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EXECUTIVE SUMMARY 

South Africa’s population is projected to reach 87 million by 2050, which will intensify the 
food and nutrition insecurity and increase the pressure on the already limited land and water 
resources. A significant proportion of the population is both water- and food-insecure, 
particularly those living in marginal environments, who rely on rainfed smallholder agriculture 
for their subsistence. Maize, the dominant staple across southern Africa, performs poorly in 
these systems, due to water deficits, episodic flooding and climate variability, which render 
many production environments unsuitable. 

Neglected and Under-utilised Crop Species (NUS), including sorghum, cowpeas, amaranth, 
sweet potatoes and taro, offer an alternative crop because of their inherent tolerance to droughts 
and flooding. However, these crops remain under-researched and are primarily cultivated by 
smallholder farmers who are familiar with their adaptive traits. 

Smallholder farming systems are highly heterogeneous, yet current production guidelines are 
overly generalised and are not adequately resilient to climate extremes. Improved, evidence-
based insights derived from rapid and accurate field data are needed. Crop phenotyping is 
central to optimising crop management; however, the conventional methods are manual, 
laborious, subjective and lack spatial detail. While satellite remote sensing offers non-invasive 
phenotyping capabilities, its use in smallholder systems is constrained by their spatial and 
temporal heterogeneity and the high cost of fine-resolution imagery. 

Proximal remote sensing, using UAV-based high-throughput phenotyping platforms, has 
emerged as a cost-effective, rapid and efficient alternative for acquiring detailed crop data. 
Such platforms have proven themselves to be valuable for characterising NUS phenotypes. 
This project has sought to apply UAV imagery and crop simulation models to monitor the crop 
health and to quantify the yields of selected NUS in smallholder systems, more specifically, 
sweet potatoes, taro and Bambara groundnuts. The near-real-time monitoring of the crop–soil 
water status will support drought assessment and inform irrigation decision-making. This 
project extended the objective of WRC Project No. K5/2717//4, which focuses on estimating 
the water use of crops by integrating UAV-based phenotyping to advance precision agriculture 
in the smallholder context. 

This project aimed to assess the application of Unmanned Aerial Vehicle (UAV)-based high-
throughput phenotyping for Neglected and Under-utilised crop Species (NUS), in order to 
improve the water use and productivity on smallholder farms. To achieve the overarching 
objective, the project set out the following specific objectives: 

1) to review the literature on the utility of earth observation data in characterising the 
productivity of Neglected and Under-utilised crop Species (NUS) on smallholder 
farms; 

2) to map the spatial distribution and health of neglected and under-utilised crop species 
on smallholder farms, using UAV data; 

3) to assess the relationship between the NUS crop productivity variations and the 
edaphic factors (i.e. soil moisture, temperature and salinity) on smallholder farms; 
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4) to evaluate the use of unmanned aerial vehicle platforms in quantifying the spatial and 
temporal variability of canopy crop water status and yield by NUS crops on 
smallholder farms; and 

5) to assess the potential of unmanned aerial vehicle high-throughput phenotyping data 
in estimating the yield of NUS crops in smallholder croplands. 

New Knowledge and Innovation 

This project aimed to address a critical knowledge gap in agricultural research regarding the 
limited use of drone-based remote sensing for the mapping and monitoring of Neglected and 
Under-utilised Crop species, with particular focus on sweet potatoes and taro grown in 
smallholder farming systems. A longstanding challenge in Applied Geospatial Applications in 
smallholder croplands of southern Africa is the limited availability of accessible spatial data 
that are suitable for mapping and monitoring small, fragmented and heterogeneous croplands 
owned by subsistence and smallholder farms. To bridge this gap, the project utilised drone 
technologies to generate new, practical insights into how these crops can be identified, assessed 
and monitored at a fine spatial resolution.  

Through applied research, the project generated models, techniques and high-resolution spatial 
maps, with resolutions finer than 10 cm, that clearly depict the spatial distribution of these 
often-overlooked crops within smallholder croplands. Beyond mapping, the drone imagery was 
used to derive the key phenotypic crop attributes, including their Leaf Area index, chlorophyll 
content and foliar moisture levels. These are valuable indicators for assessing a crop’s health 
and performance. 

In addition, the project contributed significantly to the scientific literature by publishing its 
findings in internationally peer-reviewed journals and by combining literature reviews with 
applied research articles. These articles contribute to the global discussion on the practical use 
of drones in agriculture and they highlight the potential of NUS crops as a viable alternative to 
mainstream crops, in the smallholder farming context.  

Overall, the project integrates drone technology with agricultural research to develop 
innovative approaches for the discrimination, mapping and phenotyping of NUS crops, by 
offering a valuable framework for improving the monitoring, management and promotion of 
these important, but under-represented, agricultural resources in smallholder systems. 

Capacity Building 

The project allocated funding for three full-time MSc students over its four-year span. It also 
employed one Postdoctoral Fellow, whose role was vital for the University of KwaZulu-Natal’s 
capacity development goals for early-career researchers, which focus on nurturing the next 
generation of scientific talent. In line with its planned commitments, three Master's candidates 
were recruited. Two graduated cum laude, while the third is submitting her thesis this year. 
Subsequently, a fourth MA student was recruited and supported for the fieldwork. Recognising 
the strategic importance of increased postgraduate engagement, the project team included two 
female PhD students from the previous Flagship WRC Research Project (K5/2971//4). One of 
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these students has graduated, while the other is expected to submit her thesis before the end of 
the year. These doctoral candidates received partial funding from the National Research 
Foundation (NRF). In addition, the first MA student, who completed her degree in 2023, was 
recruited as a PhD student. Beyond student development, the Project Leader, who is a mid-
career researcher, was also enhanced through this project. His NRF rating improved from Y2 
to C2, and he received a promotion at UWC from being a Senior Lecturer to an Associate 
Professor, following the graduation of the students from this project. 

Conclusion 

The overall goal of this project was to evaluate the use of Unmanned Aerial Vehicle (UAV)-
based high-throughput phenotyping for neglected and under-utilised crop species to improve 
the water use and productivity on smallholder farms. In a systematic review of the literature on 
the progress, challenges, gaps and opportunities associated with using drone-derived remotely 
sensed data to map the spatial distribution and health of NUS crops, to specifically address 
Objective 1, it was found that studies, especially those regarding spatial mapping, remain 
limited. Most research focuses on assessing crop health and productivity, while barriers such 
as the high costs, regulatory restrictions and skill shortages further hinder their widespread 
adoption. Despite these issues, drones have great potential for providing timely and accurate 
data, which are essential for farm-level decision-making. Successfully integrating them into 
smallholder systems could empower farmers, preserve the local food cultures, and support 
broader goals, such as gender equity and biodiversity conservation. Our analysis also showed 
that machine learning algorithms (GTB and RF) can effectively delineate NUS crop boundaries 
on smallholder farms by using UAV data. The GTB algorithm proved particularly resilient 
when combining spectral datasets, and it outperformed other methods for crops like sweet 
potatoes and taro. Regarding the relationship between NUS crop productivity variations and 
the edaphic factors on smallholder farms, which specifically address Objective 2, we evaluated 
the effectiveness of thermal remote sensing and index-based segmentation techniques for 
predicting the EWT canopy in smallholder taro fields. It was concluded that combining UAV 
thermal data with multispectral imagery and the ExGR segmentation technique is optimal for 
estimating the water content of the taro canopy. Moreover, the project demonstrates that 
integrating UAV thermal and multispectral data offers an efficient way to assess the water 
status of smallholder taro crops. The most accurate predictive models for key indicators, such 
as the equivalent water thickness and stomatal conductance, were obtained by processing the 
raw sensor data alongside the thermal and spectral indices. This multi-modal approach 
provided highly reliable results, which highlight its practical utility for precision farming. 
Using drone data and Random Forest regression to predict the spatial fluctuations of the Leaf 
Chlorophyll Content (LCC) and Canopy Chlorophyll Content (CCC) for taro and sweet 
potatoes, it was concluded that CCC is best modelled during mid-vegetative growth, by using 
NIR and red-edge wavelengths. In contrast, the LCC prediction varied by crop and growth 
stage. The most precise CCC estimates were achieved by combining spectral bands with 
vegetation indices. Overall, the CCC proved to be a more reliably predicted variable than the 
LCC for both crops. Concerning the use of UAV multispectral data for estimating the taro 
Above-Ground Biomass (AGB) and the Below-Ground Biomass (BGB), this study identified 
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two key findings. Firstly, it established a strong positive relationship between the AGB and 
BGB over the growing season, as captured by UAV imagery. Most notably, the data could 
effectively predict the yield-critical BGB before harvest during the vegetative phase, which 
provided a valuable tool for the pre-harvest yield estimation. Lastly, this project confirms that 
the early taro yield can be accurately forecast on smallholder farms by using UAV data, which 
addresses the specific objective. The most dependable method combines segmented imagery 
from the red, red-edge and NIR bands with the Leaf Area Index (LAI) measurements, which 
are processed through a Random Forest algorithm. The results show that image segmentation 
and canopy architecture data are vital for enhancing prediction accuracy.  

Overall, the project demonstrates that UAV-based high-throughput phenotyping is a powerful 
tool for improving the water use and productivity of neglected and under-utilised crops on 
smallholder farms. By developing and validating the specific methodologies, it demonstrated 
that drones can accurately map the crop distribution, predict the critical water status indicators, 
estimate the biomass, and forecast the final yield, for crops such as taro and sweet potatoes. 
The integration of multispectral and thermal sensors with advanced machine learning and 
image segmentation techniques was key for generating reliable, farm-level data for better 
agricultural decision-making. Ultimately, these findings provide a practical framework for 
empowering smallholder farmers, for optimising resource use and for enhancing the 
sustainability of local food systems that are centred on these vital crops. By generating precise, 
actionable data on the crop status and resource use, UAVs may enable farmers to optimise their 
water management and boost productivity, which are foundational steps toward improved food 
security and climate adaptation. 

Recommendations for Future Studies 

Despite the success of the project, several limitations and research gaps remain. The project’s 
limitations span the methodological (analytical techniques, data fusion), scope (crop variety, 
growth stages, nutrient modelling), and technological (sensor resolution, noise filtering) areas, 
which highlight multiple avenues for future research. Future studies could consider the 
following, 

• This project was constrained to two crops, namely, taro and sweet potatoes. Future 
UAV-based high-throughput phenotyping projects could assess the influence of 
different varieties of taro and sweet potatoes 

• In this project, the classification procedure was limited to machine learning algorithms 
in the Google Earth Engine. However, the potential of big data analytics, including deep 
machine learning algorithms and artificial intelligence, remains untested in modelling 
the spatial distribution of these smallholder crops, with a particular focus on the NUS 
in Africa. 

• In order to translate the canopy water status models into practical tools, the research 
must validate the canopy water status models against the real-world water inputs. A 
critical next step is to apply these models in order to compare the water-use dynamics 
of different NUS crop varieties under both controlled irrigation and natural rainfed 
conditions. 
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• Future yield estimation models should incorporate a wider range of canopy traits across 
the entire growing season, in order to account for critical phenological variability. This 
expansion of input data is expected to improve a model’s robustness and accuracy, but 
it requires systematic evaluation, in order to quantify the specific contribution of each 
trait. 

• In addition, to fully achieve the goal of high-resolution, field-scale yield mapping, the 
data quality must be improved at the end of the season. Investing in higher-resolution 
sensors and advanced noise-filtering algorithms is recommended. This will ensure that 
yield models are built on precise canopy data throughout the year, which will lead to 
more accurate and actionable forecasts. 

• There is a need to bridge the agronomic-nutritional gap. Future studies should prioritise 
research that models the seasonal relationship between the water use and nutrient 
content in taro and sweet potatoes. This is necessary to optimise crops for their 
nutritional density and to build a credible ‘farm-to-health’ narrative for marketing NUS 
crops. 

• To enable the large-scale phenotyping of NUS crops in smallholder landscapes, future 
research must actively integrate drone and satellite datasets. Specifically, studies should 
leverage the synergies between high-resolution drone imagery and freely-available, 
frequent Sentinel-2 multispectral imager and Landsat data. This fusion is key for 
developing robust models that can accurately upscale the critical crop traits, from field 
plots to regional croplands, and for optimising monitoring where it is needed most. 
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1 INTRODUCTION AND BACKGROUND 

1.1 Introduction 

The observed climate change has been extensively demonstrated as directly impacting the 
water resources, agriculture and food systems. The rise in global temperatures has led to 
unpredictable weather patterns, marked by substantial alterations in precipitation and a 
heightened frequency of extreme events like droughts. These dramatic shifts have been 
demonstrated to have a notable impact on agricultural mainstream crops, including maize, 
wheat and sugar beet. The diminishing agricultural productivity has been demonstrated to be 
contributing to food and nutrition insecurity, especially in the drylands of Africa and the high 
mountain regions of Asia and South America. The compounding factor of rapid population 
growth and increased food demand further exacerbates these challenges. 

A considerable segment of the growing population resides in marginal areas and depends on 
smallholder agriculture for their livelihood, by either actively engaging in farming or benefiting 
indirectly (Masipa 2017). Smallholder farmers play a pivotal role in addressing the complex 
challenge of ensuring food security for the growing population, all the while minimising the 
adverse environmental impacts and adapting to the effects of climate change (Dhillon and 
Moncur 2023, Touch et al. 2024). More than 80% of the world’s farms (475 million) rely on 
less than two hectares of land (Fan and Rue 2020). Regardless of the fact that they account for 
only 12% of the world’s agriculture, these farms offer an estimated 80% of the food grown in 
sub-Saharan Africa (SSA) (Fan and Rue 2020). Despite the significance of smallholder 
agriculture in the global food supply and poverty alleviation, agricultural productivity in the 
SSA region has decreased (Mugiyo et al. 2021). It has been well established that underlying 
water shortages, compounded by climate variability and changes in land use, have led to a 
reduction in the amount of land that is accessible for agricultural development, particularly in 
resource-poor farming systems, in order to produce the main crops  (Mugiyo et al. 2021). 

The agricultural sector needs a transformative shift from mainstream cropping systems to 
unconventional options, such as the Neglected and Under-utilised crop Species (NUS), as 
future crops. Research indicates that the NUS exhibit an adaptability to various agroecological 
conditions, they are rich in nutrients and they offer promising prospects for regions with low 
crop yields (Mabhaudhi et al. 2017, Mugiyo et al. 2021). The NUS complement, and are 
alternatives to, many commercially-important food crops, and they can aid in addressing the 
food and nutritional deficiencies in marginalised communities (Mugiyo et al. 2021). NUS 
crops, such as sorghum, cowpea, amaranth, sweet potatoes and taro, thrive in marginal areas 
that are prone to heavy droughts and flash floods (Mugiyo et al. 2021).  

Therefore, research and consumer interest in these crops have gained traction due to their 
potential role in strengthening the local food systems and mitigating the risks and effects of 
climate change shocks in vulnerable agricultural production systems (Padulosi et al. 2013). 
The absence of precise, consistent, spatially-explicit and high-throughput phenotyping 
technologies poses a challenge in complementing the rapid advancements in phenotyping and 
genotyping technologies, which are crucial for high-speed crop breeding. Considering this 



2 
 

challenge, field phenotyping becomes essential. This approach demonstrates the outstanding 
performance of crop traits, in alignment with productivity, by spatially showcasing phenotypes 
at specific levels of their statistical significance. Field phenotyping is indispensable for 
enhancing the knowledge base of agricultural production in smallholder farming systems. This 
will set up a backbone for effectively monitoring crop health and productivity. 

Unmanned Aerial Vehicles (UAV)-based phenotyping holds the potential to provide ultra-high 
spatial resolution data, and it facilitates precise, consistent and high-throughput phenotyping in 
smallholder cropping plots. The resolution of UAV-based phenotyping operates at a plot level, 
which enables immediate data capture for single or multiple plots and makes it well-suited for 
plant breeding in smallholder croplands. Utilising UAVs with high-resolution sensors is an 
emerging and relatively cost-effective technique for high-throughput crop phenotyping at a 
farm scale. However, the capability of UAV-mounted sensors to differentiate crop types, based 
on their spectral responses as a mechanism for plausible high-throughput field phenotyping, is 
yet to be determined (Chivasa et al. 2020). Remote sensing and machine learning techniques 
have greatly aided high-throughput phenotyping technologies in the recent past. For example, 
Zheng et al. (2021) used remote sensing and machine learning in crop phenotyping and 
management and emphasised their application in strawberry farming. Ampatzidis and Partel 
(2019) examined UAV-based high-throughput phenotyping in citrus farms, by using 
multispectral imaging and artificial intelligence. These studies illustrate that UAV-derived data 
are suitable for the local-scale, high-throughput phenotyping of crops.  

However, despite the rapid growth of literature on the UAV-based phenotyping of crops and 
forage, there is a need to extend the research efforts to the NUS in smallholder croplands, since 
many works are based on experimental plots in controlled sites of maize and wheat. Therefore, 
this project aims to assess the utility of UAV-derived remotely-sensed data in the mapping and 
monitoring of NUS (taro and sweet potatoes) crop productivity and their health attributes, such 
as their yield, biomass, leaf area index, chlorophyll content and crop water stress index, in 
smallholder croplands. 

1.2 Aims and Objectives 

This project aimed to assess the application of unmanned aerial vehicle high-throughput 
phenotyping of NUS for the improved water use and productivity on smallholder farms. To 
achieve this overarching aim, the project has set out specific objectives, namely: 

 
1) to review the literature on the utility of earth observation data in characterising the   

productivity of NUS crop species on smallholder farms; 
2) to map the spatial distribution and health of NUS, by using UAV data on smallholder 

farms; 
3) to assess the relationship between the NUS crop productivity variations and edaphic 

factors (i.e. soil moisture, temperature and salinity) on smallholder farms; 
4) to evaluate the use of unmanned aerial vehicle platforms for quantifying the spatial and 

temporal variability of canopy crop water status and yield by NUS crops on smallholder 
farms; and 
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5) to assess the potential of unmanned aerial vehicle high-throughput phenotyping data in 
estimating the yield of NUS crops in smallholder croplands 
 

This project leveraged the data and infrastructure that were established through the WRC 
Flagship project K5/2971//4 to address some of the objectives. The WRC Flagship project 
K5/2971//4 was titled “The use of drones in monitoring crop health, water stress and crop 
water requirements for improving crop water productivity in the context of precision 
agriculture in smallholder croplands.” 
 

