traditional methods to more complex modern approaches.
The case studies highlighted attempts to automate the methodology or how yield data was
used in the mapping approach. The following sections discuss the (i) automation of the
mapping approach, the (ii) importance of considering existing land use, as well as the (iii)
selection of variables used in the methodology, with particular emphasis on collinearity

amongst variables, and (iv) the use of observed or simulated yield.

2.1.3.1 Automation of methodology

From the literature review, only one study (Kau et al., 2023; cf. Section 2.1.2.2) automated,
to some extent, the land suitability mapping approach. The study utilised the ModelBuilder tool
in ArcGIS (ESRI, 2023a) to automate the workflow to improve the efficiency of spatial data
analyses. Other studies (e.g. Shaloo et al., 2022, Abebe et al., 2023; Saraswat et al., 2023)
also utilised ModelBuilder to develop workflows for mapping land suitability. Ali et al. (2024)
used a Python-based ArcGIS toolbox called SDMtoolbox to automate the pre-and post-
processing of data for the MaxEnt model. Automating the land suitability mapping process
enhances efficiency by reducing the time required for data processing and analysis,

particularly when dealing with large datasets. By integrating automation tools such as
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ModelBuilder and Python-based scripts, repetitive tasks can be streamlined, minimising

human error and ensuring greater consistency in map production.

2.1.3.2 Consideration of existing land use

Only seven studies considered unsuitable land uses as follows: (i) Estes et al. (2013) excluded
national parks and nature reserves; (ii) Kunz et al. (2015) excluded both currently (N1; e.g.
forest plantations and sugarcane areas) and permanently unsuitable areas (N2; e.g. urban
and protected areas); (iii) Marraccini et al. (2020) eliminated non-agricultural areas such as
forests, roads, cities, permanent crops (e.g. orchards and permanent pasture), fallow areas
and areas that included at least one forage crop; (iv) Mugiyo et al. (2021b) excluded
conservation areas, forest plantations, urban areas and water bodies; (v) Nhamo et al. (2022)
excluded protected areas only; (vi) Although Mugiyo et al. (2022) did not mention the exclusion
of certain land uses, the map showed protected areas adjacent to the Drakensberg Mountain
range (KwaZulu-Natal) as well as urban areas around Durban were not included; (vii) Kunz et
al. (2024) excluded both currently (N1) and permanently (N2) unsuitable areas, which reduced
the suitable (S1-S3) areas by 22%. This highlights the importance of accounting for current
land use as it avoids over-estimating land deemed suitable for crop cultivation, which results

in more realistic land suitability maps.

2.1.3.3 Selection of variables
Type and number of variables
From Table 7.1, Table 7.3 and Table 7.4 (cf. APPENDIX A), temperature is commonly used

as a mapping variable in almost all studies (except Singha et al., 2020), with only two studies

using both maximum and minimum temperature data. Using average temperatures should be
avoided in LSAs since all crops require an upper and base temperature for development.
Hence, both minimum and maximum temperatures are required to accurately calculate the
crop cycle length and final yield. Frost was only considered in one study (cf. Section 2.1.1.1),
which is surprising since many annual crops are frost sensitive. Length of growing period
(LGP) is another important variable used in three case studies, of which only one (cf. Section
2.1.2.3) used an upper threshold to eliminate areas deemed too cold for economically viable

crop production.

Intuitively, the number of variables considered in each case study influences the accuracy of
land suitability assessment. For example, Jewitt et al. (2009; cf. Section 2.1.1.2) only used
two climatic variables, resulting in a simple classification of either optimally suitable (S1) or
currently unsuitable (N1) areas, potentially under-estimating suitable areas since moderate

(S2) or marginal (S3) areas were classified as N1. Kunz et al. (2015; cf. Section 2.1.1.3)
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considered other variables (e.g. relative humidity, soil depth, and slope), and thus developed

a more comprehensive and reliable land suitability assessment.

Ziadat and Sultan (2011) noted that classic (i.e. traditional) land suitability approaches have a
common major limitation, in that they do not consider the farmer’s management practices.
This particularly impacts the machine learning approaches (e.g. MaxEnt), which require
presence data that is typically obtained from remote sensing and/or manual surveys. However,
presence data does not infer information regarding management practices, such as using
supplemental irrigation and/or fertilisers, which can influence whether or not a particular crop

is naturally suited to a particular location.

Collinearity between variables

Collinearity describes the relationship (i.e. correlation) between predictor variables (Enders,
2013) and is an important concept to consider when selecting variables for land suitability
studies. Only one case study (Kunz et al., 2024) considered collinearity amongst the variables
used to map land suitability. Three case studies (Khalid et al., 2021; Mugiyo et al., 2021b;
2022) used both temperature and elevation to assess land suitability. However, temperature
is strongly correlated to altitude due to known lapse rates, i.e. cooler temperatures occur at
higher elevations (Schulze and Maharaj, 2004). The use of both elevation and temperature in
LSAs should therefore be avoided. However, if temperature is unavailable, then elevation can

be used as a surrogate variable.

2.1.3.4 Inclusion of yield data

As mentioned at the beginning of Chapter 2, eight of the 14 case studies were selected
because they used measured and/or simulated crop yield data. Yield is an important variable
for identifying suitable crop cultivation areas, despite it being difficult to obtain from farmers or
estimate reliably using a CSM. Of the four case studies that incorporated crop yield data into
their traditional method, only one (Holl et al., 2007; cf. Section 2.1.1.1) used estimated yield
data to map land suitability. The authors used a simple yield equation to identify areas deemed
suitable for jatropha cultivation. The main advantage of their approach is that it can be
replicated for other crops. For example, crop growth criteria gleaned from the literature can be
used to eliminate unsuitable growing areas. Thereafter, the simple rainfall and temperature-
based yield equations developed by Smith (1994) could be used to develop spatial crop yield
estimates as demonstrated by Schulze and Maharaj (2007) for sorghum. These yield
estimates could then be used to classify the remaining suitable areas into S1, S2 and S3

classes.
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Nie et al. (2019; cf. Section 2.1.1.4) used AquaCrop to estimate sweet sorghum’s yield
potential, which was not used to map land suitability, but rather to determine biomass
production potential. Marraccini et al. (2020; cf. Section 2.1.1.5) used the STICs model to
estimate soybean yield potential for calculating gross margins to determine economic
suitability (not to assess land suitability). Khalid et al. (2021; cf. Section 2.1.1.6) performed a
simple overlay of Y and WF estimates from AquaCrop, which as expected, showed the most
suitable areas were associated with high Y and low WF. Sleiman et al. (2024) also used
AquaCrop to determine Y and CWP but similar to other studies, model output was only used

to validate (but not develop) the land suitability map.

Four case studies also utilised crop yield data in their modern method, with three utilising yield
data directly to map land suitability. Estes et al. (2013; cf. Section 2.1.2.1) developed a maize
suitability map using different methods. For example, the authors used MaxEnt, observed yield
data and yield simulated by DSSAT to produce similar land suitability maps. Singha et al.
(2020; cf. Section 2.1.2.2) utilised observed yield data to validate their land suitability maps,
as was done by Dedeogdlu and Dengiz (2019) and Singha et al. (2023). Jayathilaka et al. (2012;
cf. Section 2.1.2.2) showed that historical crop yield was ranked second of the five mapping
variables, thus highlighting its relative importance in land suitability studies. Kunz et al. (2024;
cf. Section 2.1.2.3) used selected output variables from AquaCrop to first eliminate unsuitable
crop growing areas and then used the CWP variable (which is correlated to crop yield) to

classify the remaining areas into three suitability classes.

The above-mentioned studies showed that high yield equates to high suitability. Yield data is
also useful validating land suitability maps, and thus should be utilised in LSAs. Since
neglected and underutilised crops have been under-researched in the past, measured yields
are scarce, and thus modelled data can be used to fill this knowledge gap. Although three
models (AquaCrop, DSSAT and STICS) were used to simulate yield, the approach taken by
Kunz et al. (2024) with AquaCrop is unique as it used AquaCrop output for the first time to
develop land suitability maps, and thus warrants further development. The following section

describes the AquaCrop model and how it can be run at a national scale.

2.2 AquaCrop Model

The AquaCrop model was developed by the FAO (Steduto et al., 2009) and is based on the
Doorenbos and Kassam (1979) equation that shows crop yield is correlated to crop
evapotranspiration. When compared to WOFOST, CropSyst and DSSAT (cf. Section 2.1.2.3),

AquaCrop is (i) more robust and less prone to errors (Steduto, 2006), (ii) simpler to use, and
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(iii) requires less input parameters (Todorovic et al., 2009; Saab et al., 2015; Kephe et al.,
2021).

Steduto et al. (2009) highlighted the applicability of AquaCrop in environments where water
availability is a major limiting factor to crop growth. In South Africa, where mean annual rainfall
is about 500 mm (Dennis and Dennis, 2012), crop production is mostly rainfed (Mabhaudhi et
al., 2023), and thus AquaCrop is well suited to simulating crop production under water limited

conditions. A brief description of the AquaCrop model is given next.

2.2.1 Model description

AquaCrop is structured on interactions between the soil, plant and atmosphere (Figure 2.6).
The model runs at a daily time step, which adequately resembles the time scale at which crops
respond to water stress. AquaCrop requires climatic inputs of rainfall, temperature (maximum
and minimum) and reference evapotranspiration (ETo). The model also requires annual

atmospheric carbon dioxide (CO.) levels.

AquaCrop separates actual evapotranspiration (ETa) into soil water evaporation (E) and crop
transpiration (Tr). Biomass (B) is then calculated as the product of Tr and water productivity
(WP). The latter is an important crop-specific parameter required by the model, which is
normalised by the atmospheric CO-, concentration (with a reference value of 369.41 ppm). In
addition, Tr is divided by reference evapotranspiration (ETo). The normalisation of both WP
and Tr improves the model’s robustness by correcting for varying climatic conditions across
diverse locations, seasons as well as for future climate scenarios (Raes et al., 2018). The

model then calculates Y as the product of B and the harvest index (HI) (Steduto et al., 2009).

Four studies (Geerts et al., 2009; Vanuytrecht et al., 2014; Ran et al., 2022; Akbari et al., 2024)
related to AquaCrop’s sensitivity to input soil parameters highlighted the importance of
accurately determining rooting depth and soil water retention characteristics. They showed
that yield simulations are sensitive to the soil water content (SWC) at field capacity and
permanent wilting point, followed by effective rooting depth and saturation. Based on these
findings, it is important to measure soil water retention parameters, rather than estimating
values from texture using pedotransfer functions (e.g. Saxton and Rawls, 2006) or from depth-

weighted values that represent a homogeneous, single layer soil.

The dashed lines in Figure 2.6 account for cold temperature and soil water stress on various
processes within the model. For example, cold temperature stress reduces leaf expansion and

crop transpiration, as well as decreasing HI, thus resulting in lower biomass production and
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yield formation (Raes et al., 2018). The simulation of SWC is estimated using the soil water
balance method, which accounts for water gains (rainfall, irrigation (I) and capillary rise) and
losses (runoff, evapotranspiration and deep percolation). Soil water stress affects green
canopy expansion, canopy senescence, stomatal conductance (which influences
transpiration) as well as the harvest index. Hence, soil water stress also reduces biomass
production and yield formation. Similarly, soil fertility and salinity stress affects canopy cover

development, crop transpiration and biomass production (Raes et al., 2018).

Figure 2.6: Diagram showing AquaCrop's relationships between components
(Steduto et al., 2009)

The model outputs, inter alia, seasonal Y, ETa, crop water productivity (CWP = Y/ETa), crop
cycle length and various stress factors related to cold temperature, water (stomatal
conductance) and leaf expansion. A description of selected output variables is provided in
Table 8.1 in APPENDIX B.

Globally, AquaCrop is the third most used crop model after WOFOST and DSSAT (Lou et al.,
2023). In South Africa, it is the most widely used crop model (Kephe et al., 2021), which is due
to (i) the availability of crop parameters for most mainstream and underutilised crops, and (ii)
the development of an automated procedure that runs the model at a national scale. Each

aspect is discussed next in more detail.
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2.2.2 Available crop parameters

Mabhaudhi et al. (2017b) identified 13 NUCs that should be prioritised for further research in
South Africa. AquaCrop has been successfully calibrated and validated for seven of these 13
crops. These include: amaranth (Bello and Walker, 2017; Nyathi et al., 2018), bambara nut
(Mabhaudhi et al., 2014a), cowpea (Kanda et al., 2021), sorghum (Hadebe et al., 2017), spider
flower (Nyathi et al., 2018), OFSP (Beletse et al., 2013; Kunz et al., 2024) and taro (Mabhaudhi
et al.,, 2014b; Kunz et al.,, 2024). In addition, AquaCrop has been calibrated for other
underutilised crops, which include pearl millet (Bello and Walker, 2016) and Swiss chard
(Nyathi et al., 2018). The model has also been calibrated for groundnut (Chibarabada et al.,
2020a), although it is not considered an underutilised crop in South Africa (Mabhaudhi, 2023a;
pers. comm.). Most of the above-mentioned research was funded by the Water Research

Commission over the past decade.

2.2.3 National-scale crop modelling

AquaCrop can be run for 5 838 relatively homogenous response zones (called Altitude Zones)
across southern Africa, i.e. South Africa, Lesotho and Eswatini. Each of the 1 946 quaternary
catchments that were originally delineated by the Department of Water and Sanitation, have
been disaggregated into three zones of relatively uniform altitude (Schulze and Horan, 2011).
Since the altitudinal variation across each Altitude Zone (AZ) is minimal, the variation in climate

and soils is also minimised (Kunz et al., 2024).

The daily rainfall and temperature datasets for each AZ were recently revised by Kunz et al.
(2024). Rainfall data was obtained from 1 240 driver stations selected for all quaternary
catchments. Monthly rainfall adjustment factors (ranging from 0.50 to 2.00) are used to
improve the representativeness of average climate conditions across each AZ. Similarly, a
driver temperature station was selected for each quaternary (543 stations in total) and a lapse
rate adjustment was performed to account for the altitudinal difference between the
temperature station selected for each quaternary and the average value for its three AZs. Daily
ETo was calculated from the adjusted temperatures, assuming a default wind speed of 2 m s
T (Allen et al., 1998). Hence, each zone has representative climate data consisting of 50 years
of daily rainfall, temperature (maximum and minimum) and ETo data from January 1950 to
December 1999. This Altitude Zones climate database is sufficient to run the AquaCrop model
(cf. Section 2.2.1).

Each zone also has representative soil data for both the A- and B-horizons. Clulow et al. (2023)
updated the Altitude Zone soil database since each of the 7 082 land types was recently

disaggregated into five terrain units. This produced 27 473 terrain unit polygons containing
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soil data for both soil horizons. For each AZ, these polygons were then used to provide area-
weighted values for soil depth and soil water retention values, i.e. saturation (SAT), field
capacity (FC) and permanent wilting point (PWP). Readily evaporable water (REW) was then
calculated by Kunz et al. (2024) using the topsoil’'s FC and PWP values. Similarly, saturated
hydraulic conductivity (Ksar) was determined using soil water retention variables for both
horizons using pedo-transfer function developed by Saxton and Rawls (2006). Finally, the
curve number (CN) was derived using the estimated Ksar value for the topsoil (cf. Raes et al.,
2018; Table 2.14d; p 2-165).

An automated procedure to run AquaCrop for all 5 838 AZs was initially developed by Kunz et
al. (2015), which was subsequently improved by Kunz et al. (2020; 2024) to run faster and
more efficiently. Despite these improvements, the model needs to be run on a high-end
desktop PC (Kunz et al., 2024). The PC used for the national model runs has a Core i9 CPU
with 10 cores, which facilitates 10 simultaneous model runs, each handling 538 AZs. Running
the model in 10 parallel sessions is much faster than a single session involving 5 838

sequential simulations (Kunz et al., 2024).

23 Summary and Way Forward

The literature review identified various methods used to map land suitability that ranged from
traditional methods involving simple overlays of spatial climate data using a GIS, to more
complex modern methods involving machine learning, AHP and CSMs. The two main
advantages of using traditional methods for land suitability assessment are as follows: (i) they
are easier and less time consuming to apply, and (ii) they can provide relatively accurate
results. The disadvantages are that the (i) thresholds for each predictor variable are not always
known for a particular crop (especially for NUCs), (ii) the weightings of each variable are
subjective, and (iii) some variables are not independent, as discussed previously (cf. Section
2.1.3.3).

The advantages of using more modern methods are that (i) they provide more accurate
results, (ii) variable thresholds are not needed, and (iii) methods such as MaxEnt can provide
objective (rather than subjective) weightings for each input variable. However, the
disadvantages are that (i) they are more difficult and time consuming to implement, (ii) some
methods (e.g. AHP) still require subjective weightings, and (iii) MaxEnt requires presence data

that can be costly and time consuming to collect.

The case studies highlighted a number of important findings in land suitability assessments:

(i) the type and number of predictor variables used can impact the accuracy of the land
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suitability map, (ii) no comprehensive attempt has been made to fully automate the different
approaches (e.g. using ModelBuilder in ArcGIS) to develop a land suitability map, (iii) the issue
of collinearity is not adequately addressed in most studies, (iv) the consideration of existing
land use is important for developing realistic land suitability maps, (v) the inclusion of frost into
land suitability maps is not accounted for in most studies, and (vi) yield data should be used

to assess land suitability, not only to validate the final map.

Section 2.1.2.3 highlighted the different crop growth engines used by CSMs and that water-
driven models like AquaCrop are ideally suited for application in water-scarce environments
where water availability strongly affects crop growth (cf. Section 2.2). AquaCrop has been
calibrated and validated for seven prioritised NUCs for South Africa (cf. Section 2.2.2). More
importantly, the model can be run at a national scale across southern Africa using a fully
automated procedure (cf. Section 2.2.3). Lake (2022) was first to demonstrate the potential
use of these national scale model runs for developing a land suitability map for taro (cf.
Section 2.1.2.3). Kunz et al. (2024) then adopted and modified this approach to develop a
land suitability map for OFSP and an updated map for taro. This study represents a
continuation of this work, where the methodology was further improved and automated, before

being applied to develop land suitability maps for another two NUCs.
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3. MATERIALS AND METHODS

This chapter describes the approach taken to achieve each objective of this study, thus
providing the following information: a description of the study area, an analysis of crop
parameters files available for NUCs, which was then used to select two files. After the
parameter files were verified, AquaCrop was run nationally to develop and extensive crop
database. A preliminary analysis of the stored data was then completed to guide the approach
followed to develop each land suitability map. Finally, the process to partially automate the

methodology is explained.

31 Study Area Selection

This study covered the southern African region (South Africa, Eswatini and Lesotho), unlike
Mugiyo et al. (2022) and Nhamo et al. (2022), who only considered the KwaZulu-Natal and
Limpopo provinces, respectively. This was made possible since AquaCrop has been fully
automated to run at a national scale (i.e. for all 5 838 AZs; cf. Section 2.2.3). Since South
Africa is a water scarce country, expansion of irrigated areas is highly unlikely due to
increasing water demands from other sectors (e.g. rising domestic use in response to the
growing population). Therefore, there is a need to increase crop production under rainfed
conditions. The region of particular interest is mainly the central and eastern parts of southern
Africa where rainfed crop production is feasible, i.e. in AZs that receive more than 400 mm of

mean annual precipitation (MAP) as shown in Figure 3.1.

Spatial Distribution of Mean Annual Precipitation per Altitude Zone
across southern Africa
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Figure 3.1: Spatial distribution of mean annual precipitation per Altitude Zone
across southern Africa (after Kunz et al., 2024)
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The annual rainfall threshold of 400 mm was proposed by Brouwer and Heibloem (1986) to
identify areas where irrigation may be required for reliable crop production. The MAP data was
obtained from the recently updated Altitude Zones climate database (Kunz et al., 2024) as
described in Sections 2.2.3 and 3.3.1.

3.2 Crop Model Parameters

The ability of CSMs to adequately simulate canopy cover development, biomass accumulation
and yield formation is crucial for accurate agricultural planning. Hence, model calibration and
validation is evaluated using statistics such as root mean square error (RMSE) and its
normalised variant (NRMSE), as well as coefficient of determination (R?). RMSE quantifies the
difference between predictions and observations of crop growth and yield. The index ranges
from 0 to infinity, where 0 indicates perfect model performance (FAO, 2015). The following
sections discuss how the various crop calibration and validation studies listed in Section 2.2.2
were ranked, which was then used to select two NUCs that this study focused on. A verification
was also done for the corresponding crop parameter files to ensure they contained the correct

crop parameter values.

3.2.1 Ranking of calibration and validation studies

AquaCrop requires adequate calibration (and validation) of canopy cover (CC) development.
Table 9.1 (APPENDIX C) lists the above mentioned calibration statistics for CC development.
Similarly, Table 9.2 (APPENDIX C) provides the validation statistics of CC development for
each crop. The Nash-Sutcliffe model efficiency coefficient and Wilmott’s index of agreement
were not considered since these statistics were not provided by all the calibration studies.
Similarly, statistics for biomass production and final yield were also not provided by all the

studies, and thus could not be used for ranking.

Assuming a well calibrated (and validated) model provides better estimates of crop growth
and yield, the 14 studies were ranked from best to worst using NRMSE or RMSE, followed by
R?. The studies were also ranked by the number of water treatments used in the experiments,
particularly for stressed conditions as these represent rainfed conditions, which the study is
based on. A well calibrated and tested model across a wide range of water treatments is
important, especially when simulating yields across an entire country with highly variable
climatic conditions. Each study was also ranked on data availability and quality, as described

next.

For the studies that only considered one water treatment, the calibration of OFSP by Beletse

et al. (2013) was ranked last (14™") since no RMSE statistics were provided and R? can be
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misleading with only four data points. Amaranth (Bello and Walker, 2017), pearl millet (Bello
and Walker, 2016), OFSP (Nyathi et al. 2016) and sorghum (Hadebe et al., 2017) were all
ranked 13" to 10" respectively, due to under-estimation of canopy cover as highlighted by
high RMSE values (12.1-20.8%). Taro (Mabhaudhi et al., 2014b) and bambara nut (Mabhaudhi
et al., 2014a) were ranked 9" and 8" respectively, due to the low RMSE values. In addition,

R? for bambara nut was higher than that for taro.

For the studies with two water treatments, the calibration by Kunz et al. (2024) for OFSP and
taro were ranked 7" and 6" respectively, both with high NRMSE and RMSE values due to
under-estimation of canopy cover development during the initial growth stages. Amaranth,
Swiss chard and spider flower (Nyathi et al., 2018) were ranked 5" to 3™ respectively, due to
low RMSE values, especially for the severely water-stressed treatment, which better

represents rainfed conditions (compared to the unstressed treatment).

The top two ranked crops were cowpea and groundnut, both having very good calibration
statistics for four and three water treatments, respectively. Based on the validation of CC
development, bambara nut and cowpea were the top two ranked crops, both exhibiting very

good results under five and three water treatments, respectively.

3.2.2 Crop selection and description

Only the 13 underutilised crops that have been prioritised for further research in South Africa
by Mabhaudhi et al. (2017a) were considered in this study. As a result, groundnut, Swiss chard
and pearl millet were excluded. A limitation of AquaCrop (all versions up to 6) is its inability to
accurately simulate leaf harvesting, which can be done up to four times in one season for leafy
vegetables, (Nyathi et al., 2018). As a result, spider flower and amaranth were also excluded.
Of the remaining crops, bambara nut and cowpea were selected since they were ranked the
highest in terms of model validation (cf. Section 3.2.1). A brief description of each selected

crop is given next.

Bambara nut and cowpea are legumes commonly grown across Africa and parts of Asia.
These crops originated from West Africa and are typically grown in the tropics and subtropics.
They are considered a dual-purpose crop since the both the pods and leaves can be
consumed by humans and animals (DAFF, 2014; Kebede and Bekeko, 2020). Both crops are
regarded as drought tolerant due to various water-stress response mechanisms. In addition,
cowpea has a deep root system, which also limits water stress (Modi and Mabhaudhi, 2016),
and thus is highly adaptable to marginal environments. Bambara nut produces pods beneath

the soil surface, which is why it is often called bambara groundnut.
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Bambara nut has a crop cycle ranging from 110 to 150 days (DAFF, 2016) and requires a
minimum annual rainfall of 400-500 mm (Chibarabada, 2014), together with optimum
temperatures of 20-28°C for crop development. Cowpea requires temperatures above 10°C
for germination and between 21°C and 33°C for vegetative growth. For forage use, cowpea
requires upwards of 750 mm of seasonal rainfall, whereas for human consumption, as little as
200 mm is required by the crop (Maundu et al., 2023). The typical growing period is around

100 days from sowing but depends on the planting date and climate.

3.2.3 Verification of crop parameter files

Crop parameter files for bambara nut and cowpea were obtained from the primary author of
the respective calibration (and validation) study. For bambara nut, the climate, soil and
irrigation files were also obtained for Roodeplaat (Pretoria). For cowpea, soil data was also
obtained from the primary author, but the climate file was recreated using data measured by
an automatic weather station at Ukulinga (Pietermaritzburg). The parameter files were then
verified by running AquaCrop for optimum conditions using the climate and soil datasets

obtained for each calibration site.

The verification run for bambara nut produced a simulated yield of 2.360 dry t ha™', which
compared favourably with the simulated yield reported by Mabhaudhi et al. (2014a) of 2.370
dry t ha (i.e. yield deviation of 0.4%). Similarly, a simulated yield of 2.806 dry t ha™' was
obtained for cowpea, which was almost identical (i.e. small deviation of only 0.07%) when
compared to the yield reported by Kanda et al. (2021). Both deviations were well within 6%,
which according to Dua et al. (2014), is within acceptable limits. This exercise was important
since it confirmed the correct crop parameter files were used in this study for the national

model runs.

3.3 Crop Model Inputs
To run AquaCrop for each AZ, key inputs are required such as climate and soil data, including
plant density and planting date. A brief description of each input dataset and its source is given

next.

3.3.1 Climate data

AquaCrop requires a climate (.CLI) file, which provides the name (and location) of the annual
atmospheric CO2 (.CO2) file, including the daily rainfall (.PLU), air temperature (.TNX),
reference evapotranspiration (.ETO) files (cf. Section 2.2.1). The default .CO2 file packaged

with AquaCrop version 6 was used, which contains annual values measured at the Mauna Loa
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station in Hawaii. Using the Altitudinal Zone climate database described in Section 2.2.3, Kunz
et al. (2024) created the .PLU, .TNX and .ETO files in the exact format required by AquaCrop,
allowing the model to be run for each AZ with 50 years of input data, thus providing 49
consecutive seasons of simulated data. The reader is referred to Kunz et al. (2024 ) for a more

detailed description of the Altitude Zones climate database.

3.3.2 Soil data

Soil data for two soil horizons has been developed for each of the 5 838 AZs (cf. Section
2.2.3). Kunz et al. (2015; 2020) and Kunz and Mabhaudhi (2023) ran AquaCrop at a national
scale using soil data available for both soil horizons, whereas Kunz et al. (2024) ran the model
for a single (depth weighted) soil layer. This was done because (i) AquaCrop typically
simulates yield more accurately when using a single soil profile (Mabhaudhi, 2023b; pers.
comm.), and (ii) most of the underutilised crops have been calibrated and validated in South
Africa using a one-layer soil profile. An analysis was therefore conducted to determine whether
a two-layer soil profile would provide yield simulations different to those obtained using a one-

layer (depth weighted) soil.

Groundnut was the only crop calibrated by Chibarabada et al. (2020a) using a two-layer soil
at Umbumbulu. AquaCrop was run using climate data obtained from SASRI* (Station ID 459,
Powerscourt-Roseleigh) from 30 November 2016 to 31 August 2017 and the results showed
that there was no yield difference between the one- and two-layer soils. Climate and soil data
for AZ number 4 780, which represents the Umbumbulu region, was also used, which again

showed no difference in yield between a one- and two-layer soil profile.

Castaneda-Vera et al. (2015) simulated SWC using four crop simulation models for a soil with
three horizons. The study found that model performance was attributed to the number of layers
in which the soil profile is subdivided within the model: 1 layer in WOFOST, 5 in CERES, 12
in AquaCrop and 16 in CropSyst. The models with multiple soil layers resulted in more even
changes in soil water content compared to WOFOST with only a single layer. When soil data
from multiple layers is depth-weighted to a single layer, rooting distribution is no longer
considered, which may explain the differences in yields simulated by the four models. Based
on this evidence, using homogenous (one layer) soil data in crop models should be avoided.
For this study, the national scale model runs (cf. Section 3.4.1) were therefore undertaken

with two-layer soil data.

1 SASRI: https://sasri.sasa.org.za/pls/sasri/r/lweatherweb/home/5?session=9039703554804
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3.3.3 Planting date and density

Kunz et al. (2020; 2024) showed that for crops such as sorghum, soybean, OFSP and taro,
varying the planting date had a greater impact on simulated crop yield than different plant
densities. For the national model runs, this study therefore considered four planting months
for each crop (October, November, December and January), each with the same plant density
that represents a smallholder farming system. The planting day was set to the first of each
month as suggested by Kunz et al. (2020; 2024).

Cowpea has various cultivar types (e.g. erect, semi-erect and prostrate/runner) that require
different plant densities for optimising yield. Erect and semi-erect types can be planted more
densely as they tend to grow upwards (DAFF, 2014). The brown mixed variety considered in
this study is a prostrate/runner type (AGT Foods Africa, 2018), which requires a lower plant
density as it grows horizontally, i.e. across the ground surface. For the runner type, plant
density ranges from 60 000-133 333 plants ha™' (DAFF, 2014; Kanda et al., 2021). A density
of 80 000 and 133 333 plants ha™ is recommended for smallholder and commercial farmers,
respectively (Mabhaudhi, 2023b; pers. comm.). A plant density of 80 000 plants ha' was
selected in this study to represent smallholder farming systems, which matches the value used

by Kanda et al. (2021) for the Ukulinga experiment.

Bambara nut is a short crop with lateral stems (Mabhaudhi, 2012), with recommended plant
densities of 74 000-166 667 plants ha™' for smallholder farmers and up to 222 222 plants ha™
for commercial farmers (Mkandawire and Sibuga, 2002; DAFF, 2016; Mabhaudhi, 2023b;
pers. comm.). A planting density of 166 667 plants ha™ was used by Mabhaudhi et al. (2014a)
for the calibration and validation of bambara nut in South Africa. Thus, the same plant density

was used in this study.

3.3.4 Maturity date

For some AZs, AquaCrop crashes when simulating a particular season due to a division-by-
zero error (for example), and thus produces no output, which results in less than 49 simulated
seasons. If less than four of the 49 seasons are simulated, there is insufficient data for

calculating long-term statistics, and thus the AZ is flagged as -999 to indicate missing data.

AquaCrop calculates the end of the crop cycle using thermal time, i.e. when sufficient heat
units have been accumulated for the crop to reach physiological maturity (Raes et al., 2018).
If the crop cycle length (from emergence to physiological maturity) exceeds 365 days,
AquaCrop is not run since the seasonal climate is deemed too cold for economically viable

crop production (Kunz et al., 2024). Again, -999 is used to indicate no data is available for the
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AZ. However, this approach does not consider the occurrence of frost, which can shorten the
crop cycle length.

A study by Wimilasiri et al. (2022) showed that none of the 13 underutilised crops prioritised
for further research in South Africa by Mabhaudhi et al. (2017a) have frost adaptive traits. This
highlights the importance of considering the impact of frost occurrence when simulating crop
yield of NUCs. Using data collected at the University of KwaZulu-Natal in Pietermaritzburg
(29.628°S, 30.403°E; altitude 671 m), a relationship was developed between minimum surface
temperature (measured using an infrared thermometer) and minimum air temperature at 2 m
above ground level. The analysis considered daily data from December 2019 to August 2024
and focused on the late autumn and early winter months (April to August), when frost is most
likely to occur in the summer rainfall region of southern Africa. The results showed that when
the surface temperature reaches 0°C, the air temperature at 2 m is approximately 5.4°C
(Figure 3.2).

25
] [
20
T
<
e 15
=
ey
(1]
S
Q
Q.
& y=0.73x + 54112
- R2 = 0.9303
=
<
3
o« %
,-;‘." 0
-10 5 0 5 10 15 20 25

Surface temperature (°C)

Figure 3.2: Relationship between minimum air and surface temperature for the April
to August period using data measured by an automatic weather station
from 2020 to 2024 in Pietermaritzburg

For this study, the assumption is made that when the daily minimum air temperature drops to
5.4°C or less, the crop is killed by frost (due to plant cell and tissue damage). Schulze (2008)
noted that for frost to occur, there needs to be clear nights and low winds, as well as relatively
dry air. Thus, the assumption was also made that these conditions would be met every day for

frost. Thus, crop growth and yield formation is halted and the season is effectively ended,
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resulting in reduced yield or complete crop failure. However, if this temperature is reached
before the crop has fully emerged, then frost occurrence has no effect and the crop cycle
length is not ended prematurely. As noted earlier, if no frost occurs, then the crop cycle length

is based on thermal time.

3.3.5 Management options

The management file in AquaCrop was set up to reflect: (i) no soil fertility stress, (ii) no weed
growth, and (iii) no soil bunds to reduce surface runoff. Hence, model runs were undertaken
for optimal field management conditions (i.e. stress-free growing conditions) where yield

potential was mostly limited by soil water availability.

34 Development of the Crop Database

As outlined in Section 2.2.3, a fully automated procedure has been developed to simulate
crop growth and yield using AquaCrop for 5 838 AZs across southern Africa. The reader is
referred to Kunz et al. (2024) for further information regarding this achievement. For this study,
it facilitated the development of a crop database containing long-term statistics for 25 variables
outputted by the model, which was critical for identifying AZs deemed suitable for rainfed

production of bambara nut and cowpea.

3.41 AquaCrop national runs

AquaCrop was run nationally on a high-end PC by completing two simple steps. Firstly, an
ASCII text file called CRPVAL (CRoP VALues) was created that contained information
regarding (i) which crop parameter file to use, (ii) the required simulation period (i.e. 1950-
1999), (iii) the desired planting date and density, and (iv) the minimum air temperature at 2 m
when frost could occur at the ground surface (e.g. 5.4°C). The second step involved starting
a terminal window in Linux in which the RUN command was executed. This single command
started the fully automated procedure, which ran AquaCrop for all 5 838 AZs as 10 parallel

sessions, each with 538 zones, starting with cowpea and then bambara nut.

The above process was repeated for both bambara nut and cowpea, each with four planting
dates. The model was also run without accounting for frost occurrence by setting the frost
temperature to 99.0°C. This was done for each crop and four planting dates to assess the
reduction in crop cycle length that may occur due to frost. In total, 16 national model runs were

completed, which took approximately 80 hours to complete over eight days.
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3.4.2 Generation of statistics

AquaCrop simulated 49 consecutive seasons of crop data for each AZ, from which long-term
monthly and seasonal statistics (e.g. sum, mean and inter-seasonal variability) were
automatically generated for 25 (of 30) output variables, e.g. mean relative biomass (BREL),
yield and crop cycle length. Of these, 17 output variables were considered potentially useful
for identifying AZs deemed suitable for crop production (cf. APPENDIX B). The number of
seasons with a simulated yield of 0 dry t ha' was also summed, which was then used to
calculate another variable called the risk of crop failure (cf. Section 3.6.1). For each national
run, numerous .csv files were generated by the automation procedure, i.e. each containing

one statistic for a single output variable for all 5 838 AZs.

3.5 Data Analysis

A comprehensive preliminary assessment of the modelled data was conducted to identify
potential issues, such as data anomalies that could affect the reliability of the land suitability
analysis. The identification of spatial patterns and the collinearity tests between output

variables are discussed next.

3.5.1 Identification of spatial patterns

Output from the national model runs were imported into ArcGIS Pro (v3.3; ESRI, 2023b) as a
table and joined to the AZs shapefile (developed by Schulze and Horan, 2011) to generate
individual maps for each output variable. The maps were visually inspected to identify spatial
patterns or anomalies. For example, no cold temperature stress (TmpStr; cf. APPENDIX B)
data was simulated for bambara nut during certain growth stages, and thus could not be used

to assess land suitability for crop production.