1.3 Scope and the Overview of the Report 

1.3.1 Description of the study area 

The geographic scope of this project encompasses Swayimane, a communal area situated 
within the uMshwathi Municipality, north-east of the city of Pietermaritzburg in South Africa 
(Ndlovu et al. 2021, Brewer et al. 2022) (Figure 1.1). The communal area spans approximately 
36 km² and is dominated by smallholder farming that is practised by the local community. The 
major crops include white and yellow maize, sugarcane, amadumbe (taro) and sweet potatoes. 
The farming systems are largely traditional, and they rely on rainfed cultivation, livestock 
manure for fertilisation, as well as manual labour for planting, maintenance and harvesting, 
with some farmers using back-pack herbicide sprayers for weed control. Agricultural 
production underpins the food security and livelihoods of the locals, with the produce being 
sold mainly in the local markets. 

Swayimane is located within the moist Midlands mist belt bioresource area and it experiences 
average temperatures ranging from 11.8°C to 24°C, with hot, wet-to-cool summers and dry 
winters (Ndlovu et al. 2021, Brewer et al. 2022). The annual rainfall ranges between 600 and 
1100 mm (Ndlovu et al. 2021). The area is characterised by arable clay loam soils and is ranked 
among the top-2% of high-potential agricultural land in South Africa (Ndlovu et al. 2021). 
Considering that all the studies, which are presented as separate chapters, were conducted in 
the same experimental plots, a description of the study area was removed from all the other 
chapters. 
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Figure 1-1 Aerial diagram of Swayimane, KwaZulu-Natal (Source :Sibanda et al. (2023)) 

1.3.2 Report outline 

This report consolidates the contributions of multiple project authors, with each chapter being 
designed as a stand-alone unit that addresses specific contractual objectives under the guidance 
of the WRC project managers and the technical reference group. In line with this ‘paper’ 
format, the study area is detailed in Section 1.3.1, and a single, unified methodology chapter is 
omitted, in favour of distinct methodological descriptions within each chapter, which may lead 
to some necessary overlap, especially in methods sections, to preserve the integrity of the aim 
of each chapter. Several chapters are adaptations of peer-reviewed articles that were previously 
published by the project team. The report is structured in the following sequence, in order to 
logically fulfil the objectives of the project: 
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Chapter One: A comprehensive introduction to the study is provided, including its 
background, conceptual framework and rationale. It clearly outlines the project's overarching 
goals and specific contractual objectives, thereby establishing the necessary foundation for the 
detailed research presented in the subsequent chapters. 

Chapter Two: A systematic review of the literature is given on the use of earth observation 
data in characterising the productivity of NUS crop species on smallholder farms. This chapter 
specifically addresses Objective 1. 

Chapter Three: The potential of UAV-acquired multispectral imagery, combined with 
machine learning techniques, is assessed in mapping the spatial distribution of taro and sweet 
potatoes in smallholder farms, and it specifically addresses Objective 2. 

Chapter Four: Objectives 3 and 4 are addressed by developing a method to enhance the 
estimation of the Equivalent Water Thickness in taro crops, by utilising UAV-acquired 
multispectral-thermal imagery and index-based image segmentation. 

Chapter Five: Objective 4 is specifically addressed by assessing the neglected and under-
utilised water status of the taro crop, using physiological indicators and UAV multi-modal 
thermal-multispectral data 

Chapter Six: The canopy chlorophyll content of taro and sweet potatoes is estimated by using 
UAV-remotely-sensed data in smallholder croplands, which is specifically in partial fulfilment 
of Objective 3. 

Chapter Seven: The potential of drone remotely sensed data is assessed for detecting the soil 
water content and taro leaf chlorophyll content across the different phenological stages, and it 
is also specifically in partial fulfilment of Objective 3. 

Chapter Eight: The potential of UAV-derived multispectral imagery for estimating the taro 
below-ground biomass in smallholder croplands is assessed, and it specifically addresses 
Objective 5. 

Chapter Nine: In partial and specific fulfilment of Objective 5, this chapter also explores the 
utility of image segmentation techniques and leaf area index for improving the taro yield 
prediction, based on the UAV-acquired multispectral data in smallholder croplands 

Chapter Ten: The general synthesis and discussion of the overall findings of the project are 
presented. This chapter outlines the general and the overall conclusion, and it addresses the 
overarching aim of the project. Finally, it outlines the contextual and analytical limitations, 
along with some recommendations for consideration in future projects. 

Supplementary materials that document the skills and knowledge transfer activities, which 
were conducted as part of the project’s capacity development, are documented at the end of the 
report. 
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2 A SYSTEMATIC REVIEW OF REMOTE SENSING 
APPLICATIONS FOR NEGLECTED AND UNDER-UTILISED 

CROP SPECIES 

2.1 Introduction 

Climate change, which is evidenced by the increased occurrence and frequency of extreme 
climatic conditions, has become unequivocal, as it affects water resources, agriculture and food 
systems (Adhikari et al. 2015). Meanwhile, the world is confronted by the problem of feeding 
a growing population, while trying to minimise the adverse environmental impacts and to 
adjust to the changing climate (Mugiyo et al. 2021). Food, nutrition and water insecurity are 
affecting more than two-thirds of the population (Mugiyo et al. 2021). For the first time in 
history, more than one billion people in the world are malnourished, which emphasises the 
importance of addressing the food and nutrition insecurity in agriculture that is being 
accelerated by climate change (Fan and Rue 2020). More specifically, Africa is epitomised as 
the continent that is most vulnerable to climate change (Masipa 2017). The annual population 
growth rate in Africa is anticipated to be 2.4%, and the expanding population is expected to 
increase the demand for food (Nyasimi et al. 2014). By 2050, the continent’s population will 
have more than doubled from 0.9 billion people, and by 2100, it will have quadrupled to 3.9 
billion (Nyasimi et al. 2014). The bulk of these people live in marginal areas and rely, either 
actively or passively, on smallholder agriculture for their livelihoods (Masipa 2017). In the 
global food security conundrum, smallholder farmers in developing nations play a vital role. 
More than 80% of the world’s farms (475 million) rely on less than two hectares of land (Fan 
and Rue 2020). Regardless of accounting for only 12% of the world’s agriculture, these farms 
offer an estimated 80% of the food grown in sub-Saharan Africa (SSA) (Fan and Rue 2020). 
Despite the significance of smallholder agriculture in the global food supply and in poverty 
alleviation, agricultural productivity in the SSA region has decreased (Mugiyo et al. 2021). It 
has been well established that the underlying water shortages, which are compounded by 
climate variability and changes in land use, have led to a reduction in land that is accessible for 
agricultural development and the production of the main crops, particularly in resource-poor 
farming systems (Mugiyo et al. 2021). 

There has been a need for a paradigm change in agriculture to investigate traditional avenues, 
such as the planting of Neglected and Under-utilised crop Species (NUS) as future crops. 
Literature shows that NUS are adaptable to a variety of agro-ecologies, are highly nutritious, 
and they offer a better chance in low-yielding regions (Mabhaudhi et al. 2017, Mugiyo et al. 
2021). NUS are a feasible alternative for resolving food and nutritional deficiencies and 
stresses in marginalised communities (Chivenge et al. 2015). NUS crops, such as sorghum, 
cowpea, amaranth, sweet potatoes and taro are known to thrive in marginal areas that are prone 
to heavy droughts and flash floods (Mugiyo et al. 2021). Despite their agronomic, genomic, 
socioeconomic and cultural importance, these crops have long been overlooked by 
conventional agriculture, but they are now gaining traction due to their potential role in 
mitigating the risk and effects of the climate change shocks in vulnerable agricultural 
production systems (Mabhaudhi et al. 2017). 
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NUS crops benefit the subsistence market by offering smallholder farmers the possibility of 
profiting from greater crop yields, despite the climate variability and reduced water resources. 
Furthermore, cultivating NUS will safeguard the well-being of minority populations by 
alleviating poverty and malnutrition and by tapping into indigenous knowledge systems, while 
facilitating their traditional food and cultural heritage. The cultivation of NUS assists in 
achieving SDGs 1, 2 and 3, thereby enhancing the agro-economic sector. For this reason, 
smallholder farmers require spatially-explicit information on the biophysical and 
morphological characteristics of NUS to optimise their productivity. The lack of precise, 
consistent, spatially-explicit and high-throughput phenotyping technologies is a hurdle hurdle 
that needs to be overcome in supplementing the rapid advancements in phenotyping NUS to 
optimise the production in smallholder croplands. 

Traditional or in-field observations were first utilised to measure the spatial extent, suitability, 
crop vegetative growth and morphological attributes. However, this method of analysis is 
deemed to be too time-intensive and expensive, which make it unsuitable for continuous and 
precision crop monitoring in areas with numerous crop varieties. Furthermore, in-situ 
measurements are not always as accurate; their spatial representativeness is inadequate, and the 
data may be difficult to obtain for users, such as farmers (Sibanda et al. 2021). They are often 
associated with destructive harvesting, which makes it impossible to examine the same plant 
over time. Over the years, satellite-based earth observation technologies have proven to be 
effective in monitoring plant growth and health changes (Qader et al. 2021). 

In this regard, the application of data from earth observation and geo-spatial techniques has 
become more effective and reliable for monitoring and estimating crop health at a field and 
farm level. Utilising platforms such as satellites, unmanned aerial vehicles, vehicle-mounted 
sensors, as well as hand-held cameras or sensors, high-throughput image-based phenotyping 
can be performed from a landscape level, to a cellular level. On a wider scale, satellite remote 
sensing technologies provide non-invasive, accurate, fast and cost-effective data for estimating 
traits, such as the chlorophyll concentration in plants, as a proxy for a crop’s productivity and 
for quantifying its diversity and spatial distribution. However, the spectral and temporal 
resolution of freely-available satellite sensors limits a plot-level variety analysis and data 
acquisition in plant phenotyping (Chivasa et al. 2020). Very high spatial resolution remote 
sensing solutions and manned aerial platforms are expensive to use in smallholder croplands, 
and they are constrained by operational complexities (Chivasa et al. 2020). By detecting the 
interactions between plant components and the light spectrum, sensors can provide crucial 
information concerning plant features. Sensors and cameras can detect the physiological and 
phenotypic variations across different crop species by using certain spectral portions of the 
electromagnetic spectrum, such as the visible (400-780 nm) and near-infrared (781-1000 nm) 
sections (Homolová et al. 2013). 

Meanwhile, the advent of Unmanned Aerial Vehicle (UAV)-based phenotyping has the 
prospect of offering ultra-high spatial resolution data that are suitable for precise, consistent 
and high-throughput phenotyping in smallholder cropping plots. The resolution of UAV-based 
phenotyping is at the plot level; hence, it allows for the immediate records of single or several 
plots and makes it suitable for plant breeding in smallholder croplands. The use of Unmanned 
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Aerial Vehicles (UAVs) equipped with high-resolution sensors is an emerging, relatively cost-
effective technique for high-throughput crop phenotyping, at a farm scale. However, the 
capacity of UAV-mounted sensors to differentiate crop types, based on their spectral responses 
as a mechanism for plausible high-throughput field phenotyping, is yet to be determined 
(Maimaitijiang et al. 2020). Remote sensing and machine learning techniques have both aided 
high-throughput phenotyping technologies in the recent past. For example, (Maimaitijiang et 
al. 2020) examined the potential of combining canopy spectral and structural information for 
the crop monitoring of a heterogeneous soybean field, using satellite/UAV data fusion, in 
conjunction with machine learning, for the prediction of a crop’s AGB, LAI. 

Despite the usefulness of UAVs, their application in agriculture, rural development and, more 
importantly, crop water resources management, remains limited (Sibanda et al. 2021). 
Although some studies have attempted to assess the literature on the application of drone-
acquired data, most did not systematically and quantitatively assess the literature on mapping 
the spatial distribution and health of NUS crops, with a special interest in the Global South 
trends. Hence, the objective of this work was to evaluate and present an in-depth systematic 
evaluation of the publications on the progress, challenges, opportunities and gaps in the 
application of the UAVs' remotely-sensed data in mapping the health status of NUS on 
smallholder farms, with a special focus on the Global South.  

2.2 Methods 

2.2.1 Phase One: Literature search  

In the initial phase of the literature search, keywords, terms and phrases for searching the 
literature were generated from other literature reviews on NUS. The following keywords and 
variants were used in this study to search for the relevant: "neglected and under-utilised crop 
species," "orphan crops," "traditional crops," "unmanned aerial vehicle(s)," "drone(s)," "remote 
sensing," "GIS," "crop health," "stomatal conductance", “leaf area index” and chlorophyll”. 
Furthermore, the following keywords and variants were used to search for literature pertaining 
to taro and sweet potatoes: “Taro,” “sweet-potatoes,” "unmanned aerial vehicle(s)," "drone(s)," 
"remote sensing," "GIS," "crop health," "stomatal conductance", “leaf area index” and 
chlorophyll”. 

SCOPUS, Web of Science and Google Scholar were utilised to collect literature by using the 
established key search terms. The PRISMA statement served as the framework for the literature 
search procedure. This search was not restricted, in terms of time. Google Scholar, Scopus and 
the Web of Science literature searches yielded 109, 193 and 90 articles, respectively. In 
preparation for screening, all the obtained material was organised in EndNote. Furthermore, a 
bibliographic investigation was conducted in this phase. This consists of first filtering the 
diverse articles and eliminating duplicates (n = 77), based on comparable key search phrases. 
In this case, literature that was not written in English was excluded from the analysis in the 
second phase. The next step was to assess whether the different publications were concentrated 
on mapping the spatial distribution and assessing the health of neglected and under-utilised 
crops. Full-length articles of the selected abstracts were then sought and downloaded. After the 
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screening procedure, 134 articles were retained (Figure 2.1). Furthermore, a Microsoft Excel 
spreadsheet was constructed to record the details and topics of each research study. The 
constructed database was used to extract the quantitative data from each article, as indicated in 
the preceding phase. 

 

 

Figure 2-1 PRISMA flow diagram for selection of studies considered in the review 

2.2.2 Phase Two: Data extraction 

In the preceding phase, the Excel database was utilised to generate and extract information on 
the progress, gaps, challenges and opportunities in the use of UAV technologies in mapping 
the spatial distribution and health of NUS crops. The second stage of the research gathered data 
from the selected articles, in order to fulfil these study objectives. The main information related 
to the study region, the type of UAV or satellite sensor used to map the distribution, the type 
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of crop attribute investigated, sensor and platform type, vegetation indices, predictive or 
classification algorithms, as well as the optimum spectral variables obtained, were all retrieved 
from the literature and documented in the spreadsheet. In planning for data analysis, all the 
categorical variables were converted into numerical values. During this step, relevant 
bibliometric information was also collected. These included authors’ names, the region, year 
of publication, article title, journal name and abstract were among the bibliometric information 
gathered.  

2.2.3 Phase Three: Data analysis  

The retrieved literature and extracted data were subjected to quantitative and qualitative 
analyses during this phase. Basic statistical frequencies were calculated for the quantitative 
analysis (Sibanda et al. 2021). In addition, an exploratory trend analysis was carried out to 
assess the progress made in mapping the spatial distribution and health of NUS crops by 
utilising satellite and drone-borne sensors. A bibliometric analysis was also conducted to 
identify trends in the co-occurring key terms of literature that assessed the spatial distribution 
and health of NUS crops. The trends were identified by quantitatively examining the 
occurrence and co-occurrence of key terms used in the VOSviewer software. Furthermore, the 
titles and abstracts of publications in the final database (134 articles), including the database of 
publications that particularly utilised UAV-derived datasets (with 29 articles), were included 
in the VOSviewer software to evaluate how concepts and topics evolved. To address the 
research objectives, the review was divided into two main sections. The first section 
investigated recent advances in mapping the spatial distribution and health of NUS crops by 
using remotely-sensed data. This section presents and discusses quantitative literature trends 
in analysing the spatial distribution and health of NUS. Throughout this phase, the crop health 
attributes, earth observation sensors (cameras), sensor platforms, algorithms, and optimum 
spectral variables that had been deployed and are used by the community, in practice, to date, 
were highlighted. The last phase uncovered and discussed the challenges, gaps and 
opportunities for knowledge generation in mapping the spatial distribution and health of NUS, 
by using drone-derived, remotely-sensed data. 

2.3 Results  

2.3.1 Searched literature characteristics  

Figure 2.2 illustrates the shifts of the topical concepts in remote sensing, the spatial distribution 
and the health attributes of NUS crops based on information derived from the titles only. These 
specific terms included “drought stress”, “climate change”, “estimation”, “photosynthesis”, 
“stomatal conductance”, “productivity” “unmanned aerial vehicle” “vegetation index”, “sweet 
potatoes” and “Bambara” (Figure 2.2). This implies the utility of unmanned aerial vehicles in 
estimating the productivity elements of NUS, such as sweet potatoes and bambara groundnuts. 
Based on the titles of the retrieved literature published until 2014, the most co-occurring 
concepts were "assessment of “drought stress” and “water stress”, “stomatal conductance”, of 
“sweet potatoes” in the context of “precision farming”. From 2014 to 2019, there was a shift 
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in the co-occurring terms towards crop “productivity”, “estimation”, “detection” and 
“response” of NUS such as “Bambara groundnuts”. 