For each AZ, an analysis was performed to identify the planting month with the highest yield.
This was done using the Python programming language (v3.11.9; Python Software
Foundation, 2023) and the Visual Studio Code editor (v1.94.2; Microsoft, 2024). 138 lines of
code was written that extracted the AZ number and corresponding yield value for each planting
date. If two months had the same (or very similar) yield, the earlier planting date was chosen

to minimise the risk of frost occurring towards the end of the crop cycle.
An analysis was also conducted to determine the impact of frost occurrence on crop cycle

length. For each planting month, the reduction in crop cycle length was determined by

comparing simulations with and without frost consideration.
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3.5.2 Testing for collinearity

As discussed in Section 2.1.3.3, collinearity is an important aspect to consider when
developing land suitability maps. Pearson’s correlation coefficient (r) is widely used as a
statistical measure to evaluate the strength of the linear relationship between two variables,
with values ranging from 0 (no linear relationship) to 1 (a perfect relationship) (Profillidis and
Botzoris, 2019). The absolute value of r (|r]) was used to avoid any negative values.
Approximately 200 lines of Python code were developed to test for collinearity amongst 17
variables, which automatically produced 136 relationships for each planting month, i.e. 1 088
tests for both crops. Nafis and Alvi (2023) stated that if the coefficient r is 0.8 or higher, then
there is very strong collinearity between the two variables (Table 3.1), which concurs with
Shrestha (2020).

Table 3.1: Collinearity strength determined from the Pearson correlation coefficient
(r) (Nafis and Alvi, 2023)

Irl Collinearity strength
=0.80 Very strong

0.60-0.79 Moderately strong

0.30-0.59 Fair

0.01-0.29 Poor
0 No correlation

3.6 Land Suitability Assessment

As noted in Section 2.1.2.3, the three-step approach initially developed by Lake (2022) to
map land suitability for taro production was modified by Kunz et al. (2024) and also applied to
OFSP. To recap, the first step involved eliminating AZs that are too cold for economically viable
crop cultivation. These zones typically have no simulated output (flagged as -999) because
the crop cycle length exceeds 365 days, as explained in Section 3.3.4. Zones were also
eliminated if they were considered too dry (i.e. low MAP), exhibited a high risk of crop failure,
the climate was too variable or crop water use was too inefficient. The second step focused
on the remaining suitable areas, which were classified from marginal to high suitability using
CWHP. The thresholds that were applied to each variable were obtained from available literature
and expert opinion. The third step involved removing AZs that were classified as current “no-
go” areas (i.e. N1) and permanent “no-go” areas (i.e. N2) using available national land cover
data for South Africa.

It is important to note that for this study, the methodology adopted by Kunz et al. (2024) was

further revised and improved, as described in the following sections. The same three-step

approach used by Lake (2022) and Kunz et al. (2024) was again followed in this study.
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3.6.1 Elimination of unsuitable areas

As described in Section 3.5.2, collinearity tests were conducted between all output variables
to determine which pairs were strongly related. All collinear variables were then excluded from
further analysis. The goal was to identify the fewest number of variables that successfully
eliminated unsuitable zones for rainfed crop production. It involved a lengthy trial and error
process that identified variables similar to those used by Kunz et al. (2024). For example, AZs
were eliminated if (i) the crop cycle length exceeded 365 days, or (ii) less than four (of 49)
seasons were simulated, and thus no statistics were calculated. These higher altitude zones

are deemed too cold for crop production and are flagged as -999 in the output (.csv) files.

The first modification to the methodology used by Kunz et al. (2024) involved the elimination
of AZs deemed too dry for rainfed crop production. Kunz et al. (2024) used an MAP threshold
of 400 mm, which does not consider rainfall seasonality (i.e. summer vs winter vs year-round
rainfall; Roffe et al., 2021). Instead, a threshold of 200 mm was applied to the RFLave variable
(cf. APPENDIX B) to eliminate zones considered too dry for rainfed production (cf. Section
3.2.2). RFLave represents the average rainfall accumulated over the 49 growing seasons. For

each crop, this was repeated for all four planting months.

The second modification involved the RCF calculation (cf. Section 2.1.2.3). Kunz et al. (2024)
calculated this metric as the ratio of the number of seasons with a zero yield (Yzero) to the
total number of simulated yields (Ynums), expressed as a percentage (Table 3.2). However,
this definition does not consider seasons with no output because the model crashed (cf.
Section 3.3.4). For this study, the assumption was made that if the model crashed, this was
equivalent to a zero yield simulation. Hence, the number of missing yield simulations (Ywmiss)
(i.e. with no data) was calculated as 49 — Ynume and added Yzero (cf. APPENDIX B), which
was then divided by the maximum number of seasons (i.e. 49), instead of the number of
successfully simulated seasons (Table 3.3). This prevented RCF from being under-estimated,
especially for zone no. 3 289. A RCF threshold of 33%, which represents a 1 in 3-year risk of
crop failure, was then used to eliminate unsuitable AZs. This threshold may not be acceptable

to all smallholder farmers and is likely too high for commercial farmers.

Table 3.2: Risk of crop failure (RCF) calculation used by Kunz et al. (2024)

;ItltUde Yzero Ynums RCF (%)
one no.
3242 19 42 45.2
3289 1 18 5.6
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Table 3.3: Revised risk of crop failure (RCF) calculation used in this study

Altitude Yyero Yass Maximum no. RCF (%)
Zone no. of seasons
3242 19 7 49 53.1
3289 1 31 49 65.3

Similar to Kunz et al. (2024), AZs were eliminated if the coefficient of variation in CWP
exceeded 150%, since a high variation in seasonal CWP indicates the climate is highly
variable, and thus unsuitable for crop production. The inter-seasonal variation in yield was not

used as it was found to be strongly correlated with seasonal rainfall (RFLave).

The RCF and CWPc¢y thresholds were also determined using a trial and error approach. An
iterative process was used to incrementally increase each threshold value to successfully
eliminate unsuitable AZs in the western parts of the country, i.e. zones where rainfed crop
production is highly unlikely. When viable production areas in the eastern parts of the country

started being eliminated, the iterative process was halted and the threshold value was set.

All eliminated zones were classified as currently unsuitable (N1) for crop production according
to the FAO (1976) method (cf. Section 1.1). The remaining (i.e. not eliminated) AZs were
considered suitable for rainfed production of bambara nut or cowpea production and classified

into three suitability classes as described next.

3.6.2 Classification of suitable growing areas

The FAO (1976) method defines three suitability classes, namely highly suitable (S1),
moderately suitable (S2) and marginally suitable (S3). The average relative biomass (BRELave)
was used to classify the remaining AZs into one of these suitability classes. This output
variable represents the ratio of actual biomass to potential biomass for unstressed conditions,
expressed as a percentage (cf. APPENDIX B). For each zone, BRELave was normalised
using the highest value that represented the “best” zone in the country, where biomass
production was least impacted by temperature and/or water stress. This allowed for the same
thresholds to be used for all crops, such that AZs with BRELnorm above 75% were classified
as S1, between 50% and 75% as S2, and between 25% and 50% as S3. For zones where
BRELnorm Was below 25%, they were classified as currently unsuitable (N1) as less than a

quarter of the biomass potential was reached.

3.6.3 Verification of land suitability maps
To verify the accuracy of the generated land suitability maps, towns (as points) where cowpea

is grown were obtained from the Department of Agriculture, Forestry and Fisheries (DAFF)
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production guidelines (DAFF, 2014). Similarly, districts (as polygons) in which bambara nut
are produced were obtained from DAFF (2016). The centroid of each district polygon was
determined using Google Earth Pro (v7.3.6; Google LLC, 2023) and exported as .KML files.
These files were subsequently imported into ArcGIS Pro (v3.3; ESRI, 2023b), where they were
converted into point shapefiles, then overlaid onto the land suitability maps to assess the

spatial alignment.

3.6.4 Consideration of existing land use

Section 2.1.3.2 highlighted the importance of incorporating existing land use data in land
suitability assessments, considering suitable areas can be reduced by up to 22% (Kunz et al.,
2024), thus preventing over-estimation of suitable cropping areas. Similar to Kunz et al.
(2024), this study excluded land uses that are permanently unsuitable (N2) for crop production,
i.e. mining, urban, wetlands, water bodies and protected areas. Currently unsuitable (N1)
areas were also excluded, such as indigenous forests, commercial plantations, sugarcane
production areas and orchards. Indigenous forests were excluded because the National
Forests Act (no. 84 of 1998) prohibits the clearing of indigenous trees in any natural forest
without a licence issued by the Department of Forestry, Fisheries and the Environment
(DFFE). Commercial plantations and sugarcane areas were also excluded because these
highly established industries are unlikely to convert to indigenous crop production. Similarly,
orchards take years to bear fruit, and thus are also unlikely to become indigenous crop

cultivation areas.

This study used the 2018 national land cover (NLC) dataset obtained from SAEON?, together
with the latest (2024) protected areas data from DFFE3. The latter dataset was imported into
ArcGIS Pro and converted from vector to raster format using a grid cell size of 1 km? (to match
the resolution of the NLC dataset). The extent of land cover within each grid cell (or pixel) was
then determined before it was merged with the NLC raster. If the land cover exceeded 50% of
the pixel's area, it was assumed the entire pixel had the same land use. These pixels were
then reclassified as either 1 (N1) or 2 (N2). The suitable land areas were also converted from
vector to raster format with a 1 km? resolution and reclassified a 3 (unsuitable production), 6
(S1),9(S2) or 12 (S3), before they were merged with the land cover raster. The final suitability
maps were then produced by removing the unsuitable crop production areas and unsuitable
land uses (N1 and N2).

2SAEON: https://catalogue.saeon.ac.za/records
3DFFE https://eqgis.environment.qov.za/data egis/data download/current
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3.7 Automation of Methodology
From Section 1.2, an objective of this study was to partially automate the methodology to
produce each land suitability map. The automation process is briefly outlined below:

(i) Folders were created to separate the input .csv files (containing statistics for each
AquaCrop output variable; cf. Section 3.4.2), output files (e.g. collinear graphs and
land suitability .csv files) and Python scripts.

(i) As mentioned in Section 3.5.1, certain AquaCrop output variables such as RCF,
RFLave and Yave were mapped individually to identify any anomalies. About 300 lines
of Python code was written to automate the development of these .csv files, especially
the calculation of RCF.

(iii) From Section 3.5.2, a total of 1 088 collinearity tests were performed for both crops
(since each has four planting months). About 200 lines of Python code were developed
to automate this repetitive, yet important process.

(iv) As mentioned in Section 3.5.1, 138 lines of code was written to determine which
planting date gave the highest Yave.

(v) For the elimination phase, 120 lines of code were written to exclude zones that were
deemed unsuitable for crop production. Using all four variables highlighted in Section
3.6.1, the code produced an output .csv file containing the AZ number and a
corresponding suitability index: 0 (no data), 1 (unsuitable) or 2 (suitable).

(vi) For classifying the remaining suitable areas (cf. Section 3.6.2), a further 100 lines of
code were written to automate the process of normalising BREL, then using it to
classify the suitable AZs as either currently unsuitable (0; N1), highly (1; S1),
moderately (2; S2) or marginally (3; S3) suitable for rainfed crop production. The code
therefore creates an output .csv file with values ranging from 0 to 3.

(vii)The final .csv file was imported into ArcGIS Pro for mapping.

This automation was considered very important as it facilitated the trial and error approach in
identifying the most suitable AquaCrop output variables for eliminating and classifying AZs as
well as for determining the thresholds for each of these variables. It also reduced the time
required to produce each of the eight land suitability maps. Owing to time constraints, no
attempt was made to automate the exclusion of unsuitable crop land based on existing land

use, as described in Section 3.6.4. However, this should be considered in future work.
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4. RESULTS AND DISCUSSION

As explained in Section 3.5, the preliminary data analysis on the planting date that produced
the highest yield in each AZ, including the impact of frost occurrence on crop cycle length is
presented first, followed by the collinearity tests. Thereafter, the results of the land suitability

assessment for crop cultivation are shown.

4.1 Data Analysis

4.1.1 Planting date with highest yield

Determining the optimal planting date for farmers is essential for maximising crop growth and
yield. For photosensitive crops, early sowing can result in delayed flowering, increased leaf
production and reduced yield (llunga, 2014; Kamara et al., 2018). However, sowing late in the
season can result in:

(i) early onset of podding and lower yield (Chibarabada et al., 2020b), or
(ii) crop failure due to (i) inadequate rainfall and high water stress (Kamara et al., 2018),
and/or (ii) frost damage (llunga, 2014).

4.1.1.1 Bambara nut

Figure 4.1 shows that planting date has a substantial impact on bambara nut yield across the
country. The white areas have no data (i.e. flagged as -999 in the statistics) as these zones
are either too cold (crop cycle length > 365 days) or have less than four seasons of simulated
yield, i.e. too few for calculating meaningful statistics (cf. Section 3.3.4). Excluding the drier
western parts of the country where rainfed crop production is unviable (cf. Section 3.1),
planting bambara nut in October should produce the highest yield across the majority of the
central and eastern parts of the country. Figure 10.1 (cf. APPENDIX D) shows the difference
in Yave between October and November for each AZ. The October planting produces a higher
Yave than November across 27.33% of southern Africa. However, Yae for October and
November is identical across 9.49% of southern Africa. As stated in Section 3.5.1, when two
planting months have the same yield, the earlier month was chosen. Further analysis showed
that for the majority of these AZs, Yae was zero dry t ha™' for both planting dates, which

explains why there was no yield difference in many AZs.

In contrast, Figure 10.2 (cf. APPENDIX D) shows that although Yave in November is higher
than October across 54.62% of southern Africa, the difference is less than 0.1 dry t ha™ for
most (45.02%) of the area, i.e. the yield gain is marginal when planting one month later.
However, the majority of these AZs are situated in the central to western half of the country,

which is considered unviable for rainfed crop production (cf. Section 3.1).
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Planting Date with Highest Yield per Altitude Zone
Bambara nut
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Figure 4.1: Planting date that produced the highest simulated yield for bambara nut
per Altitude Zone

Although the difference in spatially averaged yields over the entire country between October
and November is marginal (0.05 dry t ha™), values steadily decrease towards the January
planting (Table 4.1). The results highlight that an October to November planting is preferable
for optimising crop production, which concurs with the literature (DARDLA, 2012b; DAFF,
2016). Chibarabada et al. (2020b) showed that later plantings (i.e. December and January)

resulted in decreased yield due to early onset of podding of bambara nut.

Table 4.1: Spatially averaged yields for bambara nut across southern Africa for
each planting month

Yield (dry t ha!
Oct Nov | Dec Jan
0.60 | 0.55 | 0.38 | 0.21

One of the most important factors influencing the planting date of bambara nut is photoperiod
response. As the photoperiod reduces, this triggers the change from vegetative to reproductive
growth (Chibarabada et al., 2020b; Kendabie et al., 2020). Steduto et al. (2012) also
highlighted that when yield is not limited by water stress, it is governed by daylength. Hence,
it is important to determine the optimal sowing date for maximising pod growth. The maximum
daylength for October to April ranges from 11.10 to 14.35 hours, with values increasing with
latitude and from October to December (Table 4.2). Bambara nut is a short-day crop, requiring

daylengths of 12 hours or less for maximum pod-set and seed yield. Daylengths longer than
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14 hours do not produce pods and delay the onset of maturity (Steduto et al., 2012; Mayes et
al., 2019), which results in reduced yields. Flowering typically starts about three months after
planting when the bambara nut is most sensitive to daylength. For earlier plantings (October
to November), flowering therefore occurs in January to February when daylengths are

between 12.74 and 14.09 hours (Table 4.2), thus resulting in reduced pod formation.

Planting later in December to January means flowering occurs in March to April when
daylengths are shorter (11.10-12.24 hours; Table 4.2). This results in more pods and higher
yields. Thus, in terms of maximising yields based on daylength, the crop is best suited to a
January planting when daylengths are shortest at flowering. However, the crop cycle length
can be reduced by frost occurring from late autumn onwards. Since AquaCrop is a water-
driven model, it does not consider daylength for photoperiod sensitive crops. This means that
yield estimates for October, November and potentially December are likely to be over-
estimated, due to the longer daylengths during flowering. Similarly, AquaCrop does not
consider frost occurrence for frost sensitive crops, and thus yields can also be over-estimated
due to unrealistically long cropping season lengths (cf. Section 4.1.2). When considering the
impact of temperature in the model, cold temperature stress reduces crop growth whenever
the temperature drops below the crop’s base temperature, whereas the addition of frost Kkills
the crop, thus halting crop growth altogether. The project (.PRM) file instructs AquaCrop to

stop growth when the minimum air temperature drops below the frost threshold.

Table 4.2: Maximum daylengths from October to April for the northern (Limpopo),
central (Free State) and southern (Cape Town) regions of South Africa

Latitude Province Oct Nov Dec Jan Feb | March | April
-22 Limpopo 1254 | 13.08 | 13.34 | 13.20 | 12.74 | 1214 | 11.48
-23 (Musina) 12.56 | 13.13 | 1341 | 13.26 | 12.78 | 12.14 | 11.46
-28 Free State 12.71 | 13.42 | 13.77 | 13.58 | 1298 | 12.18 | 11.32

-29 (Bloemfontein) | 12.74 | 13.48 | 13.85 | 13.65 | 13.02 | 12.19 | 11.29
-34 Western Cape | 12.90 | 13.81 | 14.26 | 14.01 | 13.25 | 12.23 | 11.14
-35 (Cape Town) | 12.93 | 13.88 | 14.35 | 14.09 | 13.29 | 12.24 | 11.10

41.1.2 Cowpea

From Figure 4.2, November and December are the most suitable planting dates for cowpea
in the central and eastern parts of the country. This corresponds with the South African
production guidelines for cowpea of late November to early December (DARDLA, 2012a;
DAFF, 2014), with a later planting typically producing better yield quality (Kamara et al., 2018).
From Figure 10.3 and Figure 10.4 (cf. APPENDIX D), there was a marginal difference in Y ave

(0-0.1 dry t ha') between the November and December planting months for most of southern
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Africa, which is similar to the small yield difference between October and November for

bambara nut (cf. Section 4.1.1.1).

Planting Date with Highest Yield per Altitude Zone
Cowpea

["] No data
I October
7] November
[] December
[ January

Planting density:
80 000 plants ha™
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0 130 260 520

Kilometers

Figure 4.2: Planting date that produced the highest simulated yield for cowpea per
Altitude Zone

The spatially averaged cowpea yields for each planting month again highlight little difference
between the November and December plantings (Table 4.3). Cowpea sown at the onset of
rains are predisposed to pests and diseases (Kamara et al., 2018). Mbong et al. (2010)
showed that early sown cowpea (October) had higher incidences of scab infection and that
yield quality and quantity was poor compared to cowpea sown at later dates
(November/December). Since AquaCrop cannot account for pests or diseases, cowpea yields

for the October planting are therefore likely to be over-estimated.

Table 4.3: Spatially average yields for cowpea across southern Africa for each
planting month

Yield (dry t ha™
Oct Nov | Dec Jan
0.33 | 0.46 | 046 | 0.32

4.1.1.3 Timing of crop stress
It is important to consider the impact of stress (water and temperature) during each
phenological growth stage. Both NUCs are sensitive to stress during the flowering stage and

pod filling stage (Ahmed and Suliman, 2010; Iheanacho et al., 2021; Agyeman et al., 2023).

45



When stress occurs during the flowering stage, it can lead to flower abortion and low
fertilisation rates, directly impacting pod production and reducing yield. Stress during the pod
filling stage can reduce the production of assimilates available for translocation to the pods,
thus limiting the supply of essential carbohydrates and nutrients needed for seed
development. This reduction can ultimately result in empty pods (Mabhaudhi, 2024; pers.

comm.) and hence no yield.

Table 4.4 identifies the AZ that produced the largest yield difference between the two best
planting dates for each crop. For the later (November and December) planting date, AZ
number 2 681 and 3 326 produced the higher yield for bambara nut and cowpea, respectively.
Hence, planting one month later in these two zones produced higher yields despite RFLave
being similar. This suggests that the later planting avoided potential stress occurring during
the two critical growth stages (i.e. flowering and pod filling stages). In contrast, planting one
month earlier in AZ 352 and 655 resulted in a better yield for bambara nut and cowpea,

respectively.

Table 4.4: Highest yield differences between the two best planting months for both
crops

Crop AZ no. Date RFLave Bave HI Y ave
Oct 541 8.39 9.81 1.01
Nov 533 11.36 | 13.76 | 1.76
Nov 308 591 | 17.82 | 1.14
Dec 300 6.98 | 22.16 | 1.59
Oct 744 10.75 | 16.46 | 1.87
Nov 711 9.17 8.87 | 0.84
Nov 815 717 | 15.09 | 1.51
Dec 832 6.82 403 | 0.35

Bambara nut 2 681

Cowpea 3 326

Bambara nut 352

Cowpea 655

This study has shown that planting date can impact crop yield, which concurs with the findings
by Kunz et al. (2020; 2024). Of the 334 global studies between 2009 and 2019 involving
AquaCrop, only 4% considered sowing date, with the majority focusing on climate change,
model calibration and irrigation management (Salman et al., 2021). Modelling the impact of
planting date on crop response is especially important for photosensitive crops such as
bambara nut and cowpea. Although AquaCrop cannot account for photoperiod effects on crop

yield, it does consider the timing of water and temperature stress in relation to crop phenology.

4.1.2 Impact of frost occurrence
AquaCrop can calculate unviable crop cycle lengths (Kunz et al., 2020; 2024), especially when

simulating cooler areas. Crop cycle lengths determined using thermal time often exceed 365
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days in AZs located in mountainous areas due to the colder climate. When this occurs, the
model is not run, and thus no data is simulated for that season. In some cases, the model is
not run for 46 or more seasons, and thus no statistics can be calculated for that AZ. Such AZs
as shown in white and labelled as “No data” in Figure 4.1 and Figure 4.2, as previously

mentioned in Section 4.1.1.1.

More importantly, AquaCrop cannot account for the impact of frost occurrence on crop cycle
length. One of the key contributions of this study was to reduce the crop cycle length using
minimum air temperature, which is done in the .PRM file that AquaCrop requires to conduct
the model runs. As discussed in Section 3.3.4, if the daily air temperature drops to 5.4°C or
lower, the assumption is made that frost will occur, which kills the crop, i.e. crop growth is
immediately halted. Hence, the crop does not reach physiological maturity, resulting in a
shorter crop cycle length and lower yield. Schulze and Schiitte, (2016) also stated that when
the minimum air temperature drops to 5°C or below, many crops can die (before they reach

physiological maturity), even without frost occurring.

4.1.2.1 Bambara nut

When frost is not considered, long crop cycle lengths (> 240 days on average) can occur,
especially when the crop is planted in January. Hence, physiological maturity is reached in
August, well into winter when the first frost date should have already occurred. As expected,
the impact of frost occurrence on the average crop cycle length (CYCLEawe) was more
pronounced for the late season planting (i.e. January). From Figure 4.3, the crop cycle
shortened by more than 210 days across 19.0% of southern Africa, which further highlights
the importance of choosing the correct planting date for crop production, especially for crops
with long growing seasons. CYCLEave was reduced by more than 90 days for the majority
(61.4%) of the AZs.
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Figure 4.3: Histogram of changes in CYCLEave for bambara nut planted in January
due to frost occurrence

Only 6.7% of the southern African region had a reduction in CYCLEave of less than 15 days.
As shown in Figure 4.4, this mainly occurred in the warmer areas along the coastline of
KwaZulu-Natal and the eastern parts of Limpopo and Mpumalanga. The areas shown in white
in Figure 4.4 represent 8.9% of southern Africa’s total area (Figure 4.3), where no data exists

because the model was not run for these cold AZs.

CYCLEave Change per Altitude Zone
Bambara nut
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Figure 4.4: Reduction in CYCLEave for bambara nut planted in January due to frost
occurrence
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The reduction in CYCLEave due to frost occurrence is shown in Figure 10.5 (cf. APPENDIX D)
for bambara nut planted in October. In contrast, CYCLEave changed by less than 15 days
across 39.9% of southern Africa. However, the reduction was 90 days or more for 19.5% of
the study area, and even exceeded 210 days (i.e. seven months) in some areas (3.0%).
Figure 10.6 (cf. APPENDIX D) also shows that frost has a lower impact on CYCLEave when
bambara nut is planted early in the season (October). The reduction in CYCLEave was less
than 15 days along the Eastern Cape coastline and adjacent interior, including most of central
and eastern KwaZulu-Natal, as well as eastern Mpumalanga and most of the Limpopo (and
Eswatini). As expected, frost had the greatest impact on CYCLEave in the higher altitude areas
of South Africa’s plateau region. However, in a few zones (0.8% of the study area), the change
in CYCLEave was negative (dark green areas in the maps), meaning it increased, which is

discussed further in Section 4.1.2.3.

4.1.2.2 Cowpea

If frost is not considered, long crop cycle lengths (> 160 days on average) can occur when the
crop is planted in January, as is the case for bambara nut (cf. Section 4.1.2.1). Although the
impact of frost occurrence on CYCLEave was one again more pronounced for the later planting,
it was considerably less than that for bambara nut, due to cowpea’s shorter growing season,
i.e. the crop reaches physiological maturity before the winter months when frost is likely to
occur. Figure 4.5 clearly highlights the reduced impact of frost occurrence on cowpea
compared to bambara nut (cf. Figure 4.3 in Section 4.1.2.1) since the reduction was less than
15 days for more than half (57.1%) of southern Africa’s total area. For cowpea planted in
January, 13.8% of southern Africa had no change in CYCLEave, compared to bambara nut
which only had 0.6%.
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Figure 4.5: Histogram of reduced CYCLEave for cowpea planted in January due to
frost occurrence

Although frost occurrence has a reduced impact on cowpea’s CYCLEave, 24% of the study
area experienced changes of more than 90 days, including 6.7% of southern Africa where the
reduction exceeded 210 days. As shown these changes occur in the higher altitude areas in
southern Africa, as highlighted in red in Figure 4.6.
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Figure 4.6: Reduction in CYCLEave for cowpea planted in January due to frost
occurrence

The frost-induced reduction in CYCLEave for cowpea planted in November is shown in Figure
10.7 (cf. APPENDIX D). As discussed, cowpea’s growing season is shorter than bambara nut
and so differences in CYCLEave between early (November) and late (January) planting are
reduced. CYCLEave changed by less than 15 days across 56.2% of southern Africa, whereas
the reduction exceeded 90 days in 6.9% of the study area, with only 1.9% exceeding 210
days. Figure 10.8 (cf. APPENDIX D) further highlights the lower impact that frost had on
CYCLEae when cowpea was planted early in November. Although Figure 10.8 groups
changes from 30-90 days (as shown in orange), the histogram (Figure 10.7 in APPENDIX D)
shows most of the reduction was 30-60 days (15.2%) vs 60-90 days (7.2%). This explains why
the histograms were provided because of the extreme difficulty in developing a map displaying

12 individual colours.

4.1.2.3 Increase in CYCLEave

For each AZ, the crop cycle length (CYCLE) is calculated using thermal time (i.e. heat units in
GDDs) just before AquaCrop is run for each of the 49 seasons. This is done in the project
(.PRM) file which instructs AquaCrop to run for each season up to a specific date when the
crop reaches physiological maturity. When CYCLE exceeds 365 days, the season is
considered too cold to produce an economically viable yield. The model is not run, and thus

no data exists for the season. This can occur for 46 or more seasons, meaning no simulated
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data or statistics exist for the AZ, and therefore CYCLEa is assumed to be zero days.
However, with the inclusion of frost, CYCLE can decrease to below 365 days and the model
is now run for that season. Statistics (i.e. CYCLEave) are produced for the AZ if the model runs
for four or more seasons. This explains why in some AZs, the change in CYCLEae was
negative due to frost occurrence (i.e. change = 0 - CYCLEave), as shown for bambara nut
planted in October (cf. Figure 10.6 in APPENDIX D). Further analysis showed that this
occurred in 56 AZs, where RCF exceeded 93.8% since Yave was close to zero for the majority
of the simulated seasons (Table 4.5). Therefore, these zones still represent areas that are too
cold for crop cultivation. As the planting month “increases” (from October to January), the
number of AZs that have data decreases. Upon further analysis, it was found that for certain
seasons, the model did not simulate all months in the season, and typically crashed in the first
month after planting, due mainly to division-by-zero errors. When this occurs, CYCLEave is
typically a few days in length and Yave is zero dry t ha™'. For such zones, the model should still

not be run, even if CYCLE is reduced to less than 365 days due to frost occurrence.

Table 4.5: AZs with CYCLEave data after accounting for frost

Oct Nov Dec Jan
Bambara 56 AZs 20AZs 9AZs 4 AZs
nut RCF >93.8% | RCF >93.8% | RCF >97.9% | RCF = 100%
Cowpea 12 AZs 12 AZs 4 AZs 1AZ
RCF =100% | RCF >97.9% | RCF =100% | RCF =100%

4.1.2.4 Reduction in yield

Accounting for frost occurrence reduced Yave by more than 1 dry t ha™' for both crops, due
mainly to the shortened season length. This occurred mainly in the higher altitude areas of
southern Africa, as shown in red in Figure 10.9 (bambara nut ) and Figure 10.10 (cowpea) in
APPENDIX D. Table 4.6 highlights the AZs with the largest decline in Y ave for both crops and
for the four planting dates. If frost occurs (i.e. minimum temperature drops below 5.4°C), the
crop does not reach physiological maturity, which impacts the length of flowering and the
duration of yield formation (pod filling stage). Thus, Yave decreased by 2.291-4.598 and 0.680-
1.649 dry t ha™' for bambara nut and cowpea, respectively. For bambara nut, the reduction in
CYCLEAave ranged between 135-228 days, leading to a reduction in Yave of up to 4.60 dry t ha'
. The smaller reduction in CYCLEave (82-179 days) for cowpea resulted in a lower impact on
Yave (< 1.65dry t ha').

When comparing the reductions in Yave across the four planting dates for bambara nut, it was

found that although the decrease in CYCLEave was greatest for October, this did not correlate

to the largest Yave reduction in as seen for cowpea. One potential reason for this is the low

52



Yave for the October planting when frost was not considered (i.e. without frost), which is
substantially less than the other three planting dates, yet CYCLEave was relatively similar. This
is likely due to higher stress experienced during flowering or yield formation stages compared
to the other planting dates (cf. Section 4.1.1.3), leading to lower Yave. Accounting for the first
frost date allows AquaCrop to simulate more realistic crop cycle lengths, which in turn results
in more accurate yield estimates. This highlights the importance of taking frost into account
when crop modelling, thus avoiding yields being over-estimated due to unrealistically long
season lengths. The addition of frost as a limiting factor would thus require major changes to

the model code as well as adding an additional parameter value.

Table 4.6: AZs with the largest decrease in Yave due to frost occurrence

Crop Planting | AZ Without frost With frost Change
date no. CYCLEave Y ave CYCLEave Y ave CYCLEave Yave
Oct 3987 298 2.591 70 0.300 228 2.291
Bambara Nov 3332 303 4.020 168 1.000 135 3.020
nut Dec 3332 317 4.500 146 0.630 171 3.870
Jan 2 685 322 4.908 124 0.310 198 4.598
Oct 3328 267 2.039 88 0.390 179 1.649
Cowpea Nov 4 654 203 2.110 83 0.540 120 1.570
Dec 331 244 1.870 148 1.190 96 0.680
Jan 3 296 228 1.643 146 0.220 82 1.423

4.1.3 Testing for collinearity

As discussed in Section 3.6.1, it was important to keep the number of variables used to
eliminate unsuitable AZs to a minimum, thus reducing the complexity involved in developing
each land suitability map. In this study, four variables were used compared to five by Kunz et
al. (2024; cf. Section 2.1.2.3). Any output variable that was deemed to be strongly correlated
(i.e. collinear) with any other variable was not considered, even if it was only related for one
planting date or crop. The average (across 49 simulated seasons) of 13 variables were tested,
together with an additional statistic (coefficient of variation) for four variables, as shown in
Table 8.2 (APPENDIX B). Hence, 17 statistics in total were tested, which produced 136
relationships for each planting date (or 544 graphs for each crop). This would not have been
possible if the collinearity test had not been fully automated using Python, as discussed in
Section 3.7. This outcome ensured that the variables selected to eliminate or classify AZs

were not related to one another.

From Section 3.5.2, the absolute value of Pearson’s correlation coefficient (|r|) was used to
test for a linear relationship between two variables. A threshold value of 0.8 was applied to
determine whether two variables were correlated. Thus, one variable was excluded from
further analysis if |r] > 0.8. However, an important issue to highlight is applying discrete

thresholds with continuous datasets. As shown in Table 4.7, some variable pairs have
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correlation values just below 0.8, and thus were not excluded, but maybe should have been.
Fortunately, none of the variables selected in the methodology to eliminate of classify AZs

exhibited correlations close to the 0.8 threshold, and therefore were used with confidence.

Table 4.7: Examples of variable pairs with a Pearson correlation coefficient close
to the 0.8 threshold
. . Planting
Relationship Crop date Ir|
Bave vs BRELave cowpea Jan 0.792
CYCLEave vs CWPave | bambara nut Nov 0.792
Bcv vs Yev cowpea Nov 0.793
BRELave vs E/Exave cowpea Oct 0.794

4.2 Land Suitability Assessment
The following section discusses the outcome of the land suitability mapping approach. The
section highlights the importance of considering (i) planting date, (ii) frost occurrence, and (iii)

existing land use when assessing land suitability for crop production.

4.2.1 Elimination of unsuitable areas

Kunz et al. (2024) used CYCLE, MAP, RCF, CWPave and CWPcy to eliminate AZs deemed
unsuitable for OFSP and taro production (cf. Section 2.1.2.3). As discussed in Section 3.6.1,
similar variables were used in this study, namely CYCLE, RFLave, RCF and CWPcy (cf.
APPENDIX B). Seasonal rainfall (RFL) accumulated from planting to the end-season date,
which was then averaged across the 49 seasons (RFLave), was selected to eliminate AZs
considered too dry for rainfed production. RFLae was chosen instead of MAP since it
represents the actual rainfall received by the crop, whereas MAP is the average rainfall
accumulated over each hydrological year (October to September). To re-cap, the end-season
date is either the crop’s physiological maturity date (calculated using thermal time), or an

earlier date if the minimum air temperature reaches 4.5°C or less.

CWPave was therefore excluded because it is strongly correlated to RFLave for bambara nut
(Figure 11.1) and cowpea (Figure 11.2). Since CWPave is calculated from Yavg, it explains
why both variables are strongly correlated. Similarly, RFLave and Yave are also highly collinear
for both crops (cf. Figure 11.3 and Figure 11.4). These four graphs in APPENDIX E show
that seasonal (not annual) rainfall is one of the primary drivers of yield formation, further
highlighting the importance of including this variable in land suitability assessments. Table 4.8
highlights other AquaCrop output variables that are strongly correlated to RFLave, thus
resulting in their exclusion. The following section discusses the results from the elimination

phase and focuses on the impact of planting date.
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Table 4.8:

High correlations between RFL and other AquaCrop output variables

. Planting
Variable Crop date Ir|

B cowpea Oct 0.949
Tr cowpea Oct 0.943
E/Ex bambara nut Oct 0.933
BREL bambara nut Dec 0.888
E bambara nut Oct 0.882
ExpStr | bambara nut Dec 0.855

4.2.1.1 Bambara nut

Table 4.9 provides a summary of the threshold values and the number of AZs eliminated by
applying each of the four criteria (i.e. variable and its threshold value). For the November
planting, 2 757 zones were eliminated in total (i.e. unsuitable for bambara nut production),
which corresponds to 47.22% of the 5 838 AZs or 50.46% of southern Africa’s total area. The
eliminated AZs are coloured white and red in Figure 4.7. Although these AZs are considered
currently unsuitable for crop production, the changing climate could result in some of the zones
becoming suitable in the future. The remaining 3 081 zones are considered suitable for crop
production (shown in green in Figure 4.7), which are discussed further in Section 4.2.2. A
total of 1 750 zones were eliminated using RFLave, RCF and/or CWPcy, as some zones are
eliminated by more than one criterion (white areas in Figure 4.7). It is important to note that
the order in which the variables are applied does not affect the outcome of the elimination
process. In Figure 4.7, the red areas have no simulated data because the model was not run
for these cold AZs (cf. Section 3.6.1). These 1 007 zones were identified using CYCLE, which
when added to the eliminated zones (1 750), gives the total number of eliminated zones
(2 757).