  

Figure 2-2 Changes in topical concepts associated with the remote sensing productivity of 
NUS crops based on titles 

Meanwhile, Figure 2.3 shows the co-occurrence of topical concepts derived from titles and 
abstracts. Figure 2.3a illustrates seven topical clusters, dark blue, light blue, red, green, purple, 
yellow and orange, in mapping the crop spatial extent and health. The key terms from the “red” 
cluster were “agriculture”, “spad value”, “low cost”, “remote sensing data”, “hyperspectral 
data”, “multispectral data”, “VIS”, “processing”, “size”, “crop field”, which directly imply the 
utility of “low-cost remote sensing” systems for mapping and monitoring NUS crop 
productivity (Spad-value) remotely-sensed data in smallholder crop fields (Figure 2.3a). The 
second-largest cluster linked to UAVs was in yellow and had “growth”, “variety”, “trait”, 
“detection”, “plant-height”, “UAVs”, “drone”, “dsm”, “rgb” and “msi”. This cluster articulates 
the use of drone remotely-sensed (“UAVs”) data in detecting and mapping the relevant NUS 
phenotypical attributes (“growth”, “variety”, “trait”, “detection” and “plant-height”,). The third 
cluster in dark blue had ‘growth stage’, “lai”, “crop height”, “agdw”, “canopy nitrogen”, 
“weight”, “fusion”, “plsr” and “rmse” as the key terms, in order of importance (Figure 2.4). 
This cluster relates to the estimation of NUS crop productivity attributes (“lai”, “crop height”, 
“agdw”, “canopy nitrogen”, “weight”, “lai”, “crop height”, “agdw”, “canopy nitrogen” and 
“weight”) by using remotely sensed data and regression techniques. The fourth cluster in green 
had “population”, “climate change”, “water stress “food security”, “African leafy vegetable”, 
“suitable area”, “moisture”, “SSA” (sub-Saharan Africa) and “validation”, amongst others. 
This links with the issues of food and nutrition security issues in SSA, which are highly 
impacted and driven by climate variability, such that NUS crops (“African leafy vegetable”), 
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and only crops that are suitable because of their drought tolerance capabilities. The fifth cluster 
which is light blue, features co-occurring terms such as “species”, “reflectance”, “density”, 
“waveband”, “nir” “classification”, “soybean” and “palmer amaranth”. This cluster relates to 
the impact of species variability and plant, or foliage, density, which makes the spectral 
signatures of NUS crops different at different wavebands of the electromagnetic spectrum, and 
which facilitates optimal classification accuracies. The sixth cluster is characterised by the co-
occurrence of terms such as “plant”, “amaranth”, “phenological” and “growth stage”, which 
relate to the assessment of the phenological characteristics of NUS crops.  

Meanwhile, Figure 2.3b illustrates seven topical clusters, namely, dark blue, light blue, red, 
green, purple, yellow and orange, that are rederived by using abstracts and titles by using drone 
remotely-sensed data in mapping the spatial extent and health of NUS crops. The key terms 
from red clusters were “mapping”, “crop height”, “growth stage”, “yield” and “crop yield”, 
“reflectance index”, “hyperspectral imagery”, “Random Forest” and “svm”. This cluster relates 
to the use of high-resolution, remotely-sensed data in the mapping and monitoring of NUS crop 
productivity elements, such as the growth stage, using the application of machine learning 
techniques. The key terms in the green cluster are “phenotyping”, “LAI”, “canopy coverage”, 
“trait”, “agdw”, “prediction”, “uavs”, “dsm”, “fusion”, “VIS” and “environment”. The cluster 
relates to the use of UAV remotely-sensed data that could be fused with other data to assess 
the structural attributes of NUS crops (phenotyping). The third cluster in dark blue has key 
terms, such as “remotely-sensed data”, “gndvi”, “normalised difference vegetation”, “red-
edge”, “spad value” and “climate change”. The clusters relate to the utility of the widely-used 
spectral variables (“gndvi”, “normalised difference vegetation”, “red-edge”) in monitoring the 
health of NUS crops. The fourth cluster is orange and has co-occurrence terms, such as the 
“high throughput phenotyping”, “rgb”, “msi”, “yield” and “correlation”. This cluster can be 
attributed to the application of high-throughput phenotyping of NUS through RGB and 
multispectral spectrums in estimating crop yield. The fifth cluster in light blue had “genotype”, 
“parameter” and “genomic parameters”. This cluster suggests the examination of the genetic 
composition of NUS crops through the assessment of optimal parameters to assess and infer 
their crop health. The sixth cluster has “multispectral camera”, “rgb camera” and “rgb image”. 
This cluster relates to the use of general colour imagery (in red, green and blue spectrums) that 
are acquired by using drones for the mapping and monitoring of NUS. The last cluster has 
“hyperspectral data” and “multispectral data”. This cluster relates to the use of multispectral 
and hyperspectral data in the mapping and monitoring of the spatial distribution and health of 
NUS crops.   
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Figure 2-3 Topical concepts identified by using a bibliometric analysis of titles and 
abstracts of articles that utilised (a) all remote sensing sensors, and (b) only 
drone-acquired data in mapping the NUS 

 

(a) 

(b) 
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2.3.2 Progress in mapping the spatial distribution and health status of neglected and 
under-utilised crop species 

Significant progress has been attained in detecting, mapping and monitoring the spatial 
distribution and health status of NUS crops (Figure 2.4). The period between 2003 and 2013 is 
marked by a low frequency of published literature, based on all sources of earth observation 
sensors (Figure 2.4(a)). Similarly, there was a low frequency of published studies that were 
conducted by using UAVs that acquired remotely-sensed data to characterise the health and 
spatial distribution of NUS (Figure 2.4(b)). Between 2014 and 2022, there was a rapid increase 
in the number of articles that mapped the health and spatial distribution of NUS by using all 
earth observation sensors. Again, from 2014 to 2022, there was a rapid growth in the body of 
literature that utilised UAV remote-sensed data to characterise the NUS attributes. Moreover, 
20 studies utilised satellite-borne, remotely-sensed data, while 29 studies used drones to 
acquire remotely-sensed data in mapping the attributes of NUS crops and their spatial 
distribution. From the retrieved literature, very few studies assessed any remotely-sensed data 
for characterising the spatial distribution of NUS crops or discriminating the varieties. 

   

Figure 2-4 Frequency of published articles on remote sensing applications of NUS, based 
on (a) all sensors, and (b) UAVs 

Most studies were conducted in Asia, America and the African continent. Most of the studies 
were conducted in America (n = 21), followed by China and Africa (Figure 2.5). Interestingly, 
most of the studies that were conducted in Africa were conducted in southern Africa, where 
South Africa had the highest number of studies where earth observation data were utilised to 
map the health attributes and spatial distribution of NUS. 
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Figure 2-5 Spatial distribution of studies on remote sensing, the attributes and spatial 
distribution of NUS 

 

Most of the retrieved literature mapped the productivity and water stress-related elements. 
Specifically, the most widely-researched NUS health attributes, based on all sensors, included 
the crop yield, leaf water relational status, LAI, canopy height, biomass, chlorophyll content, 
photosynthesis, canopy cover, leaf water attributes, canopy temperature, root growth attributes, 
stomatal conductance and leaf nitrogen (Figure 2.6(a)). The most researched NUS attributes in 
the context of UAV-based remote sensing are the crop yield (n = 18), chlorophyll content (n = 
12), biomass (n = 12), crop health (n=9), LAI (n = 8), cover (n = 8), canopy height (n = 7), leaf 
nitrogen (n =7), leaf water content elements (n =7) and leaf temperature (n = 7). As mentioned 
above, very few studies classified and characterised the spatial distribution of NUS (Figure 
2.6(b)).  
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Figure 2-6 Frequency of studies that remotely sensed a specific crop attribute based on (a) 
all satellite and drone-borne sensors, and drone-borne sensors only 
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2.3.2.1 Types of sensors and their spectral resolutions  

The findings of this review show that UAVs emerged as the most widely-used sensor for 
characterising the health status of NUS crops, as they have been utilised in 29 studies. Based 
on the retrieved literature in this study, the most widely-used satellite-borne sensors are 
Landsat, Sentinel- 2 MSI and MODIS (Figure 2.7(a)). The Landsat fleet and Sentinel 2 MSI 
were utilised in 11 studies. In terms of the drone-borne sensors, Thermal cameras (in seven 
studies) and Parrot Sequoia (in five studies) were the most widely used in the retrieved 
literature. These were followed by the Canon, RedEdge-MX, Micasense Altum, MCA6 and 
Sentera cameras, in order of frequency in the retrieved literature (Figure 2.7(b)).  

 

 

Figure 2-7. Frequency of (a) satellite, and (b) drone-borne sensors that have been used to 
map the spatial distribution of NUS and their attributes 
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The visible section of the electromagnetic spectrum, specifically the red, green and blue (RGB) 
sections, is primarily the most utilised wavelengths in mapping the spatial distribution of NUS 
crops and their health attributes (Figure 2.8). Specifically, the RGB section of the 
electromagnetic spectrum (EM) was utilised in 26 and 20 studies, based on drone and satellite-
borne sensors, respectively (Figure 2.8). The second most widely-used section of the 
electromagnetic spectrum in the literature was the NIR section, which were utilised in 24 
studies, based on drones, and 20 studies, based on satellite-borne sensors. When considering 
only the drone-borne sensors, the 12 studies utilised the Red Edge (RE) section of the 
electromagnetic spectrum, while only nine studies utilised the satellite remotely-sensed RE 
section of the EM to map the spatial distribution of NUS and their health attributes. Relatively 
few studies engaged the thermal bands in characterising the spatial distribution of NUS and 
their health attributes. In this regard, 10 studies used the drone-acquired thermal remotely 
sensed data and only eight studies utilised the satellite-acquired thermal bands (Figure 2.8). 
Across all platforms, the multispectral (broadbands) were highly utilised in literature, when 
compared to the hyperspectral (narrow) bands. 

 

Figure 2-8 Frequency of the utilisation of a specific section of the electromagnetic 
spectrum covered by (a) drone and (b) satellite-borne sensors 

2.3.2.2 UAV platforms utilised in literature 

The DJI fleet had a marginally higher number of studies in relation to all the other platforms 
(n = 19). The other dominant drone platforms that were utilised in the literature to map the 
spatial distribution of NUS and their productivity and health attributes were the Octocopter in 
three studies, G-Q45 Quadcopter in two studies, Benzin Acrobatic in two studies, as well as 
Sensfly eBee in one study (Figure 2.9(a)). When assessing the frequency of the use of each 
specific sensor in the retrieved literature, it was observed that the DJI Phantom four Pro was 
the most widely-used platform across the board (appearing in eight studies), followed by the 
DJI Matrice, which was utilised in four studies (Figure 2.9(a)). Furthermore, the most widely-
used drone platform was the quadcopter, followed by fixed-wing drones (Figure 2.9(b)). 
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Quadcopter drones were utilised in 21 studies, while fixed-wing drones were used in only two 
studies. 

  

Figure 2-9 Frequency of (a) summarised drone platforms, (b) and specific drone types that 
were utilised in the literature to map the spatial distribution of NUS and their 
health attributes 

2.3.2.3 Derived vegetation indices in remote the spatial distribution and health of NUS 
crops  

Vegetation Indices (VI's) are algebraic combinations that are derived from multiple spectral 
bands, which are designed to estimate the vegetation vigour and vegetative characteristics 
(canopy biomass, absorbed radiation and chlorophyll content, among others) (Candiago et al. 
2015). Due to the increasing prevalence and advancement of remote sensing technologies in 
agriculture, vegetation indices are more frequently being used to estimate various crop 
parameters/variables. The retrieved literature showed that the visible, near-infrared and red-
edge sections of the electromagnetic spectrum are most commonly used in assessing crop 
health, e.g. Green (530 – 570 nm), Red (640 – 680 nm), Red-edge (730 – 740 nm), and NIR 
(770 – 810 nm) (Adam et al. 2014). The reflectance values of these prominent wavelengths are 
used to calculate the vegetation indices, such as the Normalised Difference Vegetation Index 
(NDVI), NDVI-red Edge (NDRE), Simple Ratio (SR), green normalised difference vegetation 
index (GNDVI), green chlorophyll index (CIgreen) and Red-edge Chlorophyll Index (CIred-
edge), which were noted to be highly sensitive in predicting crop health and productivity 
parameters of NUS and they were frequently used in the retrieved literature, as illustrated in 
Figure 2.6.  
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2.3.2.4 Statistical and machine algorithms utilised in mapping the spatial distribution and 
health of NUS crops  

The findings of this study show that a number of algorithms have been used in mapping NUS 
crops, ranging from basic statistical procedures, such as the simple regression techniques, to 
machine learning procedures (Figure 2.10). Machine learning procedures were the most 
widely-utilised algorithms in mapping the spatial distribution and health of NUS, as well as 
crop/plant productivity attributes, based on satellite and drone remotely-sensed data (Figure 
2.10). Specifically, 71 and 33 articles utilised machine learning and regression algorithms that 
were based on satellite and drone-acquired data, respectively. Other than machine learning 
procedures, generic classification procedures (i.e. multicriteria decision-based mapping, fuzzy 
logic, maximum likelihood and minimum to mean distance classification) were widely used in 
mapping the spatial distribution of NUS and their health, as well as productivity elements based 
on both satellite and drone-borne datasets (Figure 2.10). The Principal Component Analysis 
(PCA), OBIA, BPNN and Houghton Line transformations were relatively moderate to less 
frequently utilised in the retrieved literature, in order of frequency. 

 

Figure 2-10 Frequency of statistical methods used in remote sensing NUS attributes, based 
on (a) all sensors and (b) drone-borne sensors only 

The main machine learning algorithms utilised in the literature by drone-based systems were 
Linear Regression (35%), Support Vector Machine (SVM) (21%), Random Forest (17 %), and 
Partial Least Squares regression (PLS) (14%), in order of frequency (Figure 2.11). Linear 
regression techniques were the most frequent regression algorithms in the assessment of NUS 
crop health (Figure 2.11). The frequency of linear regression and machine learning-based 
algorithms was also detected during the bibliometric analysis, as illustrated in Figure 2.3 (b) 
(red cluster). The SVM was the second most widely-used machine learning ensemble in the 
retrieved literature, followed by RF, PLS, GLM and Artificial Neural Network (ANN), in order 
of frequency. 
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Figure 2-11 Frequency of machine learning and general regression techniques used in 
remote sensing NUS attributes, based on (a) all sensors and (b) drone-borne 
sensors only 

In terms of the generic classification techniques, Pearson correlation, ANOVA, Maximum 
Likelihood (ML) and Empirical Line Method (ELM) were the most widely-used algorithms, 
based on the satellite and drone-borne remotely-sensed data (Figure 2.12). The Mahalanobis 
distance, parallel-piped, k-means and Canny Edge Filtering were among the popular generic 
classification algorithms used to map NUS, using both satellite- and drone-acquired remotely-
sensed data. Studies based on the generic classification were relatively few for each algorithm 
(<5), compared to all other algorithms that were utilised in the retrieved literature. Generic 
classification algorithms, such as the Analytical Hierarchical Process (AHP), cluster analysis, 
fuzzy logic and multilayer perceptron, have not yet been utilised in the context of drone-based 
remote-sensing applications in crop mapping. 
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Figure 2-12 Frequency of generic GIS classification techniques used in remote sensing NUS 
attributes, based on (a) all sensors and (b) drone-borne sensors only 

 

In terms of multivariate techniques, PCA, followed by cluster analysis and multiple regression, 
were the most widely-used, based on the satellite and drone-based studies (Figure 13.1). 
Studies based on multivariate classifications were relatively few for each algorithm (<5), 
compared to all the other algorithms utilised in the retrieved literature. 

 

Figure 2-13 Frequency of multivariate techniques used in remote sensing NUS attributes, 
based on (a) all sensors and (b) drone-borne sensors only 

 

0

5

10

15

20

25

30

Ca
nn

y 
Ed

ge
 F

ilt
er

in
g

En
se

m
bl

e 
le

ar
ni

ng
Fr

au
nh

of
er

 L
in

e 
Di

sc
rim

in
at

io
n

Ho
ug

h 
Li

ne
 T

ra
ns

fo
rm

at
io

n
M

an
n-

W
hi

tn
ey

 U
 te

st
M

LP
Pa

ra
lle

le
pi

pe
d

 S
N

K
Tr

en
d 

an
al

ys
is

Eu
cl

id
ea

n 
di

st
an

ce
Fu

zz
y 

Lo
gi

c
K-

m
ea

ns
Sp

ec
tr

al
 A

ng
le

 M
ap

pe
r

M
ah

al
an

ob
is 

di
st

an
ce

M
ax

en
t

AH
P

Du
nn

et
t’s

 T
3 

te
st

M
CD

A
O

BI
A

Sp
ea

rm
an

 c
or

re
la

tio
n 

an
al

ys
is.

k-
N

N
Em

pi
ric

al
 li

ne
 m

et
ho

d
M

ax
im

um
 li

k
Pe

ar
so

n 
co

rr
el

at
io

n
AN

O
VA

Fr
eq

ue
nc

y 
of

 S
tu

di
es

Generic GIS classification techniques (GGC)

0

1

2

3

4

Ca
nn

y 
Ed

ge
 F

ilt
er

in
g

Du
nn

et
t’s

 T
3 

te
st

Ho
ug

h 
Li

ne
 T

ra
ns

fo
rm

at
io

n
k-

N
N

Pa
ra

lle
le

pi
pe

d
Du

nn
et

's 
te

st
Sp

ec
tr

al
 A

ng
le

 M
ap

pe
r

M
ah

al
an

ob
is 

di
st

an
ce

AN
O

VA
O

BI
A

M
ax

im
um

 li
k

EL
M

Pe
ar

so
n 

co
rr

el
at

io
n

Fr
eq

ue
nc

y 
in

 li
te

ra
tu

re
Generic classifications

(b)

0

5

10

15

20

M
ul

tip
le

 li
ne

ar
re

gr
es

sio
n

Cl
us

te
r a

na
ly

sis PC
AFr

eq
ue

nc
y 

of
 S

tu
di

es
 

Multivariate techniques 

(a)

0

2

4

 m
ul

tip
le

 li
ne

ar
re

gr
es

sio
n PC

A

Fr
eq

ue
nc

y 
of

 S
tu

di
es

Drone Multivariate techniques

(b)

(a
 



23 
 

2.4 Discussion 

2.4.1 Evolution of drone technology applications in remote sensing  

There have been numerous shifts in the utilisation of remotely-sensed data in mapping the 
spatial distribution of NUS and their health and productivity elements. These transitions can 
be clearly depicted and summarised by the bibliometric analysis of the co-occurrence of topical 
concepts derived from the titles and abstracts of studies that utilised drone remotely-sensed 
data in mapping the spatial distribution of NUS and their health attributes (Figure 2.14). Figure 
2.14 shows a shift in the topical terms, from mere correlations based on RGB remotely-sensed 
data in mapping the NUS attributes from 2018 to 2019, to the utilisation of hyperspectral data 
to predict and map NUS attributes, such as yield and AGB, in 2020. Currently, the research 
efforts are focused on the fusion of drone remotely-sensed datasets, in conjunction with robust 
machine learning algorithms such as PLSR and SVM, for the characterising yield genotypes 
and canopy coverages, amongst others. The progress is discussed, in detail, in the following 
sub-sections. 