For the November planting, RFLave removed the most AZs (21%), followed by CYCLE (17%),
RCF (16%) and CWPcv (15%), with the remaining 53% classified as suitable. For January,
RCF removed the most AZs (32%), followed by RFLave and CWPcv (25%), with CYCLE having
the least impact (18%). When compared to the November planting, RCF and CWPcv
eliminated an additional 882 AZs for the January planting (Table 4.9). The higher crop failure
rate and inter-seasonal variability in CWP could be a result of higher water stress during critical
phenological growth stages (cf. Section 4.1.1.3) because the crop was planted late (i.e.
January). Overall, November may be considered the most suitable planting month since the
least number of AZs were eliminated. However, of the four planting months, October produced
the highest bambara nut yields across most of the eastern seaboard of southern Africa, as
highlighted in Section 4.1.1.1.
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Table 4.9:

Criteria used to eliminate AZs deemed currently unsuitable for bambara

nut production

Planting density:
166 667 plants ha™

Planting date:
01 November

T\i
jf

.........

) . Number of AZs Map
Reasoning | Variable & threshold Oct Nov Dec Jan colour
Too dry RFLave < 200 mm 1457 | 1228 | 1316 | 1491
Too risky RCF > 33% 1787 917 949 | 1891
Too variable CWPcv > 150% 1 660 900 643 1467
Currently unsuitable | 2334 | 1750 | 1846 | 2600 White
Too cold CYCLE > 365 days 961 | 1007 | 1007 | 1039 Red
Total eliminated 3295 | 2757 | 2853 | 3639 | White &red
Currently suitable 2543 | 3081 | 2985 | 2199 Green
% of southern Africa’s total area
Oct Nov Dec Jan
Area eliminated 62.24 | 50.46 | 51.82 | 66.37 | White & red
Land suitability
Bambara nut
I No data
[ currently unsuitable
[ Suitable

+
Kilometers

Figure 4.7:

Initial land suitability map for rainfed production of bambara nut in

4.2.1.2 Cowpea
From Table 4.10 , the least number of AZs were eliminated for the December planting (3 267),
followed by November (3 605), January (3 768) and October (4 374). The total number of
eliminated zones for the December planting corresponds to 55.96% of the 5838 AZs or

southern Africa, based on AquaCrop simulations

67.07% of southern Africa’s total area. As mentioned previously, these eliminated zones are

coloured white and red in Figure 4.8 and are considered currently (not permanently)
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unsuitable for crop production. The remaining 2 571 zones are considered suitable for crop
production (shown in green in Figure 4.8), which were then classified as marginally,
moderately and highly suitable (cf. Section 4.2.2). A total of 3 053 zones were eliminated
using RFLave, RCF and/or CWPcy (white areas in Figure 4.8). Only 214 zones have not
modelled data (red areas in Figure 4.8), which when added to the eliminated zones (3 053),

gives the total number of eliminated zones (3 267).

For the December planting, RCF removed the most AZs (42%), followed by RFLave (38%),
CWPcv (28%) and CYCLE (4%), as some zones are eliminated by more than one criterion.
The remaining 2 571 zones (44%) were classified as suitable. For October, RCF also
eliminated the most zones (66%), followed by RFLave (60%), CWPcv (47%), with CYCLE again
having the least impact (3%). When compared to the December planting, the October planting
removed an additional 1 107 AZs, due mainly to the RFLave, RCF and CWPcy variables (Table
4.10). Similar to bambara nut, the higher crop failure and inter-seasonal variability in CWP,
together with the low RFLave in October, could be a result of high water stress during critical
phenological growth stages (cf. Section 4.1.1.3). In contrast to bambara nut where CYCLE
removed on average 1 004 AZs, CYCLE removed only 214 zones for cowpea, which is
discussed in more detail in the next section. Overall, December may be considered the most
suitable planting month since the least number of AZs were eliminated. However, of the four
planting months, November and December produced the highest yields across most of the

eastern seaboard of southern Africa, as highlighted in Section 4.1.1.2.

Table 4.10: Criteria used to eliminate AZs deemed currently unsuitable for cowpea

production
) ) Number of AZs Map
Reasoning | Variable & threshold Oct Nov Doc Jan colour
Too dry RFLave <200 mm 3527 | 2606 | 2213 | 2234
Too risky RCF > 33% 3827 | 3033 | 2437 | 2573
Too variable CWPcv > 150% 2737 | 2094 | 1643 1625
Currently unsuitable | 4170 | 3392 | 3053 | 3545 White
Too cold CYCLE > 365 days 204 213 214 223 Red
Total eliminated 4374 | 3605 | 3267 | 3768 | White & red
Currently suitable 1464 | 2233 | 2571 | 2070 Green
% of southern Africa’s total area
Oct Nov Dec Jan
Area eliminated 85.68 | 74.72 | 67.07 | 71.87 | White & red
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Figure 4.8: Initial land suitability map for rainfed production of cowpea in southern
Africa, based on AquaCrop simulations

4.2.1.3 Crop cycle length

Results show that depending on the planting date, about 50-66% of southern Africa’s total
area is deemed unsuitable for bambara nut cultivation (cf. Section 4.2.1.1), compared to 67-
86% for cowpea (cf. Section 4.2.1.2). This is due to RFLave, RCF and CWP¢y eliminating
more zones for cowpea production compared to bambara nut. On average, about 1 004 AZs
are considered too cold and economically unviable for bambara nut production (Table 4.9),
compared to only 214 for cowpea (Table 4.10). This is related to bambara nut’s longer time to
reach physiological maturity of 2 227 GDDs, which results in an average crop cycle length of
194 days for the November planting (when frost is not considered). Cowpea on the other hand,
has a much shorter time to physiological maturity of 1 259 GDDs, and thus the average crop
cycle length is 130 days for the December planting. Although cowpea has a shorter CYCLE
than bambara nut, meaning less AZs are impacted by frost occurrence, more AZs are
eliminated. This suggests that cowpea experiences more water stress during the two critical

phenological growth stages compared to bambara nut (cf. Section 4.1.1.3).

4.2.2 Classification of suitable growing areas
Kunz et al. (2024) used CWPave to classify the remaining suitable areas into three classes (cf.
Section 2.1.2.3). For this study, BRELave was chosen as it better represents the suitability of

each AZ. To re-cap (cf. Section 3.6.2), BRELave was normalised (BRELnorvw) and used to
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classify the suitable AZs into S3 (25% to 50%), S2 (50% to 75%) and S1 (> 75%). AZs with a
BRELnorm < 25% were considered currently unsuitable (N1), as these zones produced less
than a quarter of their potential biomass. Although these thresholds are subjective, the
advantages of this approach are (i) the normalisation ensures that S1 areas always exist, and
(ii) the thresholds are crop independent. This study did not use Yave as the classification
variable because threshold values for separating S2 from S1 and S3 are (i) difficult to derive,
(ii) crop dependent, (iii) different for smallholder and commercial farmers, (iv) not readily

available in the literature, and thus (v) are very subjective.

4.2.21 Bambara nut
For the October planting, 3 295 AZs were eliminated resulting in 2 543 AZs remaining as
suitable for bambara nut production, with their spatial distribution shown in Figure 4.9. The

corresponding map for the November planting, which has the most suitable areas, is provided
in APPENDIX F (cf. Figure 12.1). The maps indicate that most of the central and eastern

parts of southern Africa are considered marginally to moderately suitable for bambara nut
production. The coastal regions of the Eastern Cape and KwaZulu-Natal provinces, as well as
parts of Mpumalanga and neighbouring Eswatini are deemed highly suitable (S1), which
corresponds to the higher rainfall regions (cf. Figure 3.1 in Section 3.1). This is expected
since the collinearity tests showed that RFLave was the primary driver of yield formation (cf.
APPENDIX E).

Only 6.4% of southern Africa’s total area is considered highly suitable (S1) for bambara nut
planted in October, whereas 18.9% is moderately suitable (S2) and 12.5% is marginally
suitable (S3) (Figure 4.10). Overall, southern Africa is marginally to moderately suitable for
bambara nut cultivation. However, this outcome is sensitive to the threshold values selected
for BRELnorm. For bambara nut, BRELnorv Was below 25% for 16 AZs (0.3% of southern
Africa’s area), and thus were reclassified as N1. This suggests that BREL could be used as

an elimination variable.
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Figure 4.9: Suitability classification map for rainfed production of bambara nut
planted in October for southern Africa, based on BRELnorm
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Figure 4.10: Percent area suitability classes for bambara nut planted in October

Yave values for each AZ were spatially averaged across each suitability class, as shown in
Table 4.11 for each planting month. As expected, Yave is highest for S1 and lowest for S3,
except for the January planting. The likely reason for this is the large range in Yave associated
with a particular BRELnorm value, which is discussed further in Section 4.2.2.3. In addition,

the spatially averaged yields gradually decrease from the October to January planting, which
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is due to the reduction in CYCLEave caused by frost occurrence, since October experiences
an average reduction of 60 days compared to January’s 141 days (cf. Section 4.1.2.1). This
reduction in CYCLEave shortens the length of the flowering and pod filling stages leading to
reduction in yield formation. While the November planting produced the largest suitable area
(Table 4.9), the October planting has the highest spatial Yave (Table 4.11). This suggests that
October is the better planting date, as farmers are likely to favour higher yields rather than

focusing on the extent of suitable areas.

Table 4.11:  Spatial Yave per suitability class for bambara nut
Oct Nov Dec | Jan
S1 | 155 | 124 | 0.76 | 0.42
S2 | 092 | 0.76 | 0.56 | 0.44
S§3 [ 039 | 0.36 | 0.35 | 0.30
ave | 1.04 | 0.81 0.57 | 0.41

4.2.2.2 Cowpea

Since 3 605 AZs were eliminated for the November planting, the remaining 2 233 zones are
deemed suitable for cowpea production, as shown in Figure 4.11. The corresponding map for
the December planting, which has the most suitable areas, is provided in APPENDIX F (cf.
Figure 12.2). Similar to bambara nut (cf. Figure 4.9), most of the central and eastern parts of
the study area are considered marginally to moderately suitable for cowpea production. The
coastal region of Eastern Cape as well as parts of KwaZulu-Natal's interior, eastern
Mpumalanga and western Eswatini are considered highly suitable (S1), which also
corresponds with the higher rainfall region along the eastern seaboard of the country (cf.
Figure 3.1 in Section 3.1). This is expected since the collinearity tests showed that RFLave

was the primary driver of yield formation (cf. APPENDIX E).
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Figure 4.11: Suitability classification map for rainfed production of cowpea planted
in November for southern Africa, based on BRELnorm

For cowpea planted in November, only 2.4% of southern Africa’s total area is considered highly
suitable (S1), whereas 9.2% is moderately suitable (S2) and 13.7% is marginally suitable (S3)
(Figure 4.12), resulting in southern Africa overall being considered marginally to moderately
suitable for cowpea cultivation. Similar to bambara nut, 21 AZs (or 0.4% of southern Africa)
exhibited a BRELnorm below 25%, and thus were classified as N1.
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Figure 4.12: Percent area suitability classes for cowpea planted in November
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Similar to bambara nut (cf. Section 4.2.2.1), Yave values for each AZ were spatially averaged
across each suitability class, as shown in Table 4.12. As expected, Yave is highest for S1 and
lowest for S3. In general, the spatially averaged yields gradually decreased from the October
to January planting. This is due mainly to the reduction in CYCLEae caused by frost
occurrence, with October experiencing an average reduction of 59 days compared to
January’s 79 days (cf. Section 4.1.2.2). However, Yae increased from the October to
November planting for both S2 and S3 areas, and due to their spatial extent being much
greater than the S1 area, the average yield across all three suitability classes also showed
November’s yield was highest (Table 4.12). This can be attributed to the higher crop failure in
October (more zero yields across the 49 seasons), which resulted in lower averaged yields
(cf. Section 4.2.1.2). While December planting produced the most suitable areas (Table 4.10),
the November planting produced the highest spatial Yave (Table 4.12).

Table 4.12: Spatial YAVE per suitability class for cowpea
Oct Nov | Dec | Jan
S1 [169 [168 |1.55 [1.30
S2 [ 095 [1.02 [094 |0.77
S3 | 047 |051 |0.51 |0.41
ave | 0.88 |0.92 |0.88 |0.71

4.2.2.3 Limitations of BREL

Figure 4.13 illustrates a curvilinear relationship exists between BRELave and Yave, indicating
the Pearson correlation coefficient is not appropriate for collinearity testing. For each threshold
value of BRELave, there is a corresponding upper limit of Yave as shown in Table 4.13. This
means Yave should exceed 2 dry t ha for S1 areas. Similarly, zones that were classified as
N1 (not S3) because BREL was low (< 25%) were associated with a Yave value of 0.0-0.4 dry
t ha™'. Although Yave increases with increasing BRELave as expected, the range in Yave widens
considerably, and thus BRELave might not be the best variable for classifying the remaining

suitable areas.

Table 4.13: Upper limit of Yayve for each threshold of BRELave for cowpea planted in
November

BRELave Yave
25% 0.4 (dry tha)
50% 1.2 (dry t ha™)
75% 2.0 (dry t ha™)
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Figure 4.13: Relationship between relative biomass potential (BRELave) and yield
(Yave) simulated by AquaCrop for cowpea planted in November

The figure above identified a limitation of using BRELnorm to classify suitable areas into three
classes since AZs can have a high BRELnorm, yet a low Yave. This means some AZs were
classified as highly suitable, yet they should have been classified as moderate to marginal due
to low Yave. This is further illustrated in Table 4.14, which compares AZs with a similar
BRELnorm but different Yave values. For bambara nut, AZ number 4 295 and 4 465 have similar
BRELnorm values of ~97%, yet the yield values differ by 1.98 dry t ha™'. Similarly for cowpea,
a BRELnorm Of ~83% was simulated for AZ number 679 and 802 produce, yet Yave differs by
1.13 dry t ha™. This suggests that highly suitable areas shown in each land suitability map are

likely to be over-estimated.

Table 4.14: AZs considered highly suitable with different Yave values

Crop PI:::Ieng :: BRELnorm Yave
Bambara Oct 4 295 96.79 0.68
nut 4 465 97.17 2.60
Cowpea Nov 679 82.91 0.60
802 82.74 1.73

When comparing the data from model runs when frost occurrence was not considered, further

analysis showed that for both AZs, the low Y ave resulted from:
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(i) CYCLEave reducing by 170 (bambara nut) and 112 (cowpea) days, leading to less time
for flowering or pod-filling;

(i) Yzero increasing from 0 to 14 (bambara nut) and 11 (cowpea), resulting in a lower Y ave;
and

(iii) Hlave decreasing by 9.21% (bambara nut) and 7.82% (cowpea), which also caused a
lower Yave (Table 4.15).

Table 4.15: AZ for bambara nut and cowpea with low Yave

Without frost With frost
Crop AZ
CYCLEave | Yzero | Hlave | Yave | CYCLEave | Yzero | Hlave | Yave
Ba:’:tara 4295| 286 0 |15.72] 2.22 116 14 | 6.51 | 0.62
Cowpea 679 247 0 15.34 | 1.31 135 11 7.52 | 0.60

The above analysis identified issues when using BRELnorwm for classifying suitable areas since
it revealed that some S1 areas can have unexpectedly low yields. It is important to note that
this analysis was undertaken after the land suitability maps were finalised. It was not feasible
to revise the methodology, since there was insufficient time to alter the Python code to
regenerate (and re-analyse) all eight land suitability maps. Instead, effort focused on

identifying an alternative (and better) variable, as discussed next.

4.2.2.4 Harvest index

Hlave was tested for classifying suitable areas for bambara nut (October planting) and cowpea
(November planting). HI provides a reliable indication of how effectively the crop converts
biomass into utilisable yield. Normalised HI (HInorm) was calculated by dividing each AZ’s Hlave
by the reference harvest index (Hlo) for each crop, then expressing the ratio as a percentage.
Hence, for unstressed growing conditions, HI at harvest should be similar to Hlo, and thus the
ratio approaches unity (i.e. 100%). Similarly, when HI deviates from Hlo due to water (and
temperature) stress, the ratio approaches 0 (i.e. 0%). The thresholds used to classify S1, S2
and S3 areas were the same as BRELnorm (cf. Section 4.2.2.3) at 75%, 50% and 25%
respectively. AZs with a Hlnorm less than 25% were also reclassified as currently unsuitable
(N1).

The results for these two planting dates revealed that, while the spatial averaged Y ave for each
suitability class remained relatively unchanged, the use of HInorw led to an increase in
minimum values of Yave across all three suitability classes, except for cowpea’s S2 class
(Table 4.16). The ranges in Yae using Hlnorv are considered to better represent each

suitability class, with a reduced likelihood of over-estimating the number of zones in each
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class, particularly for the S1 areas. HInorm should therefore be considered in future work for

classifying suitable areas instead of BRELnorw.

Table 4.16: Minimum, maximum and average yields per suitability class for bambara
nut (October) and cowpea (November) based on two normalised
classification variables (BREL and Hl)

Planting C.Iassification Cla.ssification

Crop date Class using BRELnorm using Hlnorm
Min | Max Ave Min Max | Ave
Bambara S1 0.56 | 2.79 1.55 0.90 | 2.79 | 1.59
nut Oct S2 0.16 | 1.99 0.92 0.46 | 1.86 | 0.92

S3 | 0.07 | 1.01 0.39 0.19 | 116 | 0.50
S1 0.60 | 2.59 1.68 1.02 | 259 | 1.63
Cowpea Nov S2 | 041|177 1.02 0.32 | 1.87 | 0.88
S3 |0.16 | 1.08 0.51 0.16 | 1.15 | 0.46

4.2.3 \Verification of land suitability maps

As discussed in Section 3.6.3, a verification of the land suitability maps was done to determine
the accuracy of the methodology developed and used in this study. Data obtained from the
DAFF (2014) and DAFF (2016) production guidelines were used to verify the land suitability
maps of cowpea and bambara nut, respectively. This important step is not always considered
in land suitability assessments. From the literature review, only one study (Estes et al., 2013;

cf. Section 2.1.2.1) verified their land suitability map using observed (presence) data.