 

 

Figure 2-14 Evolution of concepts in drone-based remote sensing of NUS attributes 
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2.4.2 Frequency of publication and its geographic distribution  

The results of this study showed that the studies that utilised drone-based remotely-sensed data 
to map and model the spatial distribution and health of NUS, as well as their productivity 
elements, gently increased from 2009 to 2014 (Figure 2.4). This trend was similar to those 
exhibited by published studies that utilised satellite remotely-sensed data (Figure 2.4 (b)). This 
could be explained by the rapid changes and improvements in all earth observation sensors and 
platforms. During that period, there was limited access to high spatial resolution remotely-
sensed data, and fewer research activities were noticed in the context of NUS crops. In the 
context of satellite-borne sensors, this research period was mainly dominated by the use of 
Landsat and MODIS, which could not capture the fragmentation and heterogeneity associated 
with NUS. Furthermore, the only available fine spatial resolution images were dominantly 
commercial sensors, such as the WorldView and QuickBird sensors, which are associated with 
exorbitant costs that restrict the research activities. Above all, the role of NUS during that 
period was not recognised well, in relation to mainstream crops. Subsequently, the period 
between 2015 and 2022 is marked by a rapid increase in the number of drone platforms and 
the associated sensors, hence the rapid increase in the number of studies that utilised them in 
mapping the spatial distribution of the health and productivity elements of NUS. It is interesting 
to note that most of the studies were conducted in China, America, South America, Europe and 
Australia. This could be attributed to the fact that the earliest drone technologies began in 
Europe, the USA and China between 1849 and 1916 (Sibanda et al. 2021). Since then, the 
technology has been spreading. However, very few studies have been conducted in South 
Africa. Hence, there is an increasing requirement to improve the application of UAV 
technologies for precision agriculture, that area in line with the spatial extent and health 
assessments of the NUS crops,. Furthermore, it was noted that most of the studies were 
conducted on experimental plots, and in some instances, with irrigation facilities. No studies 
were conducted in the retrieved literature on remote sensing NUS in rainfed smallholder 
croplands. 

2.4.3 NUS crop attributes that have been remotely sensed using drone-acquired data 

The findings of this study showed that 11 NUS crop productivity elements were the most 
widely researched. More specifically, the crop yield, chlorophyll content, biomass, LAI, crop 
health, canopy height, cover, leaf nitrogen, leaf water content elements and stomatal 
conductance were the highly-researched productivity and health elements of NUS. These are 
the typical crop productivity and health elements; hence, they are anticipated to be covered 
extensively in the literature. The principal role of remote sensing applications is to optimise 
the yield production to improve the secure and balanced supply of nutrient-rich food. In 
addition, all research efforts have been focused on optimising the agricultural productivity 
(increasing the yields) on existing agricultural land, primarily to circumvent the perpetual 
increase in greenhouse emissions caused by the reduced vegetation cover, in order to maintain 
the functions of the ecosystem, while addressing Sustainable Goals 1 and 2, which address 
poverty and hunger (Van Wart et al. 2013, Mutanga et al. 2017, Duku et al. 2018, Jewan et al. 
2022). Therefore, it is indeed expected that the yield will be the most widely-researched NUS 
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attribute, based on both the drone and satellite-borne remotely-sensed data (Van Wart et al. 
2013, Jewan et al. 2022). It is worth noting that the yield, in most instances, is synonymous 
with the above-ground biomass. The findings of this study showed that 41% of drone-based 
remote-sensing studies on NUS estimated the crop’s Above-Ground Biomass (AGB). AGB is 
an important parameter, which can also be utilised to predict the crop growth, yield and 
productivity. In this regard, it is also not surprising that AGB is amongst the most researched 
NUS attributes, in the context of remote sensing applications, for improving food and nutrition 
security in the light of the increasing climate variability and rapid population growth. 
Optimising the ABG and yield estimations is the principal role of remote sensing applications 
in precision agriculture, and it is anticipated that they will help to balance the increasing climate 
variability and rapid population growth with food production. 

The findings of this study showed that Leaf Area Index (LAI) is one of the most researched 
elements of NUS in the retrieved literature, as it featured in 28% of the retrieved  articles. This 
can be attributed to the fact that LAI is another accurate proxy of plant growth that has been 
widely proven to be linked to the chlorophyll content, biomass and, to an extent, the yield. 
More specifically, LAI represents the structural attributes of the leaf components estimated by 
the area of the leaf per unit of the ground surface area (Shuang Wu et al., 2022). The area 
covered by leaves per unit of the ground surface area changes with each growth stage of a plant. 
In this regard, this variable can better represent the space available for photon interception 
across the phenological stages of a crop, which can affect the yield. Subsequently, LAI is a 
plausible indicator of the canopy health and development that can be accurately remotely 
sensed, because it regulates and is linked to how light moves through the canopy. In addition, 
LAI can affect the canopy's surrounding microclimate. Radiation from the sun is intercepted 
by the leaves, which affects transpiration and, by consequence latent heat. Radiation can also 
affect leaf surface temperature and, by consequence, the surrounding air. This ultimately 
influences the photosynthetic nature of the leaf, as well as its stomatal conductance. It is in this 
regard that LAI was one of the most researched NUS attributes in the retrieved literature. 

Chlorophyll content is another predominant NUS attribute, as it constituted 41% of the 
retrieved literature in this study (Raji et al. 2017, Singhal et al. 2019). The chlorophyll content 
in leaf tissue is a good indicator of a plant’s physiological structure, nutritional composition 
and health (Tahir et al. 2018, Brewer et al. 2022). The antenna pigments in chloroplasts absorb 
incoming solar radiation during the photosynthetic activities; the resulting radiation is then 
transferred to the reaction centre pigments, which discharge electrons to activate the 
photochemical process (Monteoliva et al. 2021). More specifically, chlorophyll is a very 
relevant indicator of crop health, since it absorbs higher in the red (650-700 nm) and blue (400-
500 nm) regions of the electromagnetic spectrum, in order to increase photosynthesis. The 
chlorophyll responsible for the higher absorption within the visible spectrum is chlorophyll a 
and b (Monteoliva et al. 2021). Hence, there is a positive relationship between the leaf total-
chlorophyll content (chlorophyll a+b) and the solar radiation absorbed by the leaf tissues and 
the photosynthetic rate of the crop (Monteoliva et al. 2021). Therefore, the leaf’s biophysical 
pigment and biochemical photosynthetic processes are linked to the plant’s health and 
productivity; hence, it is regarded as a proxy for both its health and productivity (Tahir et al. 
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2018). It is in this regard that the chlorophyll content is the third highly researched NUS 
attribute, based on the remotely-sensed data. 

Meanwhile, the chlorophyll content has been widely proven to correlate positively with the 
nitrogen content, in a wide range of crop species (Bojović and Marković 2009, Musa et al. 
2016, Liu et al. 2019, Blumenthal et al. 2020). Indeed, approximately 75% of the total nitrogen 
is stored within the leaf chloroplasts (Li et al. 2013). In this regard, the results of this study 
showed that 24% of the retrieved studies estimated the nitrogen concentration by using drone 
remotely-sensed data, which it another sought-after attribute of NUS. The high nitrogen 
concentration is associated with an increase in chlorophyll concentrations and green pigments, 
which are all proxies of health and productivity that can be optimally characterised by using 
remotely sensed data. Furthermore, the literature shows that the application of nitrogen 
increases the CO2 assimilation rate, which produces chlorophyll and the green pigment and are 
accurate proxy of the crop yield (Anas et al. 2020). For example, Muhammad et al. (2021) 
conducted a related study to evaluate the impact of various nitrogen and phosphorus levels, 
along with beneficial microbes, to enhance canola productivity. The results revealed that the 
nitrogen applied at a rate of 180 kg ha-1 increased the seed pod, the seed filling duration, the 
seed weight, the biological yield and the seed yield.  

Findings of this review also showed that the structural parameters of a crop, such as the crop 
height, crop growth and canopy cover, were measured in 24%, 24% and 28% of drone-based 
studies, respectively. These crop structural parameters are related to AGB, LAI and chlorophyll 
content, which are all measured and used to predict the yield, and which, in turn, is directly 
linked to food security. The crop height and growth attributes directly interact with the incident 
electromagnetic energy that is typically measured and used to model productivity. Furthermore, 
these physiological crop variables are sensitive to variations in the environmental conditions 
(precipitation, temperature, soil type, etc.) and biochemical conditions (fertility, weeds, pests 
and diseases). In this regard, these structural attributes are instrumental in monitoring the health 
of crops in order to optimise their production. 

The findings of this study showed that stomatal conductance is another optimal health 
parameter of NUS, as assessed by 11% of the retrieved studies that utilised drone data. The 
stomatal conductance is a measure of the degree of stomatal opening and can be used as an 
indicator of the leaf gas exchange (Iseki and Olaleye 2020). Stomatal conductance is strongly 
associated with the leaf transpiration rate, photosynthetic efficiency, chlorophyll concentration 
and nitrogen concentration (Wijewardana et al. 2019). More specifically, periods of crop water 
stress or drought stress will be limited by the CO2 concentration at carboxylation sites (Cc) 
inside the chloroplast, which is determined by the CO2 diffusion components, i.e. stomatal 
conductance (gs) and mesophyll conductance (gm) (Ouyang et al. 2017). Since the stomata 
control the CO2 diffusion into the leaf tissue and water diffusion/transpiration out of the plant, 
it has been therefore proven that under water-deficit conditions, the plant stomata will close to 
prevent a major water loss, which consequently reduces photosynthesis via the decreased influx 
of CO2 (Ouyang et al. 2017). In this regard, higher stomatal conductance and high 
photosynthetic efficiency are associated with limited moisture stress; hence, plants with a high 
chlorophyll content and green pigment are healthier. Therefore, stomatal conductance was also 
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researched in the retrieved literature, because it is an accurate proxy of the moisture stress and 
health status of NUS, and it could help to regulate irrigation schedules and to optimise food 
production. A study by Chai et al. (2016) measured the morpho-physiological traits of Bambara 
groundnuts exposed to a progressive mild drought in a controlled environment. Drought stress 
reduced their stomatal conductance significantly (p\0.01). Furthermore, a higher stomatal 
density and reduced leaf area were observed in drought treatment plants (p\0.01), which 
suggests that NUS crops are more resistant to biotic and abiotic stresses, such as drought and 
water stress. 

In most studies, there was a strong correlation between stomatal conductance and the water 
relation status, or leaf water content. Specifically, 24% of studies based on drone-remote 
sensing researched the NUS leaf water content. The water content is an important indicator of 
a crop’s health; a plant with a higher water potential will produce a greener pigmentation and 
increase crop productivity. According to (Ouyang et al. 2017), under water deficit or conditions 
of mild water stress, the stomatal conductance, internal CO2 concentration and/or net 
assimilation rate within a plant will decline, and the An/gs ratio increases. Various studies have 
noted that crop water stress allows for a decline in chlorophyll a, chlorophyll b and the total 
chlorophyll of various crops (Maes and Steppe 2012, Majid and Roza 2012, Pineda et al. 2021). 
However, when the severity and advancement of water stress is associated with the non-
stomatal regulation of photosynthesis, a decreased light and CO2 concentration, a reduction in 
photochemistry, a decline in the activity of photosynthetic enzymes, as well as a lower 
mesophyll conductance will occur. According to a study by Chibarabada (2018), the stomatal 
conductance of three grain legume crops (groundnut, dry bean and Bambara groundnut) was 
measured under three water treatments. The results showed that, under varying water regimes, 
NUS crops adapted to limited soil water through stomatal regulation and a reduction in the 
canopy size and duration. Furthermore, the Bambara groundnut showed a positive attribute for 
water-limited conditions; it had the lowest stomatal conductance of all the water regimes, 
compared to the other crops. This example illustrates why stomatal conductance and foliar 
temperature have also been considered in the context of NUS production. 

2.4.4 Sensors and platforms used in remote sensing NUS 

The results of this study showed that there were more drone-based remote sensing studies on 
NUS than those based on satellite remotely-sensed data (Figure 2.7). The dominance of drone-
based remote sensing studies on NUS could be explained by the fact that most of these crop 
species are orphaned, neglected and under-utilised. In this regard, they are generally planted 
on smaller areal extents, in relation to mainstream crops, such as maize, except sorghum. As a 
result, very few freely-accessible satellite-borne sensors have finer spatial resolutions that 
could capture the dynamics of these crops, when compared to UAVs. Our findings o supported 
this aspect by showing that Sentinel-2 MSI was the most widely-used satellite-borne sensor in 
mapping the spatial distribution, health and productivity parameters of NUS. Sentinel 2 MSI 
has a minimum spatial resolution of 10 m and a spectral resolution that covers the red edge 
section of the electromagnetic spectrum, which is sensitive to crop health. These Sentinel 
attributes make it the most suitable sensor for mapping NUS, which are often grown in small, 
fragmented fields. 
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In terms of the drone sensors, our findings showed that the RGB and multispectral cameras (>3 
bands) were the most widely used in the retrieved literature, when compared to hyperspectral 
sensors (Figure 2.8). This could be explained by the exorbitant expenses associated with the 
hyperspectral sensors, in relation to multispectral cameras. RGB and Multispectral cameras 
generally cover the visible, including the red edge,  and the NIR sections of the electromagnetic 
spectrum, usually in less than six broader spectral band resolutions (i.e. the MicaSense Altum) 
(Ndlovu et al. 2021). Meanwhile, most of the hyperspectral sensors, such as the Cubert S185 
hyperspectral sensors, cover a wavelength range between 450 nm and 950 nm that are 
composed of 125 channels at a resolution of 8 nm at 532 nm, and they range from visible to 
the near-infrared (450 nm–950 nm), with a sampling interval of 4 nm (Zheng et al. 2020). The 
RGB type of sensors are less accurate than multispectral or hyperspectral images, which cover 
a wider spectral range. Meanwhile, hyperspectral sensors have been widely proven to offer 
robust, narrow, relatively-contiguous bands that are sensitive to subtle crop variations, when 
compared to broadband sensors, despite their association with exorbitant prices (Thenkabail et 
al. 2002, Thenkabail et al. 2013, Marshall and Thenkabail 2015). With respect to sensors, the 
findings of this study also showed that very limited studies utilised a camera that captured data 
in the red edge section of the electromagnetic spectrum. Multispectral sensors that capture the 
red edge section in retrieved studies are the MicaSense series and Parrot Sequoia, which were 
utilised to map and monitor NUS health attributes in seven and five studies, respectively. The 
red edge section has been widely proven to be sensitive to minute variations in the plant 
attributes associated with health and productivity, such as the LAI, chlorophyll content, 
stomatal conductance, AGB and nitrogen content. For instance, the increased chlorophyll 
content, LAI and biomass generally result in increased absorption in the red region and push 
the red edge to longer wavelengths. Considering this phenomenon, the red edge has become 
one of the most sought-after sections of the electromagnetic spectrum in crop monitoring. 
There is a need to engage and increase the robustness of hyperspectral and red edge sensors for 
assessing and monitoring the health elements of NUS, if their productivity is to be enhanced. 

The findings of this study also showed that multi-rotor drones were the most widely used 
platforms in the retrieved literature, when compared to the fixed-wing drones (Figure 2.9). This 
could be explained by the fact that, despite the long endurance associated with fixed-wing 
drones, they often require take-off and landing space, which was not always available in the 
experimental sites where most studies were conducted (Zaludin and Harituddin 2019). 
Meanwhile, the multirotor drones are characterised by a Vertical Take-Off and Landing 
(VTOL) (Zaludin and Harituddin 2019). This makes them more suitable for utilisation in 
research areas where there is limited take-off space. Furthermore, the multi-rotor drones are 
relatively cheaper than fixed-wing drones. This could also explain the high frequency in the 
utilisation of DJI drones in the retrieved literature (Figure 2.9). Most of the DJI drones are 
quadcopter and multi-rotor platforms that are associated with VTOL. The advantage of DJI 
drones is that some of them are associated with an automated VTOL, which makes them easy 
to fly as they require less expertise in drone piloting. According to Sibanda et al. (2021), the 
DJI platforms are generally compatible with many types of sensors, in relation to other 
platforms, hence they are widely utilised. 
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2.4.5 Performance of vegetation indices, classification and estimation algorithms 

The findings of this review showed that vegetation indices, such as NDVI, NDRE, SR, GNDVI, 
CIgreen and CIred-edge, were the most frequently used in mapping the spatial distribution of 
NUS and their health parameters. The engagement of vegetation indices can be explained by 
the optimal performance that has been demonstrated by a large and growing body of literature 
(Thenkabail et al. 2002, Thenkabail et al. 2013, Marshall and Thenkabail 2015). More 
specifically, vegetation indices are robust because they can suppress the background effects, in 
comparison to the bands (Thenkabail et al. 2013). Furthermore, vegetation indices derive their 
strength from two or more sections of the electromagnetic spectrum that are sensitive to crop 
elements, such as the chlorophyll content, LAI, ABG, nitrogen concentration and stomatal 
conductance (Brewer et al. 2022). Furthermore, a large body of literature illustrates that red-
edge-based vegetation indices are more robust than conventional vegetation indices, such as 
NDVI and SR. NDVI tends to be insensitive to increases in the chlorophyll, LAI and biomass. 
As previously mentioned, the red edge has a high association with plant physiological traits, 
such as the leaf angle distribution, chlorophyll concentration and leaf area index, which directly 
influence the vegetation spectral reflectance. Subsequently, red-edge derived vegetation 
harnesses this robust sensitivity to variations in the LAI biomass and chlorophyll content, 
among others (Guyot et al. 1992, Filella and Penuelas 1994, Mutanga and Skidmore 2004, 
Mutanga et al. 2012). Their optimal performance could explain the frequency of their 
utilisation in the retrieved literature. 