4.2.3.1 Bambara nut

The production guidelines identified 11 local municipal districts as the main cultivation areas
for bambara nut, where the centroid of each district is marked with an ‘X’ in Figure 4.14. DAFF
(2016) identified the Ehlanzeni, Greytown and Nkandla as districts where bambara nut is
grown extensively. These three regions align with the highly suitable areas shown in the figure
below. However, it is important to note that the DAFF production guidelines are outdated and

no longer fully reflect current cultivation areas.
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Figure 4.14: Verification of suitable growing areas for bambara nut planted in October
using the main producing areas listed by DAFF (2016)

4.2.3.2 Cowpea

DAFF (2014) identified 33 towns that were considered the main cowpea producing areas,
which are shown in Figure 4.15 with an ‘X’. However, three towns (in northern Limpopo,
central Mpumalanga and western North-West) did not align with the suitable production areas
identified in this study. The AZ corresponding to the town in Limpopo and North-West was
eliminated due to low RFLave (< 200 mm) whereas AZ no. 869 (town in Mpumalanga) has
eliminated due to high RCF (> 33%), as highlighted in Table 4.17. These results suggest that
either: (i) the land suitability approach is under-estimating suitable areas because the
thresholds are set too high, (ii) the town locations represent irrigated cowpea production, or
(iii) the climate and/or soil data used for each zone is not representative of the entire zone, i.e.

micro-climates suitable for crop cultivation are excluded.
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Figure 4.15: Verification of suitable growing areas for cowpea planted in November
using the main producing areas listed by DAFF (2014)

Table 4.17: AZs considered currently unsuitable (N1) for cowpea cultivation for three
main producing areas

Province AZ no. | RFLave (mm) | RCF (%) | CWPcv (%)
Limpopo 345 158 12 101
Mpumalanga 869 365 39 132
North-West 990 165 43 143

4.2.4 Consideration of existing land use

To re-cap the approach described in Section 3.6.4, land uses representing mining, urban,
water bodies, wetlands and protected areas were excluded as permanently unsuitable areas
(N2), whilst sugarcane production areas, commercial forest plantations, indigenous forests
and orchards were excluded as currently unsuitable areas (N1). The final land suitability map
was produced by integrating the land use map produced in this study (Figure 4.16) with the
suitability classification maps shown in Section 4.2.2. Since land cover data was unavailable
for the neighbouring countries, suitable areas for crop production are likely to be over-

estimated, especially in Eswatini.
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Figure 4.16: Currently (N1) and permanently (N2) unsuitable areas based on the 2018
national land cover dataset

4.2.41 Bambara nut

Table 4.18 illustrates the reduction in suitable areas for bambara nut production after existing
land use was considered. For the October planting, marginally (S3) and moderately (S2)
suitable areas decreased by 15.88% and 18.56% respectively, whereas highly suitable (S1)
areas decreased by 28.98%. This resulted in a combined reduction in suitable areas of
19.45%. The table also highlights an overall decrease in suitable areas of 16.20%, 16.56%
and 19.02% for the respective November, December and January plantings. These results
highlight the importance of taking land use into consideration when developing land suitability

maps to avoid land suitability for crop production from being over-estimated.
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Table 4.18: Reduction in suitability areas after consideration of land use for bambara

nut
Class Consideration of Oct Nov Dec Jan
land use

Before (km?) 144 031 | 226 433 | 198 297 | 115 765
s3 After (km?) 121 165 | 199848 | 164 901 | 83177
Reduction (km?) 22866 | 26858 | 33396 | 32588
Reduction (%) 15.88 11.74 16.84 28.15
Before (km?) 216 345 | 270 402 | 282 315 | 224 306
S2 After (km?) 176 198 | 226 731 | 244 314 | 195 690
Reduction (km?) 40147 | 43671| 38001 | 28616
Reduction (%) 18.56 16.15 13.46 12.76
Before (km?) 74397 | 76505| 76619 | 47478
S1 After (km?) 52839 | 53861 | 55749 | 34986
Reduction (km?) 21558 | 22644 | 20870 | 12492
Reduction (%) 28.98 29.60 27.24 26.31
Before (km?) 434 773 | 573 340 | 557 231 | 387 549
Total After (km?) 350 202 | 480 440 | 464 964 | 318 853
Reduction (km?) 84571 | 92900 | 92267 | 73696
Reduction (%) 19.45 16.20 16.56 19.02

4.2.4.2 Cowpea

Table 4.19 shows the reduction in suitable areas for cowpea after considering existing land
use. For the November planting, highly suitable (S1) areas decreased by 31.84%, followed by
S2 (23.07%) and S3 (21.12%). This equated to an overall reduction in suitable areas of
22.84%, with notable decreases of 24.46%, 19.77% and 19.72% for the October, December
and January planting, respectively. Land use had a greater impact on bambara nut compared
to cowpea, with an additional 17 933 km? of suitable land being eliminated. This difference
was observed for the most suitable planting dates, with similar differences found across the
other planting dates. This is due to the suitable area before land use is considered, with

bambara nut having substantially more area to eliminate land use from.
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Table 4.19: Reduction in suitability areas after consideration of land use for cowpea
Consideration of

Class Oct Nov Dec Jan
land use

Before (km?) 83219 | 158 230 | 203 256 | 187 319
s3 After (km?) 66 149 | 124 819 | 168 066 | 156 127
Reduction (km?) 17070 | 33411 | 35190 | 31192
Reduction (%) 20.51 21.12 17.31 16.65
Before (km?) 64 507 | 105783 | 145147 | 112170
S2 After (km?) 46 577 | 81376 | 115300 | 87 913
Reduction (km?) 17930 | 24407 | 29847 | 24 257
Reduction (%) 27.80 23.07 20.56 21.63
Before (km?) 17262 | 27702 | 30652 | 24625
S1 After (km?) 11 901 18882 | 20760 | 16 158
Reduction (km?) 5 361 8 820 9 892 8 467
Reduction (%) 31.06 31.84 32.27 34.38
Before (km?) 164 988 | 291 715 | 379 055 | 324 114
Total After (km?) 124 627 | 225 077 | 304 126 | 260 198
Reduction (km?) 40361 | 66638 | 74929 | 63916
Reduction (%) 24.46 22.84 19.77 19.72

4.2.5 Final land suitability map

As noted previously, the final land suitability map was produced by integrating the suitability
classification maps with the land use map. Hence, the currently unsuitable (N1) areas in each
suitability classification map (shown in white) were combined with the N1 areas from the land
use map (shown in light orange). The combined N1 areas are also shown in white in the maps
below, which could become suitable for crop production in the near future due to the changing
climate and/or changes in land use dynamics. For example, commercial forestry areas might
become available for crop cultivation if forestry companies adopt an agro-forestry approach to
improve sustainability. The N2 areas (in dark orange) in the land use map (Figure 4.16)
represent potentially suitable areas that are now deemed permanently unsuitable for crop
production. Bambara nut and cowpea were selected in this study so that the final land

suitability maps (for each planting month) could be compared to existing maps.

4.2.5.1 Bambara nut

Figure 4.17 shows the final land suitability map for bambara nut planted in October, combined
with the land use data that identifies the N1 and N2 regions. Only one of the 14 case studies
reviewed in this study (namely Nhamo et al., 2022) produced a land suitability map for
bambara nut production for the Limpopo province only (cf. Figure 2.1 in Section 2.1.1.7). A
visual comparison of this map with Figure 4.17 highlighted the northern Limpopo region, which
is classified as not suitable by Nhamo et al. (2022), yet marginally suitable in this study. This
discrepancy could be due to differences in the minimum seasonal rainfall thresholds of 350

mm and 200 mm used by Nhamo et al. (2022) and this study respectively. Hence, more
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research should be conducted on minimum climatic thresholds required for bambara nut

cultivation in southern Africa.
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Figure 4.17: Final land suitability map for bambara nut planted in October

4.2.5.2 Cowpea

Figure 4.18 shows the equivalent final land suitability map for cowpea planted in November.
Only two of the reviewed case studies produced a land suitability map for cowpea production.
Mugiyo et al. (2022) used the MaxEnt model to develop a land suitability map for the KwaZulu-
Natal province (cf. Figure 2.2 in Section 2.1.2.1). A visual comparison of this map with Figure
4.18 below highlights the north-eastern region of KwaZulu-Natal, which Mugiyo et al. (2022)
classified as currently unsuitable for cowpea production, yet is mostly classified as marginal
in this study and by Mugiyo et al. (2021b).

Mugiyo et al. (2021b) used the AHP method to develop a cowpea land suitability map for South
Africa (cf. Figure 2.4 in Section 2.1.2.2). A visual comparison of this map with Figure 4.18
below highlighted the largest discrepancy in the Western Cape province, particularly along the
western and southern coastlines. This region is characterised by predominantly winter rainfall
and is unsuitable for cowpea production in the warmer summer season, unless under
irrigation. Hence, it is unclear how Mugiyo et al. (2021b) classified this region as marginally

suited to cowpea production. Similarly, the drier western regions of the North-West and Free
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State provinces were also classified by Mugiyo et al. (2021b) as marginal. These regions were
excluded in the study due to seasonally average rainfall (RFLave) from November onwards
being less than the 200 mm threshold for rainfed crop production (cf. Figure 12.4 in
APPENDIX F). In contrast, Mugiyo et al. (2021b) used a minimum rainfall threshold of 400
mm. This further highlights that more research should be conducted on minimum climatic

thresholds required for cowpea cultivation in southern Africa.
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Figure 4.18: Final land suitability map for cowpea planted in November

The maps developed Mugiyo et al. (2021b) and Mugiyo et al. (2022) tend to over-estimate
land suitability for cowpea production due to (i) how existing land use was considered, and (ii)

the temporal scale of climate variables used. These two important topics are discussed next.

4.2.5.3 Accounting for land use

Mugiyo et al. (2021b) and Mugiyo et al. (2022) excluded protected areas, indigenous forests,
urban areas and water bodies from their land suitability maps, but not sugarcane production
areas and commercial plantations. The latter two land uses occupy large areas along
KwaZulu-Natal’s coastline and adjacent interior, with forestry areas extending into the central
and eastern parts of Mpumalanga. These are large, well-established industries that are highly

unlikely to convert to NUC production, unless the latter becomes more profitable in the future.
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This study found that suitable areas for cowpea cultivation decreased by 22.84% due to

existing land use considerations.

4.2.5.4 Accounting for climatic variability

Most traditional methods and modern methods tend to over-estimate land suitability for crop
production since they mostly use long-term monthly and annual means of climate variables
(e.g. rainfall and temperature). As a result, they do not consider inter-seasonal climate
variability, nor the impact of droughts or frost that typically result in low yields or even total
crop failure. In contrast, the approach used in this study utilised a crop simulation model that
runs at a daily time step, which considers the effects of hot and dry periods on crop survival
and final yield. In addition, this study utilised statistics that were generated from 49 consecutive
seasons of AquaCrop simulations, which allowed for inter-seasonal variability to be
considered. This explains the importance of using RCF and CWPcy in this study to eliminate
unsuitable crop production areas. From Section 4.2.1, RCF had the greatest impact on
eliminating unsuitable areas since this variable removed up to 66% of southern Africa’s total
area. Additionally, CWPcv was the third most influential factor removing up to 47% of
unsuitable areas. These two variables highlight the importance of considering inter-seasonal

variability in land suitability studies.

Mugiyo et al. (2021b) highlighted areas in the Western Cape, Free State as well as parts of
the Eastern Cape and Mpumalanga as marginally to moderately suitable for cowpea
production (cf. Figure 2.4 in Section 2.1.2.2). This study, however, found these regions
currently unsuitable due to a high RCF (Figure 4.19) and CWPcv (cf. Figure 12.3 in
APPENDIX F) as well as low RFLave (cf. Figure 12.4). Similarly, a visual comparison of
Figure 2.2 (cf. Section 2.1.2.1) developed by Mugiyo et al. (2022) with Figure 4.18 highlights
the south-western KwaZulu-Natal region that borders Lesotho and the Eastern Cape, which
is classified as marginally to moderately suitable for cowpea production by Mugiyo et al.
(2022). This region was eliminated in this study (i.e. currently unsuitable) due to the high RCF
(cf. Figure 4.19) and high CWPcy (cf. Figure 12.3 in APPENDIX F). This again highlights the
importance of considering inter-seasonal variability in developing land suitability maps to avoid

the over-estimation of areas deemed suitable for crop cultivation.
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Figure 4.19: Seasonal risk of crop failure (RCF) per Altitude Zone for cowpea planted
in November

4.2.5.5 Impact of frost occurrence

Bambara nut: Figure 4.20 shows the spatial distribution of potential bambara nut production
areas in southern Africa for the October planting before frost was considered. A visual
comparison with the land suitability in Figure 4.9 (cf. Section 4.2.2.1) highlights notable
differences in the Free State as well as parts of Mpumalanga, Northern Cape and Eastern
Cape provinces. These areas are classified as marginally suitable in Figure 4.20 (without
frost), yet are deemed currently unsuitable in Figure 4.9 (with frost). This difference is mostly
due to the high RCF (cf. Figure 12.5 in APPENDIX F) experienced in these areas due to frost
occurrences. Table 4.20 summarises the reduction in suitability areas after the consideration
of frost, which shows a 49% and a 0.6% decrease in marginally and moderately suitable areas,
respectively. In contrast, highly suitable areas showed an increase by 47.5%. This increase in
S1 areas is a result of S2 areas (no frost) being re-classified as S1 (with frost). Similarly, S3
areas (no frost) are being re-classified as S2 (with frost). This increase in BREL due to frost,

resulting in the suitability increasing is unknown and therefore warrants further research.
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Figure 4.20: Suitability classification map for rainfed production of bambara nut
planted in October, based on BRELnorm Without frost occurrence

Cowpea: Figure 4.21 shows that spatial distribution of potential cowpea production areas in
southern Africa for November planting without the consideration of frost. A visual comparison
with the land suitability map in Figure 4.11 (cf. Section 4.2.2.2) reveals distinct differences.
In the figure below, parts of the Free State, Eastern Cape and Mpumalanga provinces, along
with areas in Lesotho, are classified as marginally and moderately suitable for cowpea
production. However, the same regions are considered currently unsuitable in Figure 4.11
(after frost was considered). Similar to bambara nut, these differences are due to the high RCF
(cf. Figure 4.19 in Section 4.2.5.4) and CWPcy (cf. Figure 12.3 in APPENDIX F) when frost
is considered. Table 4.20 shows the ~28% decline in suitable areas across all three classes

due to frost occurrence.
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Figure 4.21: Suitability classification map for rainfed production of cowpea planted
in November for southern Africa, based on BRELnorm Without frost
occurrence

The total reduction in suitable areas due to frost occurrence for bambara nut planted in
October was 115 834 km? (or 9.11% of southern Africa). For cowpea planted in November, the
total reduction in suitable areas was 116 106 km? (or 9.13%). This further highlights why
considering frost in land suitability assessments for crop production is so important. Although
frost has been shown to substantially reduce suitable areas for crop production (9.1%), the
impact of existing land use was considerably greater, resulting in a 19.45% reduction for
bambara nut and 22.84% for cowpea. This suggests that, while frost should still be considered
in land suitability mapping, existing land use has a more pronounced effect and should be

regarded as imperative in land suitability mapping approaches.
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Table 4.20:

cowpea (November planting) after consideration of frost

Reduction in suitability areas for bambara nut (October planting) and

Planting Without With Change | Change
Crop date Class frost frost (km?) (%)
(km?) (km?)

Bambara S1 50 446 74 397 23 951 47.48
nut Oct S2 217 712 216 345 -1 367 -0.63
S3 282 449 144 031 | -138 418 -49.01

S1 38 153 27 702 -10 451 -27.39

Cowpea Nov S2 147 508 105 783 -41 725 -28.29
S3 222 160 158 230 -63 930 -28.78

4.2.5.6

In Section 2.1.3.3, it was noted that one of the major limitations to conventional land suitability

Impact of management practices

mapping approaches was they did not consider management practices. However, CSMs like
AquaCrop require both planting date and plant density as inputs, as well as being able to
simulate the impacts of fertility, salinity and weed stress on crop yield. Since this study utilised
output from AquaCrop to develop each land suitability map, the approach can incorporate
management practices. For example, this study has clearly demonstrated the impact of

planting date on land suitability mapping.

4.3 Automation of Methodology

As mentioned in Section 3.7, Python code was written to automate parts of the preliminary
data analysis, such as mapping individual AquaCrop output variables and determining the
which planting date produced the highest Yave. For these two analyses, the average run time
to develop the required .csv files was 17.49 seconds per planting month, or 139.92 seconds
in total (i.e. four planting months for each of the two crops). The automation resulted in a more
efficient workflow for checking individual variables and determining the highest yield in each
AZ. The latter would require nested IF functions in MS Excel to perform the same process

manually, which is more time consuming.

To efficiently test for collinearity between two variables, a Python script comprising of ~200
lines of code was developed (cf. Section 4.1.3). This script automated the calculation of the
absolute value of the Pearson correlation coefficient, enabling the analysis of 17 statistics for
13 variables (cf. Table 8.2 in APPENDIX B). The code produced 136 relationships per
planting date, with an average run time of 10.24 seconds. This automation allowed for 1 088
relationships for both crops to be analysed relatively quickly and efficiently. This process
ensured that all selected AquaCrop output variables using in this study for eliminating

unsuitable AZs and classifying remaining zones were independent. One limitation of this
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approach is that not all relationships between two variables are linear (e.g. BRELave VS Yave;
cf. Section 4.2.2.3). Consequently, the calculated Pearson coefficient may not identify

collinearity between two variables that exhibit a curvilinear relationship.

A partial automation of the land suitability mapping approach was implemented, consisting of
two key phases: (i) generating the elimination .csv file, and (ii) creating the suitability
classification .csv file (cf. Section 3.7). For the elimination phase, approximately 120 lines of
Python code was written to exclude AZs deemed unsuitable based on the variables highlighted
in Section 4.2.1, resulting in an average run time of 2.09 seconds for each planting date. For
the suitability classification phase, an additional 100 lines of Python code was written to
automate the normalisation of BREL and classify suitable areas into S1, S2 and S3 classes,
which took 2.38 seconds on average to run. The total time taken to generate both .csv files
required to map the elimination and classification areas was therefore 4.47 seconds. This
automation allowed the study to map four planting dates and two crops, resulting in a total of
eight land suitability maps being created. The automation of this section allowed for a lengthy
trial and error approach to identify the fewest number of variables that successfully eliminated
unsuitable zones. Furthermore, it allowed for a trial and error approach to determine the
thresholds for RCF and CWPcy as well as determining the thresholds for classifying suitable

areas.
However, due to time constraints, the full automation of the mapping process could not be

achieved. Fully automating the mapping process in future studies could further enhance

efficiency, allowing for additional crops, planting dates or planting densities to be mapped.
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5. SUMMARY, CONCLUSIONS AND RECOMMENDATIONS

The following chapter summarises the approach used to achieve this study’s main aim and
objectives. A summary of the main findings related to each objective is given. The limitations

of this study are discussed, including recommendations for future work.

51 Summary of Approach

This main aim of this study was to determine where two NUCs can be grown in southern Africa
under rainfed conditions using simulated output from FAO’s AquaCrop model. It therefore
provides knowledge on where and when these two NUCs should be grown in southern Africa.
This knowledge contribution can assist in revising the outdated South African crop production

guidelines for each NUC.

The literature review identified 14 case studies that produced land suitability maps using both
traditional and modern methods, with only two previous studies (Estes et al., 2013 and Kunz
et al., 2024) utilising data from a CSM. Prior to Kunz et al. (2024), no other study had applied
thresholds to AquaCrop output to develop land suitability maps. Kunz et al. (2024) produced
land suitability maps for OFSP and taro, after modifying an approach originally developed by
Lake (2022). This study represents a continuation of this work, which was further improved in
this study by, inter alia, accounting for frost occurrence in crop modelling, which was achieved

for the first time (i.e. a novel approach).

The literature review also highlighted several gaps in land suitability assessments: (i)
management practices (e.g. planting date and density) are seldom considered, (ii) frost
occurrence has only been considered in one study (but not as a factor to restrict crop growth),
(iii) crop cycle length has only been used in two case studies (with only one study applying an
upper threshold to limit unrealistically long season lengths), (iv) collinearity amongst predictor
variables remains largely unaddressed, (v) only three case studies used crop yield data to
map land suitability, with another five using yield data solely for validation purposes, and (vi)

no attempt has been made to fully automate the assessment of land suitability crop production.

The literature review identified various calibration and validation studies that developed
AquaCrop parameters for 10 crops, of which nine are considered NUCs. The parameters
represent local cultivars/landraces and growing conditions in South Africa. Using two statistics
(RMSE and R?) for the calibration and validation of CC development, these studies were
ranked, which showed that cowpea and groundnut are considered the two best calibrated

crops, whilst bambara nut and cowpea are the two best validated crops. Since the outcome of
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this study is dependent on the accuracy of modelled output, which in turn is strongly influenced
by the quality of model input, bambara nut and cowpea were selected for land suitability

mapping, since groundnut is not considered a NUC.

National model runs were conducted for both selected crops, each with four planting months
(October to January) representing early to late planting. This task was achieved using an
automated system developed by Kunz et al. (2024), which runs AquaCrop with input climate
and soil data for 5 838 Altitude Zones. Statistics (e.g. mean and coefficient of variation) were
automatically produced from simulations across 49 consecutive seasons. The length of the
crop cycle (i.e. time from sowing to physiological maturity) for each AZ was calculated using

thermal time in GDDs (not calendar days).

A first preliminary data analysis was conducted to determine the impact of planting date on
simulated crop yield. Python code was written to determine which planting date produced the
highest simulated yield averaged across all 49 seasons (Yave) in each AZ. A second
preliminary analysis was done to assess the impact of frost occurrence on Yave and the
averaged crop cycle length (CYCLEave). Histograms were generated using MS Excel to
assess changes in Yave and CYCLEave due to frost occurrence. Maps were developed to
illustrate spatial reductions in both variables. The AZs with the largest reductions in Yave and
CYCLEave were also highlighted. A third preliminary data analysis tested for collinearity, which
used Pearson’s correlation coefficient to determine the strength of the linear relationship
between 17 variables that could be used to assess land suitability for rainfed crop production.
Python code was written to automate this process, which produced 136 relationships for each

planting date, i.e. 1 088 tests for both crops.

An important objective of this study was to further improve the methodology used by Kunz et
al. (2024) to map areas deemed suitable for rainfed crop production. The first major
improvement was the inclusion of the first frost date to halt crop growth. The crop cycle length
is reduced if the minimum air temperature drops to 5.4°C or less, before the crop reaches
physiological maturity. This represents the first date after planting when the surface
temperature reaches 0°C (or less) and the crop is likely to be killed by frost. Five years of
hourly temperature data measured during the winter period by an automatic weather station
in Pietermaritzburg was analysed to determine the relationship between air temperature (at 2
m) and ground (0 m) temperature. The national model runs were then repeated to determine
the impact of frost occurrence on crop response. Hence, AquaCrop was run for two scenarios,
namely with and without frost impacting the crop’s growing season, i.e. 16 national model runs

in total.

81



The second improvement was utilising average seasonal rainfall (RFLave) rather than mean
annual rainfall (MAP) to eliminate AZs deemed too dry to sustain rainfed crop production.
AquaCrop calculated the daily rainfall accumulated from planting to the end-season date for
up to 49 consecutive seasons, which were then averaged. A threshold of 200 mm was
obtained from the literature as the minimum seasonal rainfall required for rainfed crop

production of bambara nut and cowpea.

The third improvement was made to the risk of crop failure (RCF) calculation to correct this
metric from being under-estimated. This was achieved by accounting for seasons not
simulated by the model (i.e. Ywuss), which occur when the model crashes unexpectedly during
a seasonal simulation. The threshold applied to RCF values was also changed to 33%,
representing a crop failure every third year (on average). The CWPcy variable was again used
in this study to account for inter-seasonal variability, with a threshold of 150%. The combination
of these three variables (RFLave, RCF, CWPcy) eliminated AZs deemed unsuitable for rainfed
crop production. The model was not run for zones that are too cold for viable crop production,

and thus were also eliminated, especially since these zones have no modelled data.

The final improvement was made to the classification of the remaining suitable AZs. This study
utilised BRELnorm to classify suitable areas into S1 (> 75%), S2 (50-75%) and S3 (25-50%)
classes. Zones where BRELnorvw < 25% were reclassified as currently unsuitable, since less
than a quarter of the biomass potential was reached. To verify the land suitability maps,
districts of known bambara nut production areas, and towns where cowpea is grown, were
obtained from existing (but outdated) production guidelines, which were then overlaid onto the

land suitability maps.

Utilising the 2018 national land cover dataset for South Africa, this study also accounted for
existing land use. Protected, urban, water bodies, wetlands and mining areas were eliminated
as permanently unsuitable (N2) areas for crop production, whilst sugarcane production areas,
commercial forestry plantations, indigenous forests and orchards were eliminated as currently
unsuitable (N1) areas. The final land suitability maps were then produced by combining the

suitable areas with the land use map using GIS software.

5.2 Summary of Findings
Findings from the preliminary data analysis revealed that planting date has a notable impact
on Yave. These findings correlated with literature that states bambara nut responds better to

earlier plantings (October to November), compared to cowpea, which typically produces better
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yields when planted later in the season (November to December). Planting date is especially
important for photosensitive crops such as bambara nut. Although AquaCrop cannot account
for photoperiod effects on crop yield, it does consider the timing of water and temperature
stress in relation to crop phenology, which explains the differences in Yave across the four

planting dates.

Accounting for frost occurrence had a substantial impact on CYCLEave, especially for bambara
nut due to its longer growing season when compared to cowpea. For example, CYCLEave for
bambara nut planted in January was reduced by more than 90 days across 61.4% of southern
Africa’s total area, compared to only 19.5% when planted in October. This also highlighted the
impact that planting date had on frost occurrence and average crop cycle length. Frost had
less impact on cowpea due to its shorter growing season, since only 24% of southern Africa
experienced a reduction in CYCLEave > 90 days for a January planting, compared to only 6.9%
when cowpea was planted in November. When the crop cycle length was shortened by frost
occurrence, Yave was reduced as expected, thus highlighting the importance of accounting for
frost in crop modelling, so that more accurate and reliable yields are simulated. Similarly, the
decision to not run the model for AZs with cold climates is justified, since the risk of crop failure
is typically high and it avoids unrealistic crop cycle lengths from being simulated, which results

in over-estimated crop yields.

The collinearity tests revealed several AquaCrop output variables are strongly correlated to
RFLave, most notably CWPave, BRELave and Yave, which indicates that rainfall is a primary
driver of yield formation for both NUCs. Automation of the collinearity tests ensured that the
relationship between all variable pairs was examined, confirming that the variables used for
elimination of AZs are independent. It also revealed that the relationship between two variables

is sometimes curvilinear.

The elimination of unsuitable AZs for rainfed crop production was mostly achieved using three
variables, namely RFLae, RCF and CWPcy. RFLae eliminated the most zones for the
November planting, compared to RCF for January. In contrast, RCF removed the most AZs
for cowpea across all four planting dates. This highlights the importance of inter-seasonal
variability, which is seldom accounted for in land suitability assessments. AquaCrop not only
outputs data for assessing inter-seasonal variability, but it also models the impact of stress

during critical phenological growth stages, which is strongly influenced by planting date.

The elimination of unsuitable AZs for rainfed crop production highlighted the importance of

considering management practices (e.g. planting date) when assessing land suitability. For
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bambara nut, half and two-thirds of southern Africa’s total area was eliminated for the
November and January planting, respectively. Similarly for cowpea, the least (67%) and most
(86%) area of southern Africa was eliminated for the December and October plantings,
respectively. Based on these findings, November is the best time to plant bambara nut, while

December is best for cowpea, i.e. since the least area was eliminated.

The classification of the remaining suitable areas highlighted that the most suitable planting
dates (as mentioned above) do not necessarily produce the highest spatially averaged yields,
which occur for the October and November plantings of bambara nut and cowpea,
respectively. For bambara nut in particular, spatially averaged yield (across all suitable zones)
decreased from the October to January planting due to the shortening of CYCLEave, which

again highlights the impact of planting date.

Although the histograms showed the majority of southern Africa is marginally to moderately
suited to rainfed production of bambara nut and cowpea cultivation, the land suitability maps
identified regions along the eastern seaboard of the country as being highly suitable, which
aligns with the high rainfall regions of the country. However, using BRELnorm to classify
suitable areas resulted in the over-estimation of S1 areas since high BRELae does not
necessarily imply high Yave. Instead of using BRELnorwm for classifying land suitability, HInorm

was evaluated as a better alternative, with initial results highlighting its potential use.

A verification of the land suitability maps showed good agreement with known bambara nut
and cowpea growing areas, despite the location data being limited and outdated. For example,
30 of the 33 towns where cowpea is grown aligned with the suitable growing areas identified
in this study (for the November planting). Similarly, the centroid of all 11 bambara nut producing
districts matched the suitable areas shown in the map (October planting), with five located in

highly suitable areas.

The consideration of existing land use resulted in substantial reductions in suitable areas,
highlighting the importance of integrating land use when assessing land suitability map for
crop production. For both bambara nut (October planting) and cowpea (November planting),
land use in 2018 resulted in a reduction of highly suitable areas by 29% and ~32%,
respectively. The total reduction in suitable areas was 19% and 24% for bambara nut and
cowpea respectively, with similar reductions for other planting dates. However, suitable crop
production areas in Eswatini are over-estimated because the 2018 land cover dataset did not

have data for this neighbouring country.
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A visual comparison of the final land suitability maps with maps developed in previous studies
highlighted some important differences in the methodologies used. For example, a minimum
seasonal rainfall threshold of 200 mm was adopted in this study for both crops, whereas
Nhamo et al. (2022) used 350 mm for bambara nut production in the Limpopo province.
Similarly, Mugiyo et al. (2021b) applied a minimum rainfall threshold of 400 mm for rainfed
production of cowpea across South Africa. Since rainfall is considered the primary driver of
crop growth, using different thresholds affected the outcome of each land suitability

assessment.

Most land suitability assessments use long-term means of monthly (or annual) rainfall, which
do not account for inter-seasonal climate variability. This study showed that the majority of
unsuitable production areas were eliminated using RCF and CWPcy, thus highlighting the
significance of accounting for inter-seasonal climate variability. The maps developed by
Mugiyo et al. (2021b; 2022) tend to over-estimate suitable areas for cowpea production when

compared to areas eliminated in this study, due mainly to high RCF and CWPcyv.

The comparison of the final land suitability maps with those developed in previous studies also
highlighted the importance of removing land uses not suited to crop production, thus
preventing over-estimation of land suitability. For bambara nut, the previous study overlooked
mining and urban areas that are prevalent in Limpopo. For cowpea, both previous studies
overlooked sugarcane production areas and commercial plantations. These well-established

industries, particularly in KwaZulu-Natal, are unlikely to consider production of NUCs.

More importantly, most of the 14 case studies that were reviewed did not account for frost
occurrence. This study showed substantial reductions in CYCLEave and Yave, which resulted
in suitable production areas being reduced by 21% and 28% for bambara nut and cowpea,
respectively. This highlights why considering frost is so important since it improves the

accuracy of the land suitability assessment.

This study demonstrated numerous advantages of using a water-driven CSM like AquaCrop
for land suitability assessments. Other land suitability mapping techniques such as MaxEnt
and AHP, cannot easily account for various factors that strongly influence crop response, such
as (i) frost occurrence, and (ii) management practices (e.g. planting date), nor can they
consider the (iii) timing of water stress in relation to critical phenological growth stages, or (iv)
inter-seasonal variability in rainfall. In contrast, AquaCrop accounts for the latter three factors
and was adapted in this study to handle frost impacts on, inter alia, crop cycle length and yield.

Overall, the novel approach developed and used in this study provides a more realistic
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assessment of land suitability for rainfed crop cultivation, with future research potentially

enhancing the approach by incorporating photoperiod sensitivity into the simulations.

5.3

Revisiting Aims and Objectives

The main aim of this study was to further improve a recently developed approach that utilised

AquaCrop simulations to identify and map land deemed suitable for rainfed crop production of

bambara nut and cowpea. Each specific objective was achieved as follows:

(i)

(ii)

(i)

(iv)

Assessing the impact of four planting dates on simulated crop yield.: this objective
was achieved by determining the planting date that achieved the highest yield
across all 5 838 AZs for both crops (cf. Section 3.5.1). The results showed that

planting date has a large impact on simulated crop yield (cf. Section 4.1.1).

Determining the impact of frost occurrence on crop cycle length and simulated
yield: this objective was met by (i) developing a novel method to reduce the crop
cycle length when frost is likely to occur, which then kills the crop, and (ii)
comparing CYCLEave and Yave values affected by frost, to those when frost was
not considered (cf. Section 3.5.1). The results showed that the inclusion of frost
led to substantial reductions in CYCLEae across all planting dates, with

consequential decreases in Yave (cf. Section 4.1.2).

Accounting for planting date and frost occurrence when mapping land suitability:
for each crop, this objective was achieved by running AquaCrop with four planting
dates, both with and without frost occurrence (cf. Section 3.6). The results
highlighted the importance of considering planting date (cf. Section 4.2) as well as
frost (cf. Section 4.2.5.4), since both factors strongly influenced the final land

suitability maps.

Further improve the methodology and apply to other NUCs: this objective was met
by (i) considering four planting dates, (ii) restricting the crop cycle length by the first
frost date, (iii) eliminating areas too dry for rainfed crop production using seasonal
(not annual) rainfall, (iv) correcting the calculation of crop failure risk, and (v) using
a different variable (BREL) for classification (cf. Section 3.6). For both crops, a
more realistic land suitability map for rainfed crop production was produced,

especially since frost occurrence was considered (cf. Section 4.2.5.5).

Partially automate the methodology using the Python programming language: the
last objective was achieved by writing code to automate the (i) preliminary data
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analysis, (ii) testing for collinearity, and (iii) parts of the land suitability mapping
process (cf. Section 3.7). This automation facilitated the use of a trial and error
approach for identifying the most suitable AquaCrop output variables for
eliminating and classifying AZs, as well as for determining the thresholds used for
each of the variables. It also reduced the time required to produce each of land
suitability map (cf. Section 4.3).

54 Limitations of the Study

Bambara nut and cowpea were calibrated and validated at only one location (or agro-
ecological zone). The assumption was made that the crop parameter files are representative
of all crop growing areas, yet this has not been validated. The reliance on a single location for
calibration may result in less reliable predictions for other locations with differing climatic and
soil characteristics, thus reducing the overall accuracy and robustness of the land suitability

assessments. This represents the main limitation of this study.

Another important limitation of this study is the temperature threshold (5.4°C) used to indicate
frost occurrence. The threshold was derived from data measured at a single location but was
then applied at a national scale. This assumes the threshold can be extrapolated to other

areas, which is unlikely to be the case for all areas.

As noted in Section 4.1.1.1, AquaCrop potentially over-estimates yield for legumes (especially
bambara nut) since it does not consider daylength. Using a water-driven CSM for simulating
yields of photoperiod sensitive crops could therefore result is an over-estimation of land

deemed suitable for rainfed crop production.

Another limitation is the subjectivity of thresholds used for each mapping variable, which is
true for most land suitability assessments. Ideally, thresholds should be gleaned from
literature. However, such information is either limited or fragmented, especially for under-
researched crops. Instead, the thresholds for RCF, CWP¢cv and BRELnorv Were determined

through a trial and error approach.

As noted in Section 4.2.2.3, one of the challenges encountered while classifying suitable
areas was the overestimation of highly suitable areas when using BRELnorm. This issue arose
from the wide range of Y ave values observed as BRELave increased, which resulted in low Y ave
values with high BRELave.

One of the issues regarding the AZs, is that each zone has a different area. Hence, 50% of

AZs does not represent 50% of southern Africa’s total area. For this reason, results were
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reported as a percentage of total area, instead of the total number of zones. Another
assumptions made is that the modelled data is deemed representative of the entire AZ. An
entire zone may be considered unsuitable for crop production, yet due to micro-climatic

effects, parts of the zone may be able to sustain crop cultivation.

Due to computational constraints, the study utilised the 2018 NLC dataset for South Africa with
a 1 km? spatial resolution. Ideally, the more recent 2022 NLC dataset at a higher resolution
(20 m) should have been used to achieve a more precise land cover classification. This land
cover dataset has no data for both Lesotho and Eswatini. This was not an issue for Lesotho
since maijority of the country was considered currently unsuitable for rainfed crop production.
However, land cover for Eswatini was obtained late in the study, and thus could not be included

due to time constraints.