As was suggested in many studies, the combination of sensitive spectral variables with robust 
and efficient algorithms produces accurate models (Brewer et al. 2022). The findings of this 
study showed that the machine learning algorithms that were utilised in conjunction with drone-
acquired remotely-sensed data were primarily linear regressions (35%), followed by SVM 
(21%), RF (17%) and PLS (14 %). Machine learning regression algorithms present a potential 
approach for generating adaptive, robust and fast estimates. A growing body of recent studies 
has demonstrated the efficiency and optimal performance of the machine learning algorithms 
for estimating crop biophysical parameters (Sapkota et al. 2020, Brewer 2021, Wu et al. 2022). 
The high frequency in the use of linear regression models could be attributed to the fact that 
they are simple to implement, based on various platforms ranging from Microsoft Excel to 
complex programming programmes, such as R- Statistical software and the Google Earth 
Engine. Despite their high frequency in the retrieved literature of this current study, LR models 
are parametric algorithms that are associated with data normality assumptions, which are often 
challenging to attain. Furthermore, these models tend to be susceptible to overfitting and 
outliers. Therefore, more efforts have been channelled towards machine learning algorithms, 
such as SVM and RF, which are non-parametric, robust and less prone to outliers. Specifically, 
Random Forest has (i) hyper parameters that are easy to adjust, (ii) it is robust to outliers, 
overfitting and data dimensionality, (iii) it has low bias and moderate-to-minimal variance, due 
to the averaged trees, (vi) it works well with both continuous and categorical variables, (v) it 
has a capability of discerning the importance of predictor variables, and (iv) it is relatively 
resistant to multicollinearity and its tree depths are greater (Mutanga et al. 2012, Ehlers et al. 
2022, Singh et al. 2022). However, numerous generic classification algorithms were utilised in 
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the retrieved literature, such as the maximum likelihood, and minimum distance to mean 
classification algorithms. Despite the optimal performance in the literature, these algorithms 
are less robust, when compared to machine learning algorithms. 

2.4.6 The challenges and opportunities of mapping the spatial distribution and health 
of NUS crops  

Even though much progress has been made regarding the utility of drones in crop mapping and 
health quantification, several challenges are impeding the propagation of drones, especially in 
Africa. Many African countries are battling to address a variety of drone-related issues, such 
as privacy, public safety and the possession of malicious drones (Nguyen and Nguyen 2021). 
Moreover, restrictive UAV or drone regulations across many developing regions, including 
Africa, are holding the industry back. Among several other issues, in order to utilise UAVs, 
users are required to seek permission from landowners and municipalities, and they can only 
operate in certain areas (Kemp et al. 2021). 

For example, the civil aviation authorities in many countries aim to prevent UAVs from 
entering the flight paths of other aircraft and are attempting to construct an inclusive system 
that accommodates them into their respective air navigation and surveillance systems (Grote et 
al. 2022). Only a few African countries, including Ghana, Kenya, South Africa, Rwanda and 
Tanzania, have established complex legal requirements that govern the use of Unmanned 
Aerial Vehicles (UAVs) in varied airspace practices. For example, some drone restrictions in 
South Africa include that UAVs weighing no more than 7 kilograms (15.4 pounds) are 
permitted to operate (Kemp et al. 2021). In this regard, the regulation on the mass of a UAV at 
take-off tends to indirectly restrict the areal extent that can be covered, as well as the size of 
the camera to be mounted for research purposes, amongst other uses (Sibanda et al. 2021). 
Specifically, due to the weight restrictions, many of the sensor types that are frequently used 
tend to be lightweight, small-sized and general consumer grades, with limited spectral 
resolutions (Sibanda et al. 2021).  

Furthermore, SACAA asserts that drone operators should maintain a continuous Visual Line 
of Sight (VLOS) with their drone during flight and that RPAs are not permitted to travel 
Beyond Visual-Line-of-Sight (BVLOS) (Kemp et al. 2021). Sibanda et al. (2021) stated that 
supporting the regulation and operationalisation of BVLOS drone technology applications will 
facilitate the coverage of greater areas on a single mission, which will improve the cost-
effectiveness in the acquisition of VHR imagery.  

Other restrictions include a requirement for drone operators to obtain an RPAS Operator 
Certificate (ROC) from the civilian aviation authority before flying in overcrowded regions. 
UAV operators should also obtain insurance to cover their liability in the case of committing 
physical or bodily harm to another individual while operating their drone. Aside from these 
regions, numerous African countries are still attempting to establish the necessary regulations 
that endorse UAV operations. As a result, these regulations are increasingly complicated and 
expensive. More notably, the cost of obtaining a drone pilot’s license is high, with estimates 
ranging from USD 1 500 to USD 2 000 (Sibanda et al. 2021). Furthermore, the value of drone 
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platforms, including sensors, is prohibitively expensive for several minority groups or scholars, 
which makes these technologies unattainable for research purposes in the vast bulk of sub-
Saharan African countries (Sibanda et al. 2021).  

2.4.7 Research gaps and opportunities 

The following gaps were noted in assessing the use of drone-based remotely-sensed data in 
mapping the spatial distribution and health of NUS: 

• Few studies have sought to evaluate the utility of drone technology for characterising 
crop phenomena in the Global South.  

• The observation of NUS crop health has garnered minimal attention and interest from 
the scientific community. 

• Although NUS crops are reported to be resistant to abiotic stresses, such as droughts 
and heat stress, most of this information is anecdotal and inconsistent. Hence, there is 
a requirement to generate more empirical information on the ecophysiology and 
morphology of NUS. This should be associated with agro-ecologies, in order to 
enhance the crop spatial distribution that is used for classification.  

• Similarly, with regard to the agronomic characteristics of NUS, comparable 
information on the nutritional value of NUS is inadequate. Addressing this information 
gap would help to emphasise the nutritional benefits of NUS crops and to market them 
as healthy alternatives. 

• Only a few research studies have sought to evaluate the effectiveness of robust machine 
learning algorithms in conjunction with vegetation indices for predicting the spatial 
distribution and health of NUS crops 

• Few studies have attempted to assess and leverage the potential synergies between 
drone and satellite-borne datasets, particularly since the release of the freely-accessible 
Sentinel 2 MSI and Landsat series. 
 

It is therefore essential to conduct market research in order to determine the prospects for 
commercialising or interfering with the existing market and to ensure inclusivity for NUS 
crops within the agriculture sector. 

2.4.8 The way forward: Closing the gaps in the utilisation of drone technology in 
mapping the spatial distribution and health status of NUS crops 

Scholarly attention needs to be bestowed on promoting the application of UAVs for the 
assessment of the spatial extent and health of NUS crops at a field scale. There is a need to 
increase and extend research efforts toward rainfed smallholder croplands in remote sensing 
NUS, in order to optimise their productivity, while strengthening the livelihood and food 
security of marginalised subsistence farmers. 

UAVs are becoming increasingly common in agricultural research as relevant sources of high 
temporal resolution data for agricultural health monitoring, which has been previously limited 
on a local scale. UAVs provide immense opportunities by incorporating climate-smart 
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agriculture and precision agriculture into smallholder farming, since they deliver high-
resolution imagery at user-defined temporal resolutions, which are beneficial for crop health 
monitoring and independent decision-making.  

For example, the integration of multi-rotor drones, such as the DJI series, in conjunction with 
multispectral sensors, such as the MicaSense RedEdgeMX and MicaSense Altum cameras, has 
been demonstrated to deliver accurate models of crop health characteristics at a field scale. 
Furthermore, the progressive adoption of advanced narrow-band hyperspectral technology 
offers the perfect opportunity to evaluate the diverse crop health attributes at a high optical 
resolution. This assessment would also allow for the creation of a wide variety of optimal VI's, 
which are directly associated with the morphological and physiological characteristics of a 
NUS crop, and which allows for the quantification of NUS crop health. Moreover, in order to 
improve the research, based on the application of UAVs to estimate NUS crop health, it is 
essential to compare, identify and implement robust and reliable non-parametric machine 
learning algorithms, such as RF, that enhance the prediction accuracy with fewer assumptions.  

The use of multi-fusion techniques, based on the combination of ideal vegetation indices and 
machine learning algorithms, will ensure the attainment of the best optimal accuracy. As a 
result, additional research is required to evaluate the use of UAVs with the distinct spectral 
characteristics of NUS. It would be valuable to research whether UAV sensors that measure 
spectral reflectance, along the SWIR and NIR sections of the electromagnetic spectrum, 
enhance the prediction of NUS water stress at a farm scale. As a result, near-real-time spatially-
explicit information on the spatial extent and health of NUS crops can certainly assist 
smallholder farmers in the field to optimise their yields, by detecting variations in their crop 
morphology. Near-real-time fine-resolution NUS information could be used to draw up early 
warning systems for smallholder farmers, in order to prevent any damage or reduction to the 
crop yields. 

2.5 Conclusion  

The objective of this study was to systematically assess the literature on the progress, 
challenges, gaps and opportunities of utilising drone-derived remotely-sensed data to map the 
spatial distribution and health of NUS crops. The review established that a limited number of 
studies have focused on mapping the spatial distribution of NUS, while most of the literature 
has focused on mapping their health and productivity elements. Overall, these studies are still 
relatively few, in relation to those on the main crops, partly due to exorbitant prices of drones, 
pilot licenses, the shortage of personnel with the necessary skills, and the stringent regulations 
for securing and operating drones, amongst others. On the other hand, UAVs are cutting-edge 
technology with a high potential for offering spatially-explicit data, as well as timely, efficient 
and reliable assessments of the NUS health attributes. Furthermore, there is an urgent need to 
enhance the application and enrolment of UAV remotely-sensed data within smallholder 
farming systems, so as to provide farmers with the opportunity to acquire expertise, based on 
the operation and application of drone platforms and sensors, to improve optimal decision-
making and to further enhance crop productivity on a farm scale. Improving the productivity 
of NUS helps to sustain and develop the indigenous local food systems and cultural identities, 
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while promoting gender equality in indigenous communities and for the women who are 
predominantly rearing these crops. Furthermore, this presents a chance to restore a local food 
culture and food systems, while empowering smallholder farmers, who are frequently the 
stewards of this agro-biodiverse resource.  
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3 MAPPING TARO AND SWEET POTATOES ON SMALLHOLDER 
FARMS USING UAV MULTISPECTRAL IMAGERY AND 

MACHINE LEARNING 

3.1 Introduction  

Food security and sustainability are major global concerns, due to population growth, climate 
change and the decreasing availability of arable land (Vågsholm et al. 2020). The global 
population is predicted to rise to nine billion by 2050, which includes 1.5 billion in SSA. In the 
year 2022, the African continent witnessed a notable surge in the number of malnourished 
individuals, which amounted to nearly 282 million and denoted a substantial escalation of 57 
million people, since the onset of the COVID-19 pandemic (FAO et al., 2023). Approximately 
868 million people experienced moderate or severe food insecurity, which highlights the 
significant scale of the issue. Moreover, 78% of the African population needed help to afford 
a nutritionally-adequate diet throughout 2021 (FAO et al., 2023). Since 2023, the progress 
toward achieving universal food and nutrition targets has been slow, which amplifies the 
pressure on agricultural lands that are already affected by climate change to meet the rising 
food demands (Kumar et al. 2022). Smallholder farmers who produce most of the local food 
are especially vulnerable, as 80% of the crops they grow are rainfed (Fan and Rue 2020). 
Therefore, to address these nutrition issues, it is crucial to identify and grow alternative 
drought-tolerant crops on smallholder farms (Mabhaudhi et al. 2017). Neglected and under-
utilised crops (NUS) like sweet potatoes and taro are stress-tolerant, nutrient-rich crops that 
can grow under adverse environmental conditions. They are renowned for having a natural 
resistance and tolerance to pests, diseases and droughts (Mabhaudhi et al. 2017). These NUS 
are also suitable for sustainable farming because of their adaptability, lower inputs and 
diversification (El Bilali et al. 2023). 

The incorporation of NUS crops into both commercial and subsistence food systems has been 
difficult, partly due to a lack of knowledge on their spatial distribution and phenotypical 
attributes (Mabhaudhi et al. 2017). Furthermore, there need to be a clear criterion or spatially-
explicit techniques for assessing their spatial distribution and health withon smallholder farms 
in developing countries. Therefore, it is imperative to develop accurate and time-effective 
quantitative spatial techniques for detecting and mapping their distribution. This information 
could support better resource management and decision-making and ultimately increase 
productivity, sustainability, as well as food and nutrition security, through optimised 
production. 

Generally, traditional field surveys have commonly been used to measure the spatial extent, 
suitability, growth and morphology of NUS crops. However, such methods are time-consuming 
and expensive, as well as impractical for continuous and effective crop monitoring (Ndlovu et 
al. 2021). Over several decades, satellite-based earth observation technologies have 
demonstrated their effectiveness in discriminating and mapping the spatial distribution of crops 
to optimise production. For example, according to Wang et al. (2022), Sentinel-2 Multispectral 
Instrument (MSI) data with machine learning can differentiate alfalfa (Medicago sativa L.) 
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from other crop types with overall accuracies of over 90%. Moreover, Sharifi (2020) effectively 
combined Sentinel-2 MSI bands and vegetation indices to achieve accurate crop nutrition 
mapping. Nevertheless, even with the advancements in satellite remote sensing applications, 
the effectiveness of satellite data for identifying and delineating the scope of NUS on a farm 
scale is constrained by the relatively coarse spatial and temporal resolution of openly accessible 
satellite remotely-sensed datasets (Ndlovu et al. 2021). Satellite-borne datasets such as 
Sentinel-2 MSI and Landsat, typically have a coarser spatial resolution, which often masks out 
the fine-scale variability within farms or individual plants. In recent years, Unmanned Aerial 
Vehicles (UAVs), also known as drones, have gained significant traction in precision 
agriculture for remotely sensing crops (Sun et al. 2021). UAVs equipped with advanced high-
resolution sensors provide precise and timely data, which are well-suited for monitoring crops 
at a plot level (Ndlovu et al. 2021). They allow flexible altitude control, which makes them 
well-suited for assessing the spatial distribution of crops at a farm scale. By flying at 
customised altitudes, UAVs can capture high-definition imagery, which enables the detailed 
analysis of minute crop formations at a farm scale. Several studies have employed UAVs for 
proximal sensing in environmental applications (Everitt et al. 2007, Yang et al. 2012, Sankaran 
et al. 2018). For instance, Everitt et al. (2007) mapped the spatial distribution of wild taro by 
using a Kodak colour-infrared camera, in combination with supervised image analysis 
techniques. This approach yielded kappa accuracies that ranged from 83.3% to 100%. Although 
significant progress has been achieved in the utility of high-throughput phenotyping 
technologies for assessing crop distribution, very few studies have attempted to assess their 
accuracies in mapping and monitoring the spatial distribution of NUS crops, especially in 
typical smallholder croplands in the Global South. It is hypothesised that high-resolution UAV 
data, in conjunction with robust classification algorithms, can accurately characterise the 
spatial distribution of NUS crops within smallholder fields. 

A variety of classification techniques have been proposed for mapping the spatial distribution 
of crops. These techniques leverage various data sources, like remote sensing imagery and 
ancillary data, to differentiate crop types at different spatial scales. Machine learning and deep 
learning algorithms, such as Support Vector Machines (SVM), Artificial Neural Networks 
(ANN), Random Forests (RF) and Naïve Bayes (NB) are widely used, due to their ability to 
accurately detect and quantify the spatial extent of crops (Sarker 2021). These algorithms can 
learn complex patterns and relationships from training data, and they can classify pixels or 
objects into crop classes. For instance, a study by Mazarire et al. (2020) explored the efficacy 
of SVM and RF in classifying crops within heterogenous landscapes in South Africa. SVM 
demonstrated the highest performance, by achieving an overall accuracy of 95% and a kappa 
accuracy of 94%. Furthermore, Ayele and Tamiru (2020) designed a chickpea-type 
classification model using ANN, SVM and Decision Tree (DT) algorithms. The experimental 
results demonstrated that the best algorithm was DT, which achieved an accuracy of 97.5%.  

A large body of research has demonstrated that Vis, like the Normalised Difference Vegetation 
Index (NDVI), the Soil Adjusted Vegetation Index (SAVI) and the Normalised Difference Red-
Edge index (NDRE) often improve the accuracy of the classifications. For instance, Asgari and 
Hasanlou (2023) created a Vis mapping approach to accurately identify specific crop types, 
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such as rapeseed, by utilising phenological and spectral metrics that were extracted from 
Sentinel-2 MSI images. Among the various Vis employed for crop mapping, the 
Atmospherically Resistant Vegetation Index (ARVI) yielded superior accuracies. The RF, 
KNN and GB models, utilising the ARVI index, achieved overall accuracies of 95%, 90% and 
88%, respectively. VIs are known to overcome the influence of shadows and other background 
noise (Mutanga et al. 2023). Although this has been demonstrated extensively, based on 
satellite-borne data, there is a need to expand these research efforts by including crops, such as 
taro and sweet potatoes, on smallholder farms.  