5.5 Recommendations for Future Research
Based on the findings of this study, the following recommendations for future research are
proposed:

(i) The crop parameter files should be validated against measured data from different
agro-ecological zones, thus improvement their robustness.

(i) The air to surface temperature relationship needs to be determined for different
climates across the country and compared to the threshold value obtained in this
study.

(iii) Future studies should account for daylength effects on crop growth, especially on
photosensitive crops.

(iv)  AquaCrop did not simulate any temperature stress for bambara nut across the
entire southern African region, which is difficult to understand. Thus, future
research needs to determine why this is the case, or if there is a problem with
certain crop parameter values.

(v) Statistics for temperature over the growing period should also be derived, as this
may help to better understand temperature related stress effects on crop yield.

(vi) The reason why AquaCrop sometimes crashes due to a division-by-zero error,
especially when simulating cold seasons not well suited to crop production,
warrants further investigation.

(vii)  The study showed that running the model for cold seasons, even if CYCLE is
reduced to less than 365 days by frost occurrence, still simulates mostly zero crop
yields. Thus, future studies should rather not consider these zones, which will also
speed up the model run times.

(viii)  Future research should consider using another more suitable statistic to test for
curvilinear relationships between two variables.

(ix) More research is required for NUCs, especially for determining thresholds such as
minimum RFL required.
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(xii)

(xiii)

(xiv)

(xv)

(xvi)

The study showed that BREL could potentially be used as another elimination
variable.

Since BREL resulted in overestimation of highly suitable areas, the use of Hl as a
more suitable variable for classifying suitability should be considered in the future.
Future studies should consider developing a gridded approach to running the
AquaCrop model, as this would provide a uniform mapping unit.

Remote sensing should be used to determine where both crops are currently
grown, which will assist in verifying land suitability maps and for updating outdated
crop production guidelines.

Future studies should utilise more recent land cover data at a finer spatial
resolution as well as include land cover data for Eswatini, thus resulting in more
realistic land suitability maps.

Conducting a break-even yield calculation for each crop could help in determining
appropriate yield thresholds for economically viable crop production, which could
also be applied to eliminate unsuitable cropping areas.

Fully automating the mapping process (e.g. using ModelBuilder) is also
recommended, especially the exclusion of unsuitable cropland based on existing
land use. This will reduce the overall time required to develop each land suitability
map, thus facilitating additional scenarios to be analysed (e.g. other crops, planting
dates and plant densities).
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7. APPENDIX A
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Figure 7.1: Land suitability map for grain sorghum production (Kunz et al., 2015)
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Table 7.1:

Summary of growth criteria used in each traditional case study

Reference

Growth criteria

Rain

Temp

RH

Frost

Soil
depth

Soil
fertility

Soil
texture

Slope

Elev-
ation

Topsoil
clay
content

Carbon-
ates

AWC

Crop
rotation

Gross
margin

Holl
et al. (2007)

Jewitt et al.
(2009)

Kunz et al.
(2015)

Nie et al.
(2019)

Marraccini
et al. (2020)

Khalid et al.
(2021)

Nhamo et al.
(2022)
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Table 7.2:

Table 7.3:

Pairwise comparison matrix (Mugiyo et al., 2021b)

Factors | Rainfall | Temp | ETo | LGP | Elevation | Slope | LULC dzz't'h [:'(ftrzr:;e Weighting
Rainfall 1 2 2 2 5 5 3 2 9 0.24
Temp 1/2 1 2 3 3 3 3 2 8 0.18
LGP 1/2 1/3 3 1 5 3 3 3 5 0.17
ETo 1/2 1/2 1 1/3 5 3 3 2 5 0.13
Slope 1/5 13 13| 1/3 2 1 2 2 5 0.08
Soil depth 1/2 12 121 1/3 2 1/2 2 1 5 0.08
LULC 1/3 13 13| 1/3 2 1/2 1 1/2 3 0.06
Elevation 1/5 13 15| 1/5 1 2 1/2 12 2 0.04
?o'srt:::e 9| us| 5| s 12| s s 13 1 0.02
Growth criteria used in case studies involving machine learning techniques
Growth criteria
Reference . Max. Min. Elev- | Soil | Soil Soil Distance | Distance
Rain Temp | Temp LGP | Slope ation | pH | depth | texture soc toroad | to metros
Estes
et al. (2013)
Mugiyo
et al. (2022)
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Table 7.4:

Growth criteria used in case studies involving AHP techniques

Growth criteria

Reference . Elev- | Soil | Soil Soil Soil Distance
Rain (Temp | RH | LGP | ETo | Yield | Slope ation | pH | depth | texture EC | SOC fertility LULC to road
Jayathilaka
et al. (2012)
Singha
et al. (2020)
Mugiyo
et al. (2021b)
Kau
et al. (2023)
Table 7.5: Growth criteria used in case studies involving CSM techniques
Growth criteria
Reference . i
Cropcyele | o\yp.e | cwpey | map | NO-of vield
length simulations
Kunz
et al. (2024)
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8. APPENDIX B

AquaCrop simulated up to 49 seasonal values for each output variable shown in Table 8.1.
Tests were then conducted to check for collinearity between each variable. A description of

each variable is given next.

Table 8.1: Output variables simulated by FAO's AquaCrop model (Raes et al., 2018)

Aqu?Crop Description
variable
RFL Seasonal rainfall (mm)
CYCLE Crop cycle length (days)
E Soil water evaporation (mm)
E/Ex Relative soil water evaporation (%)
Tr Total transpiration of crop and weeds (mm)
Tr/Trx Relative crop transpiration of crop and weeds (%)
TmpStr Cold temperature stress (%)
ExpStr Leaf expansion stress (%)
StoStr Stomatal stress (%)
B Above-ground biomass production (dry t ha-)
BREL Relative biomass potential (%)
Y Crop yield (dry t ha')
CwWP Crop water productivity (dry kg m-3)
RFL Accumulated seasonal rainfall from planting date to end-season date (either

the physiological maturity date or the first frost date).
CYCLE Length of the crop cycle from emergence to (i) physiological maturity date,

or to (ii) frost occurrence date.

E Amount of water evaporated from the soil surface during the growing
season.

E/Ex Relative soil water evaporation, i.e. ratio of actual to maximum evaporation.

Tr Amount of accumulated water transpired from the crop surface over the

growing season.

Tr/Trx Relative transpiration, i.e. ratio of actual to maximum transpiration.

TmpStr When cold temperature stress occurs, crop growth is slowed or even halted.
Cold stress occurs when the minimum air temperature is below the lower
threshold (i.e. temperatures are too cold). The lower and upper temperature
thresholds are crop dependent and obtained from the crop parameter file.
The air temperature stress coefficient (Ks) value ranges from 0 (full stress)
to 1 (i.e. no stress). A logistic shape curve is used in AquaCrop when

considering Ks. The curve plots Ks against relative stress (Srel).
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ExpStr Leaf expansion is integral for photosynthesis and transpiration to occur.
Larger leaves result in higher transpiration rates, and thus more growth.
When the leaves are under stress, they stop growing and under prolonged
stress will wither and die, thus reducing transpiration. The leaf expansion
stress coefficient (Ksexp,w) is related to total available soil water (TAW). The
upper threshold is set slightly below field capacity and the lower threshold is
set just above the permanent wilting point. Ks ranges from 0 (i.e. full stress)
to 1 (i.e. no stress). A linear or concave Ks curve is used to determine Sy
(Ksexpw @s a percentage).

StoStr Under water stress, the stomata can close to reduce the amount of water
lost through transpiration, which allows the plant to survive for a longer
period. Hence, stomatal stress (Ksst) is related to soil water depletion. At
field capacity, Ksso is 1 (i.e. no stress; stomata close to prevent
transpiration). At permanent wilting point, the crop becomes fully water
stressed (Kssw is 0).

B Above-ground biomass is calculated by multiplying the normalised biomass
water productivity (WP) parameter by the crop transpiration (Tr) to reference
evapotranspiration (ETo) ratio. WP is calculated as the above-ground dry
matter (kg) that is produced per unit area (m?), per unit of water transpired
(mm).

BREL Relative biomass is the biomass expected in a stressed field compared to
that of a reference field with no stress, i.e. 100-Bstr/Brer.

Y Final dry yield is calculated by multiplying B by the harvest index.

CWP Crop water productivity (CWP), which is often referred to as water use
efficiency (WUE); it is the yield produced in dry kg per m® of water
evapotranspired over the growing season. CWP is used to evaluate how

efficient a crop is in converting water into yield, i.e. “crop per drop” concept.

Statistics (e.g. average and inter-seasonal variation) were then calculated for each output
variable. Other variables were also calculated and used to eliminate AZs considered
unsuitable for rainfed crop production and for classifying the remaining zones, as shown in
Table 8.3.
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Table 8.2:

Statistics generated for AquaCrop output variables used in the
preliminary data analysis

Statistic

generated Description
RFLave Seasonal rainfall average (mm)
Eave Soil water evaporation average (mm)
E/Exave Relative soil water evaporation average (%)
Trave Total transpiration of crop and weeds average (mm)
Tr/Trxave Relative transpiration of crop and weeds average (%)
TmpStrave | Cold temperature stress average (%)
ExpStrave | Leaf expansion stress average (%)
StoStrave | Stomatal stress average (%)
Bave Above-ground biomass production average (dry t ha')
Bev Above-ground biomass production variability (%)
BRELave Relative biomass potential average (%)
BRELcv Variability in relative biomass potential (%)
Y ave Crop yield average (dry t ha')
Yev Variability in crop yield (%)
CWPave Crop water productivity average (dry kg m3)
CWPcy Crop water productivity variability (%)
RCF Risk of crop failure (%)

Table 8.3: Variables used for eliminating currently unsuitable areas and for
classifying the remaining suitable areas
Variable Description Purpose
CYCLE Crop cycle length (days) Elimination
RFLave Average seasonal rainfall (mm) Elimination
CWPcv Coefficient of variation (CV) in CWP (%) Elimination
RCF Risk of crop failure (%) Elimination
Yzero Number of zero yields Calculation of RCF
Ywmiss Number of missing seasons Calculation of RCF
Ynume Number of yield simulations Calculation of RCF
BRELNoRrM Normalised average BREL (%) Classification
BRELave Average BREL (%) Calculation of BREL~orm
CYCLE Crop cycle length for each season.
RFLave Average rainfall accumulated across each season.
CWPcv Inter-seasonal variation in CWP.
RCF Risk of crop failure = 100-(Yzero + Ywmiss)/49.
Yzero Number of zero yields simulated by AquaCrop.
Ywmiss Number of missing yields = 49 — Ynuws, i.e. number of seasons that were not
simulated by AquaCrop, and thus have no data because the model crashed.
Ynume Total number of yield simulations (maximum is 49).
BRELnorm Normalised BRELave (using the maximum value of BRELave).
BRELAave Average relative biomass potential.
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9. APPENDIX C

Table 9.1: AquaCrop calibration statistics for selected NUCs
. Type, location Sample Canopy cover CC (%)
Crop Treatment Cultivar/landrace of trial size (n) | NRMSE RMSE R? Source
Unstressed 12.2 0.98
Moderately stressed . Pot trial, UKZN 14 15.7 0.96
Cowpea Severely stressed Brown mix Field trial, Ukulinga 15 19.6 0.96 Kanda et al. (2021)
Rainfed (with irrigation) 18.5 0.90
Unstressed . 4.8 0.98 .
Groundnut Moderately stressed h A(r)azlg: L Field trial, Ukulinga 6 6.3 0.84 ;h;?a(r;:;:;
Rainfed ypogaea - 7.4 0.92 '
. Unstressed . . 13 0.15 0.98 .
Spider flower Severely stressed Beta vulgaris Rain shelter, Roodeplaat 15 008 098 Nyathi et al. (2018)
. Unstressed . . 1.22 0.98 .
Swiss chard Severely stressed Beta vulgaris Rain shelter, Roodeplaat 15 081 098 Nyathi et al. (2018)
Unstressed . 0.06 0.99 .
Amaranth Severely stressed Amaranthus cruentus Rain shelter, Roodeplaat 12 124 0.98 Nyathi et al. (2018)
Unstressed 27.8 14.0 0.71
Taro Stressed Dumbe dumbe L. Greenhouse, UKZN 22 86 34 098 Kunz et al. (2024)
Orange flesh Unstressed 121 8.8 0.92
sweet potato Stressed Orange flesh (199062.1) Greenhouse, UKZN 19 17.8 12.0 076 Kunz et al. (2024)
Bambara nut Rainfed (with irrigation) Red L. Field trial, Roodeplaat 6 3.37 0.94 Mabhaudhi et al. (2014a)
Taro Rainfed (with irrigation) Umbumbulu L. Field trial, Ukulinga 8 2.38 0.79 Mabhaudhi et al. (2014b)
Macia 8.4 0.87
Sorghum Rainfed (with irrigation) Ujiba Field trial, Ukulinga 15 9.2 0.84 Hadebe et al. (2017)
Pan8816 14.4 0.66
Orange flesh Unstressed Orange flesh (Bophelo) Rain shelter, Roodeplaat 15 12.1 0.77 Nyathi et al. (2016)
sweet potato
. . I GCI17 . . 5 13.0 0.91
Pearl millet Rainfed (with irrigation) Monyaloti Field trial, UFS 6 17.9 0.91 Bello and Walker (2016)
Amaranth Rainfed (with irrigation) | 8" Z’)’(”:r’jsir;’e”tus Field trial, UFS 5 20.8 012 | Bello and Walker (2017)
Orange flesh Unstressed Orange flesh (Isondlo) Rain shelter, Roodeplaat 4 0.92 Beletse et al. (2013)

sweet potato
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Table 9.2:

AquaCrop validation statistics for selected NUCs

. . . Sample Canopy cover CC (%)
Crop Treatment Cultivar/Landrace Type, location of trial size (n) | NRMSE RMSE RZ Source
Unstressed Rain shelter, Roodeplaat 141 0.95
Moderately stressed Rain shelter, Roodeplaat 10 18.3 0.90
Bambara nut Severely stressed Red L. Rain shelter, Roodeplaat 18.1 0.81 | Mabhaudhi et al. (2014a)
Irrigated Field trial, Roodeplaat 9.7 0.86
Rainfed Field trial, Roodeplaat 6 6.2 0.95
Unstressed 15.4 0.94
Cowpea Moderately stressed Brown mix Pot trial, UKZN 14 17.8 0.96 Kanda et al. (2021)
Severely stressed 375 0.85
. Unstressed . . 1.58 0.98 .
Swiss chard Severely stressed Beta vulgaris Rain shelter, Roodeplaat 15 0.94 0.98 Nyathi et al. (2018)
. Unstressed . . 1.45 0.94 .
Spider flower Severely stressed Beta vulgaris Rain shelter, Roodeplaat 16 1.8 0.97 Nyathi et al. (2018)
Unstressed . 1.26 0.98 .
Amaranth Severely stressed Amaranthus cruentus Rain shelter, Roodeplaat 12 165 0.64 Nyathi et al. (2018)
Rainfed (with irrigation) Field trial, Ukulinga 1.85 0.84 .
Taro Rainfed (with irrigation) Umbumbulu fandrace Mare and Modi (2009) 8 202 | 0.2 | Mabhaudnietal. (2014b)
. . Field trial, Fountainhill 6 11.8 0.83 Chibarabada
Groundnut Rainfed Arachis hypogaea L. Field trial, Umbumbulu 5 10.30 33| 097 et al. (2020a)
flesh . .
Orange fles Unstressed Orange flesh (Bophelo) Rain shelter, Roodeplaat 15 4.98 0.99 Nyathi et al. (2016)
sweet potato
. . L GCI17 . . 8.6 0.81
Pearl millet Rainfed (with irrigation) Monyaloti Field trial, UFS 11 136 0.82 Bello and Walker (2016)
Pan8816 12.4 0.86
Sorghum Rainfed (with irrigation) Macia Field trial, Ukulinga 15 19.5 0.79 Hadebe et al. (2017)
Ujiba 227 | 0.711
Taro Rainfed Dumbe dumbe L. Field trial, Fountainhill 10 Kunz et al. (2024)
Orange flesh Rainfed Orange flesh (199062.1) Field trial, Fountainhill 10 Kunz et al. (2024)
sweet potato
Amaranth Rainfed (with irrigation) | “maranthus cruentus Field trial, UFS 7 Bello and Walker (2017)
ex Arusha
Orange flesh Unstressed Orange flesh (Isondlo) Rain shelter, Roodeplaat 4 Beletse et al. (2013)
sweet potato
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10. APPENDIX D
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Figure 10.1: Difference in Yave between the October and November planting dates for
bambara nut
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Figure 10.2: Difference in Yave between the November and October plantings date for
bambara nut
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Figure 10.3: Difference in Yave between the November and December planting dates
for cowpea
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Figure 10.4: Difference in Yave between the December and November planting dates
for cowpea
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Figure 10.5: Histogram of the change in CYCLEave for bambara nut planted in October
due to frost occurrence
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Figure 10.6: Change in CYCLEave for bambara nut planted in October due to frost
occurrence

112



45

40
35
30
25
20
15
10

5

0 -

o 6

Figure 10.7: CYCLEave change for cowpea planted in November due to frost
occurrence
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Figure 10.8: CYCLEave change for cowpea planted in November due to frost
occurrence
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Figure 10.9: Decrease in Yave for bambara nut planted in October due to frost
occurrence
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Figure 10.10: Decreased in Yave for cowpea planted in November due to frost
occurrence

114



11.APPENDIX E
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Figure 11.1: Relationship between RFLave and CWPae for bambara nut planted in
October
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Figure 11.2: Relationship between RFLave and CWPae for cowpea planted in
November
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Figure 11.4: Relationship RFLave and Yave for cowpea planted in November
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12. APPENDIX F
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Figure 12.1: Suitability classification map for rainfed production of bambara nut
planted in November for southern Africa
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Figure 12.2: Suitability classification map for rainfed production of cowpea planted
in December for southern Africa
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Figure 12.3: Coefficient of variation in crop water productivity (CWPcy) per Altitude
Zone for cowpea planted in November
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Figure 12.4: Seasonally averaged rainfall (RFLave) per Altitude Zone for cowpea
planted in November
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Seasonal RCF per Altitude Zone
Bambara nut
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Figure 12.5: Risk of crop failure (RCF) per Altitude Zone for bambara nut planted in
October
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