Therefore, this study sought to assess the potential of advanced machine learning methods and 
UAV-derived multispectral data in mapping the spatial distribution of taro and sweet potatoes, 
amongst other crops, on smallholder farms in South Africa. To address this objective, the 
performances of Gradient Tree Boosting, Random Forest and Support Vector Machine were 
compared in mapping the spatial distribution of sweet potatoes and taro in a smallholder 
cropland. Special attention was given to the classification model’s ability to capture field 
boundaries. In addition, the relative contribution of bands, vegetation indices, as well as both 
datasets combined was assessed.  

3.2 Methods and Materials 

Figure 3.1 presents a flowchart outlining the key stages of this study, including the image data 
collection, image pre-processing, the extraction of spectral traits and the subsequent statistical 
analysis. 

 
Figure 3-1 Flowchart of main processing steps in this study 
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Data collection 

Before capturing the remotely-sensed data, a field survey was conducted within the study area. 
A hand-held Trimble Garmin GPS with an accuracy of ±+-1m was utilised to measure the 
location of different land-use and land-cover classes. Specifically, eight classes were 
considered in this study. These were taro, sweet potatoes, natural vegetation, sugarcane, bare 
land, build-up, maize Growth Stage One and maize Growth Stage Two. A total of 310 points 
were collected in Google Earth Pro. The collected data were converted into a point map that 
was imported into the Google Earth Engine for model training and validation.  

This study utilised a DJI Matrice (M300) quadcopter fitted with a Micasense Altum imaging 
sensor to capture the images spanning the smallholder fields. The DJI Matrice is an advanced, 
high-precision quadcopter that is fitted with a high-accuracy Global Navigation Satellite 
System receiver (GNSS)(KEGA 2021). The DJI has a maximum flight time of 55 minutes and 
a maximum control range of up to 15 kilometres, which provides a wide operational range. The 
drone has a 1P45 rating, which protects it against solid particles, such as dust and water (KEGA 
2021). The Micasense Altum camera captures data in five spectral bands: red, green, blue, Red-
edge (RE) and near-infrared (NIR). It also includes a radiometric thermal sensor that operates 
within the 8-14 nm wavelength range. The Altum camera incorporates several features to 
enhance its functionality. Firstly, it is equipped with a solar irradiance sensor called DLS 2, 
which allows for accurate radiometric calibration by measuring the incident light conditions 
during image capture (KEGA 2021). The camera also has a built-in GPS, which enables the 
georeferencing of the captured images (KEGA 2021). The camera's Ground Sample Distance 
(GSD) is 5.2 cm per pixel, when operated at 120 meters Above Ground Level (AGL) (KEGA 
2021). The multispectral bands of the camera have a sensor resolution of 3.2 cm per pixel, 
while the thermal band has a spatial resolution of 81 cm (KEGA 2021). 

A shapefile defining the study area was created by using the Google Earth Pro application to 
formulate a UAV flight plan. This shapefile was then transferred to the DJI matrice hand-held 
console device. The formulated flight plan facilitated an autonomous drone mission, which 
allowed for the seamless aerial coverage of the study field and its surrounding regions. This 
automated flight mission was conducted at a flight height 120 meters Above Ground Level 
(AGL), with an image overlap of 80%. Images of the radiometric calibration target (CRP) and 
a white balance card were captured before and after the flights. The captured imagery was then 
pre-processed by using Pix4D Fields photogrammetry software. 

3.2.1 Data processing 

In this stage, 3 576 images were stitched together and adjusted for radiometric accuracy by 
using Pix4Dfields 1.8.0 software, San Francisco, CA, USA. The radiometric correction process 
involved utilising the CRP images captured before and after the flights to account for 
atmospheric conditions and variations in the incent light conditions during image acquisition. 
This calibration process ensured accurate reflectance values in the image. After processing, an 
orthomosaic (high-resolution aerial view) and Digital Elevation Model (DEM) GeoTIFF image 
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were produced. The georeferencing of the orthomosaic was performed in ArcGIS 10.5, by 
utilising ground reference points that were obtained from Google Earth Pro. This 
georeferencing stage yielded a Root Mean Square Error (RMSE) that was less than half the 
size of a pixel. The orthomosaic was aligned with the Universal Transverse Mercator (UTM 
zone 36S) projection. After that, the drone orthomosaic of the smallholder crop field was 
imported into the Google Earth Engine (GEE), a cloud-based platform for geospatial data 
analyses. Within the GEE, the orthomosaic underwent classification by using the Gradient Tree 
Boost (GTB), Random Forest (RF) and Support Vector Machine (SVM) classifiers. These 
classifiers employ machine learning algorithms to classify the pixels, based on their spectral 
properties, which enables the identification and mapping of crops, including sweet potatoes 
and taro. Three distinct datasets were used for this purpose within the study area. 

A total of eleven VIs, which have been previously documented in the literature, were chosen 
and evaluated to effectively differentiate the NUS species. The VIs were derived by using the 
reflectance data obtained from the Altum multispectral and thermal bands. These indices 
typically relied on the red, red-edge and near-infrared (NIR) segments of the electromagnetic 
(EM) spectrum. Table 3.1 presents a compilation of the VIs that were chosen for this study, 
considering their direct and indirect correlation with the image classification and crop health 
attributes, such as the NDVI, the NDRE, OSAVI and NDRGI.   

Table 3-1 UAV-derived vegetation indices 

Vegetation Index Abbreviation Equation Reference 
Normalized 
difference vegetation 
index 

NDVI 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅

 Xue and Su (2017) 

Green normalized 
difference vegetation 
index 

GNDVI 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

 
 

Gitelson et al. (1996) 

Excess green index  EGI   2.5 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 +𝑅𝑅𝑅𝑅𝑅𝑅+ 1

 (Camargo Neto 
2004) 

Normalized 
difference red-edge 
index 

NDRE 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

 (Fitzgerald et al. 2006) 

Excess green index EXG 2 × 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑅𝑅𝑅𝑅𝑅𝑅 − 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 Woebbecke et al. 
(1995) 

Chlorophyll 
carotenoid index  

CCI 𝑅𝑅𝑅𝑅𝑅𝑅 − 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
𝑅𝑅𝑅𝑅𝑅𝑅 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

 
 

(Jäger et al. 2022) 

Optimized soil 
adjusted vegetation 
index 

OSAVI  𝑁𝑁𝑁𝑁𝑁𝑁 −𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁 +𝑅𝑅𝑅𝑅𝑅𝑅 + 0.16

 Xue and Su (2017) 

Enhanced vegetation 
index 

EVI 2.5 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁 +6 × 𝑅𝑅𝑅𝑅𝑅𝑅− 7.5×𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 + 1

  (Xing et al. 2019) 

Normalised green, 
red difference index 

NGRDI 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 + 𝑅𝑅𝑅𝑅𝑅𝑅

 
 

Meyer and Neto 
(2008) 
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3.2.2 Image classification 

In the GEE platform, three classification methods, namely, Gradient tree boost, Support vector 
machine and Random Forest classifiers, were implemented. These algorithms are renowned 
for their accuracy as they can effectively select spectral features for discriminating different 
cover classes (Judson et al. 2008). The training dataset utilised for image classification was 
derived by using a meticulous visual examination of the orthomosaic, which had been acquired 
on February 12, 2021. Eight major land cover classes were determined, and the training data 
were acquired by identifying the pixels that corresponded to these classes, as outlined in Table 
3.2. The sampled data were randomly split into 70% training (n = 217) and 30% validation (n 
= 93) for all classifiers. The training dataset was utilised for model development, while the 
validation data were utilised to assess the classification accuracy. An area computation was 
performed in the GEE to estimate the number of pixels within each class, thereby determining 
the total areal extent for each landcover class. 

Table 3-2 Training and testing data used for pixel-based image classification 
Class name Code Training (n) Testing (n) 

Taro T 28 12 
Sweet potatoes SP 28 12 
Natural Vegetation NV 21 9 
Sugarcane SU 28 12 
Bare land BL 21 9 
Built-up BU 21 9 
Maize growth stage 1 M1 35 15 
Maize growth stage 2 M2 35 15 

Random Forest (RF): RF is an ensemble machine learning method that incorporates bootstrap 
aggregation and binary recursive partitioning to grow multiple decision trees on randomly-
selected subsets of the features and data. Groups of decision trees vote on the best class for 
each sample (Breiman 2001). The algorithm was optimised by using its hyperparameters, 
namely: the number of features randomly selected at each node (mtry) and the number of total 
trees (ntree). Specifically, the ntree was set to 300, the maximum depth of each tree (max 
Nodes), minimum samples required to split nodes (minSamples), and the randomisation seed 
was set to the default in the GEE. The bag fraction, set at 0.5, facilitates the introduction of 
randomness during the construction of the tree-building process. According to (Mutanga et al. 
2023), Random Forest (RF) has several advantageous characteristics: 

(i)  RF offers easily-adjustable hyperparameters; 

(ii) The training process for RF is efficient, resulting in quick model training; 

Simple ratio SRI 𝑁𝑁𝑁𝑁𝑁𝑁
𝑅𝑅𝑅𝑅𝑅𝑅

 Jordan (1969) 

Modified triangular 
vegetation index 1 

MTVI1 1.2 × [1.2 × (𝑁𝑁𝑁𝑁𝑁𝑁 − 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)
− (2.5 × (𝑅𝑅𝑅𝑅𝑅𝑅 − 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺))]  

(Xing et al. 2019) 
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(iii) RF exhibits robustness against outliers, overfitting and high-dimensional data, 
which makes it suitable for various datasets; 

(iv) Due to the averaging of multiple trees, RF demonstrates low bias and a moderate-
to-minimal variance; 

(v) RF is effective in handling both continuous and categorical variables; 

(vi) RF possesses the ability to assess the importance of predictor variables; and 

(vii) RF shows a relative resistance to multicollinearity between predictor variables. 

These factors make it well-suited for mapping the crop distribution in this study area. This 
study used all the spectral bands and VIs that were derived from the drone composite as 
predictor variables. 

Support Vector Machine (SVM): Support Vector Machines (SVMs) were initially developed 
for binary classification, but they have also proven their efficacy in solving regression problems  
(Zhao et al. 2020). For a multiclass classification, as in this study, SVMs use a one-vs-all or 
one-vs-one approach with voting, in order to determine the correct class. A Radial Basis 
Function (RBF) kernel was used, as it performed better than linear or polynomial kernels on 
this data. The two hyperparameters that were used to optimise SVM-RBF were cost C and 
gamma γ. A higher C increases the penalty for misclassifications, while a higher γ decreases 
the variance. SVM is relatively insensitive to noisy inputs, which reduces thee estimation errors 
and improves its robustness (Singla et al. 2020). It performs well on high-dimensional datasets 
and is robust to outliers, which makes it advantageous for many problems (Hsu et al. 2003).  
Three parameters were tuned for the SVR model, namely, the penalty parameter (C), the 
precision parameter (ε) and the kernel parameter (γ). Through this process, the SVR model 
achieved an optimal performance, with a C value of 10, a ε value of 0.5 and the default γ value 
of 1 was maintained. 

Gradient Tree Boost (GTB): Gradient Boosting Machines (GBMs) are a family of powerful 
ensemble machine learning techniques that fall under sequential models. Each model in the 
sequence learns from the mistakes of previous models, in order to incrementally improve the 
overall performance (Natekin and Knoll 2013). Unlike Random Forests, which average the 
predictions, GBMs use a gradient descent approach to minimise the error at each stage. GBMs 
are robust, due to their flexibility in customising the loss functions during model optimisation. 
This has led to their widespread success in real-world applications, compared to the single 
models. They rely on three main components - a loss function, weak learner models like 
decision trees, as well as an additive model that combines the predictions from each weak 
learner (Natekin and Knoll 2013). Importantly, tree-based GBM algorithms were designed to 
handle large datasets efficiently. They can run over ten times faster than other popular 
algorithms on large data, which makes them highly scalable for different scenarios. The GTB 
classifier has several adjustable parameters that require configuration, including the number of 
trees, the shrinkage, the sampling rate, the maximum nodes and the seed values.  The number 
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of trees (nTree) was adjusted to 300. The maximum nodes, seeds, shrinkage and sampling 
parameters were set to default in GEE.  

3.2.3  Accuracy assessment 

An accuracy assessment was conducted on the multispectral UAV image to assess the sensor's 
capability to effectively discriminate between the NUS crops at the plot level. Confusion 
matrices were generated to compute the Overall Accuracy (OA), the kappa coefficient, F1 
score, as well as the user and producer’s accuracies for RF, GTB and SVM classifiers. A 
confusion matrix is an overly-complex process that compares the classified classes with the 
reference points and provides a count of the correct and incorrect classifications for each class. 
It helps to quantify the classification accuracy and identify the patterns of misclassification. 
The Overall Accuracy (OA) metric was utilised to assess the efficiency of the algorithms 
employed in this study (Gxokwe 2022). The Producer's Accuracy (PA) was employed to 
determine the likelihood of correctly classifying the reference data on the map. The User's 
Accuracy (UA) was employed to assess the probability that a classified pixel accurately 
correlates to the corresponding category on the ground (Gxokwe 2022). The kappa statistic, 
which ranges from 0 to 1, measures the agreement between the classified map and the reference 
data. Values greater than 0.80 indicate a high level of agreement. In contrast, values below 0.40 
indicate a weak level of agreement, whereas scores between 0.40 to 0.80 indicate a moderate 
level of agreement (Dondofema et al. 2023). The F1 score harmonises the weighted averages 
of precision and recall metrics, which makes it a commonly-used score for validating the 
accuracy of the classification process (Pham et al. 2023). As the values of the metrics increase, 
the model's confidence in accurately assigning the predefined classes in the study also 
increases. Furthermore, line plots and Jeffries-Matusita (JM) distances were employed in the 
GEE to assess the spectral separability between the landcover classes. This analysis examined 
the distances between the class means and the distribution of values derived from those means 
(Gxokwe 2022). The JM criterion is a parametric measure that ranges from 0 to 2  (Gxokwe 
2022). A value approaching 2 signifies a higher degree of spectral distinctiveness between the 
two classes. 

3.3 Results 

3.3.1 Spectral reflectance curve 

The spectral reflectance curve analysis revealed a distinct separability among the classes, as 
depicted in Figure 3.2. The responses of most spectral classes exhibited notable distinctions in 
the NIR and RE regions of the electromagnetic spectrum. The Blue and Red regions of the EM 
spectrum exhibited limited discriminatory potential in distinguishing between the different 
landcover classes. Sweet potatoes and taro exhibited a pronounced spectral distinctiveness, 
compared to the other classes, particularly in the RE and NIR segments of the EM spectrum 
(717 to 842 nm). 
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Figure 3-2 Spectral reflectance curve of all classes 

 
3.3.2 Comparative cropland classification using SVM, RF and GTB, based on bands 

only 

The land cover classification results, using spectral bands as an independent dataset, are shown 
in Table 3.3. The findings revealed that the RF and GTB models exhibited superior accuracies 
when utilising the raw spectral band dataset. These models achieved exceptional results 
regarding the OA, kappa and F1 scores, surpassing 80% when using optimal bands, such as 
B1, B4 and B5. Consequently, these results demonstrate a noteworthy concurrence between 
the predicted and actual land cover categories, as visually depicted in Table 3.3. Moreover, the 
RF and GTB models also attained superior producer accuracies for most land cover classes 
(>75%) . Sweet potatoes and taro exhibited notably higher user accuracies, reaching >56% with 
the RF and GTB models. These outcomes are further supported by Figure 3.2, as the spectral 
reflectance of sweet potatoes and taro are more discernible, particularly within the Red-edge 
and NIR segments of the electromagnetic spectrum. In contrast, the SVM classifier yielded 
lower accuracies, with an OA of 0.42, a kappa statistic of 0.32 and an F1 score of 0.31. The 
SVM user and producer accuracies were comparatively lower, with values of 25-60%. 
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Table 3-3 Overall accuracies, kappa statistics and F1 scores for RF, GTB and SVM 

Analysis Stage Variables Accuracy unit  SVM RF GTB 

1 Bands only OA 0.42 0.86 0.83 

  Kappa 0.32 0.84 0.80 

  F1 0.31 0.84 0.80 

2 VI’s only OA 0.74 0.84 0.83 

  Kappa 0.70 0.81 0.80 

  F1 0.71 0.82 0.81 

3 Bands & VI’S  OA 0.71 0.86 0.88 

  Kappa 0.67 0.84 0.85 

  F1 0.66 0.80 0.84 

The separability between all classes in the single image was investigated by using the JM 
distances in Table 3.4. Most of the classes exhibited notable disparities among their respective 
outputs. The findings indicated that the observable bands, such as B1, demonstrated lower JM 
distances, which suggests a high degree of overlap between the classes. This was particularly 
evident for taro, sweet potatoes and maize Growth Stage Two, which is often confused with 
bare land and natural vegetation. In contrast, B4 and B5 exhibited a higher separability (with 
JM distances ranging from 1.7 to 1.8) for classes, such as taro, sweet potatoes, sugarcane and 
maize Growth Stage One. This suggests that classification algorithms are likely to effectively 
distinguish these pairs of classes (Appendix A Tables 5 & 6). The results also showed that 
combining all auxiliary variables slightly decreased the separability between the sweet 
potatoes, bare land and the maize growth stages by 1-8%, but they increased the separability 
between the taro and natural vegetation. 
Table 3-4 Band 1 JM distances  
B1 TA SP NV  SU BL BU M1 M2 
TA 0 0.47 0.53  0.46 0.62 1.02 0.81 0.35 
SP 0.47 0 0.51  0.44 0.54 1.05 0.8 0.34 
NV 0.53 0.51 0  0.71 0.45 0.85 0.64 0.58 
SU 0.46 0.44 0.713  0.00 0.72 1.11 0.92 0.24 
BL 0.62 0.54 0.45  0.72 0 0.95 0.58 0.61 
BU 1.02 1.05 0.85  1.11 0.95 0 0.87 1.06 
M1 0.81 0.8 0.64  0.91 0.58 0.87 0 0.84 
M2 0.35 0.34 0.58  0.24 0.61 1.06 0.84 0 
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3.3.3 Comparative cropland classification using SVM, RF and GTB-based vegetation 
indices only 

The utilisation of Vis, in combination with RF, SVM and GTB models, resulted in superior 
outcomes, as indicated in Table 3.3. This superiority is evident from the variable importance 
scores, where EGI, EXG and GNDVI were identified as the most optimal performing variables 
(Appendix A Figure 11). Notably, upon incorporating Vis, the SVM model exhibited a 
significant increase in the kappa statistic, which rose from 0.32 to 0.74, (Table 3.3). Regarding 
the performance of RF’s, the inclusion of VIs led to a slight decrease of approximately 2% in 
the kappa statistics and accuracy. The GTB classifier demonstrated a consistently high 
accuracy, which was equivalent to the dataset of the band, with an Overall Accuracy (OA) of 
0.83 and a kappa statistic of 0.80. There was a noticeable improvement in the user accuracy for 
the RF and GTB algorithms, with values ranging from 66% to 94% for most classes. Similarly, 
the SVM accuracies demonstrated an average increase of 10% to 26% across most classes. The 
combination of multiple bands, such as Blue, Red-edge and Near-Infrared, contributed to the 
improved performance of vegetation indices. However, the highest overall accuracy was 
achieved, when combining both spectral bands and VIs, which indicated that their joint 
utilisation maximised the separability for this algorithm. 

3.3.4 Comparative performance of spectral variables 

The results indicated that the raw spectral bands underperformed, compared to the vegetation 
indices and the combined dataset across all models, as demonstrated by a mean OA of 70% 
and a mean kappa statistic of 0.65 (Figure 3.3). This observation is further supported by the 
variable importance scores, whereby B2 and B4 ranked relatively lower (see Appendix Figure 
10). More specifically, VIs outperformed the bands by 10%, but yielded similar accuracies to 
the combined dataset (Table 3.3). The performance of the optimal bands, such as EGI, NDRE 
and GNDVI, contributed significantly to the improved performance of machine learning 
algorithms. Furthermore, the combined dataset exhibited the highest performance across all 
models, with a mean OA of 0.82 and a kappa statistic of 0.79. This is evident from the close 
alignment between the OA and the kappa statistic, which indicates a strong agreement between 
the two measures. 
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Figure 3-3: Comparative classification performance of bands, vegetation indices and 
combined data 

3.3.5 Comparative classification performance of SVM, RF and GTB 

The RF and GTB models achieved the highest overall performance, based on the classification 
mean OA and kappa statistics (Figure 3.4). RF and GTB produced accuracies >80% and mean 
kappa statistic values ranging from 0.80 to 0.85, which demonstrated a very good agreement 
between the predicted and actual land cover classes (Table 3.3). Furthermore, the mean F1 
scores ranged between 0.82 and 0.81 for RF and GTB, respectively. In contrast, the SVM 
classifier performed worse, with a mean OA of 0.62 and kappa statistic of 0.56. Of all the 
models that were tested, GTB showed the greatest increase (a 4% difference) in performance 
across the input data, with accuracies sharply rising from 83% for the initial dataset, to 88% 
for the combined dataset (Table 3.3). In comparison, RF displayed a smaller magnitude change 
in accuracy across datasets; it decreased slightly from the bands-only to vegetation indices-
only, before increasing by 2% with the combined dataset. The findings of the GTB classifier 
illustrate that it can generate consistent results that are slightly better than those of RF. 
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Figure 3-4 Comparative classification performance of Support Vector Machines (SVM), 
Random Forest (RF) and Gradient Tree Boosting algorithms (GTB) 

3.3.6 Final classification of the cropland using combined data 

The combination of spectral bands and VIs yielded the highest user and producer accuracies, 
which ranged from 71.4% to 100% for all classes, and which effectively represented the 
relationship between the spectral data and land cover (Figure 3.5). The final RF classification, 
based on the combined data, achieved an OA of 0.86 and a kappa statistic of 0.84 (Table 3.3), 
utilising B1, NDRE and EGI as the most optimal classification variables (Figure 3.6). 
Similarly, the GTB model showcased a superior performance, achieving an OA of 0.88 and a 
kappa statistic of 0.85 (Table 3.3), when utilising the B1, B3 and B5 variables. At the individual 
class level, RF and GTB most accurately mapped maize Growth Stage One and sugarcane (with 
a 95-100% accuracy across datasets). Sweet potatoes, natural vegetation and built-up areas 
were the most frequently misclassified (12.5-50% accuracy), which suggests a weaker spectral 
representation of these classes. More specifically, maize had the highest classification accuracy 
when the RF and GTB models and Datasets 2 and 3 were used. SVM exhibited lower 
accuracies, with an OA of 0.71 and a kappa of 0.67 (Table 3.3). The SVM model experienced 
more misclassifications overall, and it required extensive hyper-parametrisation to effectively 
model the complex spectral-class relationships of the real-world environment (Figure 3.5C). 
Overall, the final classification models suggested that GTB could slightly outperform the RF 
ensemble. 
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Figure 3-5 User and producer accuracies of (a) RF, (b) GTB and (c) SVM, in conjunction 
with Dataset 3 

 

  

Figure 3-6 Variable importance scores of (a) RF and (b) GTB with Dataset 3 
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3.3.7 Spatial distribution of land cover types and their areal extents 

Figure 3.7 presents the percentage of the total area occupied by each class, as determined by 
the selected classification approaches. A visual analysis of the classification maps reveals 
differences in how accurately the algorithms represented the spatial distribution of crops 
(Figure 3.8). The maps generated by the RF and GTB models exhibited distinct and accurate 
boundaries between sweet potatoes, maize and taro, effectively capturing the shape of the 
fields.  However, the depiction of crop boundaries was distorted on the map that was classified 
using SVM. Field shapes were irregular and inaccurately represented. Pixel blocks were 
misclassified, rather than capturing the fine-scale variability that RF and GTB had achieved.  
Some crops, like sweet potatoes, appeared to be fragmented into separate small patches, rather 
than compact field units. The transition zones between different crops appeared less clear, 
which indicated a lack of precise delineation of the adjacent fields by the SVM model. On the 
other hand, the RF and GTB models demonstrated a sharper and more distinct demarcation of 
the fields located next to one another. 

 

 

 

Figure 3-7 Areal extents per class of (a) RF, (b) GTB and (c) SVM with Dataset 3 
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Figure 3-8 NUS crop distribution maps of (a) RF, (b) GTB and (c) SVM 

3.4 Discussion 

3.4.1 The comparative performance of raw spectral bands and vegetation indices in 
mapping the spatial distribution of NUS in the smallholder cropland 

The results of this study indicated that both the individual bands and vegetation indices can 
effectively map the spatial distribution of the NUS crop species (Table 3.3). However, there 
were some notable differences in their predictive performance. In examining the variable 
importance graphs, it was apparent that certain bands, specifically Band 1 (Blue), Band 4 (Red-
edge) and Band 5 (NIR), consistently yielded higher classification accuracies, compared to the 
other individual raw spectral bands that were depicted (Figure 3.6). This is supported by the 
spectral separability between the classes, as measured by the JM distances. The bands produced 
higher JM distances that ranged from 1.5 to 1.7 for some classes, like taro, sweet potatoes and 
maize Growth Stage Two, which indicated a better spectral separability (Table 3..4). However, 
the contribution of vegetation indices to the classification algorithms was more effective than 
that of the bands. This also suggests that the VIs differentiated the crop types effectively, with 
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similar spectral characteristics within the homogeneous fields. The vegetation indices that 
exhibited the highest importance scores in both the Random Forest (RF) and Gradient Boosting 
(GTB) models were the RGB-based indices EGI, EXG and NDGRI. EGI consistently 
demonstrated the highest predictive capacity among the vegetation indices across all crop types 
(Figure 3.6). 

It has been extensively demonstrated that VIs exhibit robustness, compared to the bands, as 
expected. Moreover, the utilisation of VIs led to a significant increase in both the PA and UA 
results, by surpassing the outcomes obtained in the previous stages of analysis (Analysis I). 
This improvement indicates an enhanced capacity of the dataset variables to distinguish 
specific classes from others, as depicted in Figure 3.3. The results of this study underscore the 
significance of integrating VIs in mapping NUS crops within smallholder croplands. The 
amalgamation of spectral bands and VIs contributed to an increase in the OA, which can be 
attributed to the VIs' ability to mitigate the influence of the soil background, the sensor zenith 
angle, the sun angle and other atmospheric impurities (Zeng et al. 2022). Moreover, 
incorporating multiple spectral bands from different sections of the electromagnetic spectrum 
when computing vegetation indices, enhances their resilience for image classification, 
compared to the influence of only one band from a single section of the EM spectrum. For 
example, a study by Niederheiser et al. (2021) demonstrated that integrating different spectral 
and textural indices improved the accuracy of RF models in mapping vegetation cover. Asgari 
and Hasanlou (2023) also reported similar outcomes in their study, where they utilised 
Sentinel-2 MSI extracted vegetation indices to delineate various crop types, including rapeseed. 
The overall accuracy of the RF, GTB and K-Nearest Neighbours (KNN) models increased to 
95%, 88% and 90%, respectively, when employing the Atmospherically Resistant Vegetation 
Index (ARVI). 

More specifically, VIs such as  EGI and NDRE are a robust proxy for leaf area, green biomass 
and general photosynthetic activity, as well as all factors that influence crop spectral 
separability (Meyer and Neto 2008). While other indices, like EVI and NDVI, incorporate 
additional bands and parameters, they did not substantially outperform NDRE, EXG or GNDVI 
for this application. This finding suggests that the NUS fields likely exhibited distinct spectral 
responses in the NIR, RE and Red bands, and applying more complex adjustments provided 
limited additional predictive insights. Overall, both individual spectral bands and vegetation 
indices demonstrate their usefulness in mapping neglected crops by using remote sensing 
techniques.  

3.4.2 The comparative performance of machine learning algorithms in mapping the 
spatial distribution of NUS in the smallholder cropland 

When evaluating the classification performance of Support Vector Machine (SVM), Random 
Forest (RF) and Gradient Tree Boost (GTB) in mapping the spatial distribution of NUS crop 
species in smallholder croplands, the results showed that RF and GTB achieved the highest 
classification accuracies, based on all the spectral variables. The optimal performance of RF 
can be attributed to its utilisation of decision trees and the combination of their predictions, 
which enable accurate classifications (Sipper and Moore 2021). The ability of the algorithm to 
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capture complex interactions and handle high-dimensional data contributed to its superior 
performance (Hornung and Boulesteix 2022). 

Furthermore, the GTB algorithm, in conjunction with the combined data, exhibited superior 
capabilities in detecting and mapping the field boundaries of sweet potatoes and taro, amongst 
others. More specifically, this combination produced the highest accuracy of 88%, a kappa 
statistic of 0.85 and an F1 score of 0.84, compared to the other models/datasets (Table 3.3). 
Moreover, the GTB classifier significantly improved the accuracy from Dataset 1 to Dataset 3, 
which outperformed the RF and SVM algorithms. GTB can identify subtle variations in the 
spectral responses that may not be discernible by using linear classifiers, such as SVM 
(Ghimire et al. 2010). In a seminal study that explored land cover mapping with remote sensing 
data, Abdi (2020) found that the GTB algorithm outperformed the RF algorithm by achieving 
more accurate results for mapping and detecting changes in the land use and land cover types 
within a boreal (northern forest) landscape. GTB achieved higher overall and user accuracies, 
which demonstrated a better predictive performance. 

While Ensemble classifiers generally outperformed SVM in their overall performance, there 
was no substantial difference in the performance of the ensemble methods. The mapped 
distribution of land cover classes revealed comparable spatial coverage for taro, bare land and 
maize at different growth stages, as classified by GTB and RF. RF and GTB can capture 
complex patterns, while controlling overfitting (Thenkabail and Lyon 2016). Therefore, RF 
and GTB were better able to learn the intricate spectral signatures of different classes, hence 
accurately discriminating the NUS crops at a plot level from the remote sensing data. In 
contrast, the SVM results demonstrated divergent representations, with an exacerbated 
misclassification of some classes. This increased misassignment was prominently visible in the 
north-eastern and south-western regions of the map, which highlighted a disproportionate error 
in those areas, relative to the other algorithms (Figure 3.8). SVM is relatively prone to 
overfitting, and it is sensitive to noisy inputs, which further exacerbates its weakness in crop 
mapping on smallholder farms (Singla et al. 2020). Furthermore, according to Mountrakis et 
al. (2011), SVM models rely on finding a maximal margin hyperplane, which can be heavily 
influenced by outliers and noisy samples. The comparable performance of GTB and RF 
suggests that ensemble decision tree methods excel in capturing and delineating the intricate 
relationships between predictor variables and crop classes (Aguilar et al. 2018). By combining 
many individual decision trees, they can model nonlinear interactions that aid in the 
differentiation of spectrally-similar crops, such as NUS (Saarela and Jauhiainen 2021). 
Similarly, Yulianto et al. (2023) compared the performance of various algorithms for 
predicting and mapping land degradation by using remote sensing techniques. Their results 
demonstrated the superiority and effectiveness of GTB and RF, both of which achieved 
accuracies that surpassed 85%, in contrast to the less effective performance of SVM. The 
superior performance metrics imply that these algorithms have the potential to create more 
reliable land cover maps with limited misclassifications. 

Despite its ability to handle high-dimensional data and non-linear relationships, SVM might 
need help to capture the complex patterns and interactions that are present in the spatial 
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distribution of NUS. This indicates that the crop classifications may not have been perfectly 
separable by simple hyperplanes in the feature space (Gove and Faytong 2012). SVM 
accuracies were slightly lower than those of RF and GTB, with a 42% to 72% OA across all 
datasets (Table 3.3). The SVM classifier produced the lowest accuracies and kappa coefficients 
for all datasets, which confirms its strong assumption that independence between the features 
is inappropriate for this remote sensing task. Furthermore, classes such as taro, natural 
vegetation and maize at Growth Stage Two were frequently misclassified, hence the lower user 
accuracies <80%. 

3.5 Conclusion 

The objective of this study was to comparatively assess the classification performance of the 
Gradient Tree Boosting, Random Forest and Support Vector Machine in mapping the field 
boundaries and the spatial distribution of sweet potatoes and taro in smallholder cropland, by 
using remotely sensed multispectral data acquired via UAVs. The relative contribution of the 
bands and vegetation indices were also assessed in addressing this objective. GTB and RF 
could effectively discriminate the field boundaries of NUS, and they could effectively map 
their spatial distribution in smallholder croplands, based on the bands and indices derived from 
the Red-edge and the NIR, amongst others. More specifically, the GTB algorithm, in 
conjunction with the combined data, exhibited superior capabilities in detecting and mapping 
the field boundaries of sweet potatoes and taro, amongst other crops. Overall, the contribution 
of bands in classifying smallholder croplands with NUS, among other crops, was found to be 
less significant than the contribution of vegetation indices. 

This study adds to the effectiveness of advanced classification algorithms for mapping NUS in 
smallholder farming systems. The thematic maps depicting the distribution of NUS crops offer 
valuable insights for farm-scale management. The precise identification and comprehension of 
the distribution patterns of NUS crops can play a pivotal role in enabling precision agriculture 
interventions for their conservation, cultivation and utilisation. This, in turn, could contribute 
significantly to enhancing the food and nutrition security in vulnerable environments across 
sub-Saharan Africa. At the same time, national departments can benefit from implementing 
robust classifiers, in order to develop accurate and dependable agricultural land cover maps. 
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4 USING UAV MULTISPECTRAL-THERMAL DATA AND INDEX-
BASED SEGMENTATION TO ENHANCE EQUIVALENT WATER 

THICKNESS ESTIMATION IN TARO CROPS 

4.1 Introduction 

The world is being challenged by the pressing need to sustain the food supply and ensure food 
security, due to climate change and the increasing global population (Mugiyo et al. 2021, Din 
et al. 2022). In southern Africa, climate variability, among other factors, has led to water 
scarcity, which restricts crop production, and significantly reduces the available arable land 
(Mugiyo et al. 2021, Zulu 2022, Kapari et al. 2023). This has particularly affected smallholder 
farmers, who contribute up to 80% of the food production in sub-Saharan Africa and who play 
a crucial role in addressing the issue of local food security (Hlophe-Ginindza and Mpandeli 
2020). Despite their crucial role, smallholder farms commonly encounter sporadic water stress 
and droughts, which lead to substantial losses in their crop yields. Addressing this challenge 
necessitates a shift toward crop diversification and incorporating crop species that demonstrate 
resilience to abiotic stresses (Chivenge et al. 2015, Hilary van Wyk and Oscar Amonsou 2021, 
Mugiyo et al. 2021). 

Driven by water scarcity, there has recently been an increasing interest in the potential use of 
NUS for addressing the food and nutrition challenges (Chivenge et al. 2015, Mabhaudhi et al. 
2017, Mugiyo et al. 2021). NUS, which is characterised by historical domestication with 
limited scientific research and which is predominantly confined to smallholder farming 
systems, have emerged as key drought-tolerant crops for diversifying the communal cropping 
systems (Chivenge et al. 2015, Mabhaudhi et al. 2017). Taro (Colocasia esculenta (L)) is one 
of the oldest and most widely-cultivated NUS in the world’s tropical and subtropical regions 
(Mabhaudhi et al. 2011, Mawoyo et al. 2017, Van Wyk 2021). In South Africa, taro, which is 
locally known as amadumbe, is known to be heat-tolerant and it is primarily cultivated for 
subsistence, especially within small and marginalised communities (Mabhaudhi et al. 2014, 
Joshi et al. 2020, Oyeyinka and Amonsou 2020, Van Wyk 2021). Taro is identified as a future 
smart food under the NUS category because of its edible tubers, which are rich in 
carbohydrates, protein and vitamins (Li and Siddique 2018, Kapoor et al. 2022). Despite the 
value of taro and other NUS, the literature shows that they have largely been ignored. 

Whereas advocacy for taro has gained traction as a valuable drought and heat-tolerant crop in 
diversifying the smallholder farming systems, the evidence is predominantly anecdotal (Joshi 
et al. 2020). Notably, there is a significant research gap in understanding the water status of 
the crop; hence, knowledge on its ability to adapt to diverse agroecological environments 
remains limited (Mabhaudhi et al. 2017). Consequently, this presents challenges for decision-
ma*kers who aim to streamline taro into the existing agricultural systems (Mugiyo et al. 2021). 
Therefore, it is imperative that further research on the canopy water status of taro be conducted, 
as a proxy of water use, to optimise its productivity and ultimately facilitate its integration into 
sustainable agricultural practices.  
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Equivalent Water Thickness (EWT), which is the ratio between the crop leaf area and the 
quantity of water per unit area, is a critical metric for assessing and understanding the canopy 
water status of a crop (Traore et al. 2021). The indicator quantifies the amount of water that is 
present in the plant canopy, hence providing a valuable measure of a crop’s hydration level 
(Traore et al. 2021). Furthermore, EWT is critical for understanding bio-geochemical 
processes, such as photosynthesis, primary productivity and the overall crop health (Zhang and 
Zhou 2019). Traditionally, EWT is measured by using in-situ measurements that are laborious, 
time-consuming and often require trained experts in field sampling (Chivasa et al. 2020, Traore 
et al. 2021). However, over the past few decades, the use of satellite-borne earth observation 
technologies has provided a valuable alternative to quantifying the agronomic properties and 
understanding the changes in a crop’s water status (Pasqualotto et al. 2018). For example, 
Yilmaz et al. (2008) utilised a time series of Landsat 5 Thematic Mapper (TM), Advanced 
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) and Advanced Wide Field 
Sensor (AWiFS) imagery to estimate the water status of maize and soybean at optimal 
accuracies (R2 = 0.87 and R2  = 0.47, respectively). Then, Neinavaz et al. (2017) successfully 
estimated the canopy EWT by using hyperspectral thermal infrared data to an R2 of 0.81 and a 
RMSE of 0.003 gcm-2. The success of these studies could be explained by the presence of the 
thermal band, which facilitates the accurate estimation of the canopy water content (Khanal et 
al. 2017).  

Thermal infrared remote sensing has emerged as a valuable tool for crop water assessment and 
monitoring, and it offers a direct correlation with the biophysical and biochemical elements of 
crop water (Khanal et al. 2017, Messina and Modica 2020). More specifically, the emitted 
radiance in the thermal infrared region exhibits a sensitivity to variations in canopy 
temperature, which is influenced by changes in crop water status (Gerhards et al. 2019). In a 
state of water deficit, the rate of leaf transpiration decreases, which leads to a linear reduction 
in the leaf and canopy temperature, inducing a cooling effect (Maes and Steppe 2012, Hou et 
al. 2018). Therefore, thermal imagery can be used to identify areas of water stress, which is 
valuable for the implementation of appropriate management strategies to improve the crop 
water status and overall productivity. The adoption of thermal remote sensing for estimating 
the crop water status has gained popularity over the decades (Krishna et al. 2021). Various 
satellite-based thermal sensors, including the Moderate Resolution Imaging Spectroradiometer 
(MODIS), ASTER and the Landsat series (Malbéteau et al. 2018, Gerhards et al. 2019, Masina 
et al. 2020, Xue et al. 2020), have been used to assess and monitor the crop water status. 
However, these datasets are constrained by their relatively-coarse spatial resolutions, which 
limits their suitability for monitoring the taro water status on smallholder farms (Malbéteau et 
al. 2018). 

The recent advancements in image acquisition, like Unmanned Aerial Vehicles (UAVs) 
mounted with light-weight multispectral sensors, have provided spatially-explicit near-real-
time information on the water status of crops (Hussain et al. 2020). UAV proximal sensors 
with a sub-centimetre resolution deliver rapid, cost-effective and accurate measurements that 
are suitable for monitoring the water stress and health attributes of crops at a plot level (Chivasa 
et al. 2020). Specifically, UAVs that have been integrated with very-high resolution Thermal 
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Infrared Sensors (TIRS), provide an optimal approach for retrieving crop attributes for the 
accurate quantification of crop water status at a field scale (Berni et al. 2009). 

 In addition to the ultra-high spatial resolutions of UAV multispectral thermal imagery, image 
enhancement techniques and robust algorithms have been demonstrated to improve a model’s 
accuracy. For instance, Index-Based Image Segmentation has been demonstrated to be 
effective in robustly segmenting plants into colour images, which enables the extraction of 
vegetation cover and removes the soil background for enhanced crop spectral signatures 
(Hamuda et al. 2016). Meanwhile, colour indices have the potential to enhance the visual 
contrast of plants against the soil background and to reduce the effects of the light conditions, 
thereby improving the plant segmentation accuracy, in comparison to original red-green-blue 
(RGB) imagery (Lu et al. 2022). The Excess Green (ExG) and Excess Red (ExR) indices were 
proposed by Woebbecke et al. (1995) and Meyer et al. (1999), respectively, to enhance the 
plant segmentation accuracy by emphasising the greenness of the plant by accounting for the 
relative proportions of red and physiological green. In addition, Meyer and Neto (2008) 
leveraged the strength of both the ExG and ExR to develop the Excess Green minus Excess 
Red (ExGR) index to improve crop water assessment and monitoring, by using thermal remote 
sensing systems. While colour index-based segmentations have been proven to be effective in 
improving estimation accuracies, they remain relatively underexplored, which prompts the 
need for further inquiry, in order to fully leverage their potential in enhancing crop water 
assessment and monitoring through UAV multispectral thermal remote sensing systems. 

In addition to traditional techniques, the use of machine learning methods, particularly deep 
learning, has recently shown great potential for assessing the crop water status (Zhou et al. 
2021). Deep learning techniques, such as Deep Neural Networks (DNN), have shown 
robustness and high accuracy in identifying and quantifying water deficits in various crops (e.g. 
sugarcane and maize) using thermal remote sensing (de Melo et al. 2022, Rajwade et al. 2023). 
Unlike traditional machine learning algorithms, the DNN can exploit feature representations 
that have been exclusively learnt from data, in order to understand the complicated nonlinear 
relationships between different environmental attributes (Yuan et al. 2020, Odebiri et al. 2022). 
Despite these advantages, the integration of the DNN algorithm with UAV thermal remote 
sensing for crop water estimations, especially in smallholder farming systems, has been 
infrequent (Abrahams et al. 2023). Consequently, there is a dire need for further research to 
explore and incorporate the potential of DNN algorithms in precision agriculture, for more 
accurate and efficient crop water status assessments. 

In this regard, by leveraging the capabilities of deep learning, this study sought to assess the 
performance of thermal remote sensing and index-based segmentation techniques for 
improving the canopy EWT estimation of smallholder taro crops, using UAV multispectral 
thermal imagery. Specifically, the study sought: (1) to assess the potential of the UAV thermal 
band in estimating the EWT of smallholder taro; (2) to compare the performance of crop 
canopy images that were extracted using the ExG, ExR, and ExGR colour indices to improve 
the EWT estimations of the taro crop; and (3) to evaluate the potential of UAV multispectral 
thermal imagery in the EWT estimations of taro crop in smallholder farming systems.  
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4.2 Materials and Methods 

The study area is detailed in Chapter One. 

4.2.1 Field sampling and in-situ measurements 

A polygon delineating the taro field was created by using Google Earth Pro and it was imported 
into ArcMap 10.6 to facilitate the generation of 100 stratified random sampling points. This 
approach was adopted to ensure the variability and accurate representation of all taro crops 
within the field. These sampling points were subsequently uploaded into a Trimble hand-held 
Global Positioning System (GPS) with a sub-centimetre accuracy, which enabled the precise 
location of each sampling point within the taro field. In-situ measurements were obtained at 
each sampling point, in order to compute the respective EWT values.  

A portable LiCOR-2200C Plant Canopy Analyser was used to obtain the Leaf Area Index 
(LAI) of the crops. The LAI measurements were obtained by using the 38° zenith angle with a 
270° view cap and the ABBBB sequence, where A corresponds to a reference reading ‘above’ 
the canopy, and B corresponds to a reading ‘below’ the canopy. Thereafter, the above-ground 
biomass of each sampled crop was obtained, and the Fresh Weight (FW) was obtained by using 
a calibrated scale with a 0.5 g measurement error. The sampled biomass was then placed in a 
labelled brown paper bag and dried in an oven at 60°C, until a constant Dry Weight (DW) was 
reached (approximately 72 hrs). The LAI, FW and DW were then used as input variables to 
compute the taro EWTcanopy indicators, using the following equation: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = FW−DW
LAI

                                          Units: g/m2                 (1) 

Lastly, in-situ measurements were conducted on a sunny day between 10:00 am and 2:00 pm 
local time, as it aligns with the optimal period for crop photosynthesis, which ensures that the 
collected data accurately reflects the maximum reflectance and photosynthetic activity of the 
taro crops. 

4.2.2 UAV platform and multispectral-thermal camera  

The DJI Matrice 300 (M300) platform, mounted with a MicaSense Altum camera and 
Downwelling Light Sensor 2 (DLS 2), was used to collect multispectral-thermal imagery. The 
M300 platform is equipped with four rotary wings and incorporates Vertical Take-Off and 
Landing (VTOL) technology; hence, it is highly suitable for imaging smallholder farms, 
especially those near settlements. The MicaSense Altum camera is a multispectral and thermal-
imaging sensor that incorporates five high-resolution narrow bands that measure reflectance in 
the blue (475 nm), green (560 nm), red (668 nm), red-edge (717 nm) and NIR (840 nm) regions, 
along with a radiometric longwave infrared thermal channel (11 μm). This advanced camera 
provides the synchronised capture of multispectral and thermal images, by utilising a global 
shutter that facilitates a 1-second capture rate, and it ensures clear and precisely-aligned 
imagery (Hutton et al. 2020). The multispectral channels have a sensor resolution of 2 064 × 1 
544 pixels (equivalent to 3.2 megapixels per multispectral band), while the thermal band has a 
sensor resolution of 160 × 120 pixels, at a 120 m platform altitude. Lastly, the calibrated 
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reflectance panel and equipped DLS 2 allow the Altum sensor to measure the ambient light and 
sun angle, which improves the quality of the captured radiation intensity. 

4.2.3 Image acquisition and pre-processing 

A shapefile outlining the study area was generated in Google Earth Pro and exported to the 
M300's hand-held console for the development of a UAV flight plan. The Altum sensor was 
calibrated pre- and post-flight by using a Calibrated Reflectance Panel (CRP) to compensate 
for incidental light conditions. This involved the use of known reflectance values across the 
spectrum to radiometrically calibrate the sensor, by taking an unshaded image of the CRP to 
account for the illumination and atmospheric conditions prevalent during the flight. The 
automated flight mission was executed at a 100 m flight height, with an 80% forward and 
sideward image overlap, thereby obtaining a 10.08 cm per pixel spatial resolution imagery. The 
flight was conducted under clear sky conditions between 10:00 am and 2:00 pm local time, 
when the solar zenith angle is minimal, and solar radiation reaches its peak. The UAV flight 
and in-situ measurements of taro water status were carried out concurrently.  

A total of 1 626 raw images of the experimental field were obtained and pre-processed in Pix4D 
photogrammetry software. The software allows for the stitching of the imagery to create a 
composite ortho-mosaic of the taro field, while accounting for the atmospheric conditions 
during image acquisition. The CRP images, together with the raw images, are automatically 
recognised by the software and used to perform radiometric corrections by calibrating the 
image reflectance to align with the atmospheric conditions during the time of image 
acquisition. The ground reference points surveyed before the fieldwork were then used to 
improve the geometric accuracy of the acquired images in ArcGIS 10.6. Lastly, the EWTcanopy 
in-situ measurements and the location of each sampled taro point were overlaid with a UAV 
multispectral-thermal image. The multispectral and thermal reflectance data of taro were 
extracted from the UAV imagery and used to derive Vegetation Indices (VIs) for the 
development of the EWTcanopy prediction model. A list of VIs used in this study is summarised 
in Table 4.1. These VIs were selected based on their optimal performance in the literature and 
their relationship with crop water status (Baluja et al. 2012, Zhang and Zhou 2019, Ozelkan 
2020). 

Table 4-1 UAV derived vegetation indices used in this study 
Vegetation Index Abbreviation and Equation Reference 

Normalised difference 
vegetation index  

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁  +  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 (Rouse et al. 
1974) 

Soil-Adjusted Vegetation 
Index        

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁  + 𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐿𝐿  
  ×  (1 + 𝐿𝐿) (Huete 1988) 

Normalised Difference Red 
Edge Index   

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁− 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

                 (Gitelson and 
Merzlyak 

1994) 
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Transformed Chlorophyll 
Absorption in Reflectance 
Index 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 
3 ×  �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�  

−   0.2 ×  �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −   𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺�  

×  
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

(Haboudane et 
al. 2002) 

Modified Chlorophyll 
Absorption in Reflectance 
Index  

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =  �𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�  −   0.2 𝑥𝑥 (𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −

  𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)  × 𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

                  

(Daughtry et 
al. 2000) 

Normalised Green-Red 
Difference Index 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 −  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟
𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  +  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 (Hunt Jr et al. 
2013) 

Normalised difference water 
index 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 −  𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁
𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  +  𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁

 (Gao 1996) 

Red edge chlorophyll index 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁

𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
− 1 (Gitelson et al. 

2003, Gitelson 
et al. 2006) 

4.2.4 Index-based image segmentation of the taro crops' spectral signatures 

Image segmentation, to remove the soil background, is crucial for accurately assessing the crop 
water status, especially in set-ups like smallholder taro fields, where the soil background effect 
is pronounced, due to the low planting density and high interrow spacing. The expansive 
growth of taro tubers necessitates substantial space beneath the soil surface, to access sufficient 
moisture and nutrients and to reduce competition, for optimal growth and development 
(Tumuhimbise 2015). An index-based segmentation technique was employed to delineate the 
crop canopy and eliminate the soil background from the multispectral thermal image. 
Specifically, the Excess Green (ExG), Excess Red (ExR) and Excess Green minus Excess Red 
(ExGR) colour indices were computed by using the green, red, and blue bands of the UAV 
multispectral thermal imagery (Woebbecke et al. 1995, Meyer et al. 1999, Meyer and Neto 
2008, Hamuda et al. 2016). The ExG, ExR and ExGR were calculated by using the following 
equations: 

𝐸𝐸𝐸𝐸𝐸𝐸 = 2 × 𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −  𝑅𝑅𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵       (2) 
𝐸𝐸𝐸𝐸𝐸𝐸 = 1.4 ×  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −  𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺                  (3) 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐸𝐸𝐸𝐸𝐸𝐸 − 𝐸𝐸𝐸𝐸𝐸𝐸                                 (4) 

Finally, the threshold method was used to generate a binary image from the grey-level 
histograms that were obtained during the index-based segmentation process (Shu et al. 2021). 
The ExG and ExR binary images of the taro crop canopy cover were generated by using an 
automatic Otsu threshold, which was determined by the maximum interclass variance, as 
defined by the Otsu method (Otsu 1979). The Otsu threshold was executed in Mathworks 
MatLab using the image toolbox gray-thresh function to develop a binary ExG image. Unlike 
the ExG index, the ExGR index does not require the calculation of a specific threshold, as all 
plant pixel values are positive, while the background pixels are negative (Meyer and Neto 2008, 
Riehle et al. 2020). Consequently, a fixed zero threshold was implemented to automatically 
generate a binary image with a consistent threshold of zero (Hamuda et al. 2016). Thereafter, 
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the image pixels were reclassified to create a new layer, where vegetation and soil pixels were 
assigned the value 1 and 0, respectively. The vegetation mask was then converted into a 
shapefile and applied to the UAV image to effectively remove the soil background, as shown 
in Figure 4.1.  

 

Figure 4-1 Taro crop canopy extraction: a) raw UAV image, b) ExG, c) ExR and d) ExGR 
canopy extraction 

4.2.5 Model development and statistical analysis 

In this study, we employed a deep machine learning approach to estimate the EWTcanopy, by 
using UAV-derived multispectral optical and thermal datasets. Specifically, we utilised a Deep 
Neural Network (DNN), an artificial neural network that is characterised by multiple 
interconnected hidden layers (Traore et al. 2021). These hidden layers work in tandem to 
progressively learn higher-level features, which facilitates the transformation of input data into 
meaningful output information (Chew et al. 2020, Bouguettaya et al. 2022). In contrast to the 
traditional machine learning techniques that rely heavily on a prior knowledge of the 
parameters, DNN leverages feature representations that are learned exclusively from the input 
dataset (Odebiri et al. 2021). This unique approach allows the model to understand and capture 
the complex non-linear relationships among variables, which enhances its ability to uncover 
intricate patterns and dependencies within the data (Odebiri et al. 2021, Traore et al. 2021). 
Therefore, the combination of very-high resolution UAV multispectral-thermal imagery and 
sophisticated DNN architecture facilitated the precise and accurate estimation of the EWTcanopy 

over the smallholder taro farmland.  
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The study utilised a three-layer neural network model consisting of an input layer, a hidden 
layer and an output layer (Figure 4.2). A Rectified Linear Unit (ReLU) was applied to stimulate 
the EWTcanopy prediction model, with the maximum epochs set to 200 iterations, which 
indicated that the weights in the hidden layers were iteratively adjusted 200 times to reduce 
error and enhance the EWTcanopy prediction accuracy. Thereafter, the SoftMax activation 
function was used to transform the raw outputs of the neural network into a vector of 
probabilities, and the Adaptive Moment estimation (Adam) optimiser was used to optimise the 
results of the output model. Furthermore, the drop-out regularisation technique was applied to 
avoid overfitting and improve the generalisation of the model (Deepan and Sudha 2020). The 
hyperparameters of the DNN model were tuned to a learning rate of 0.001, a batch size of 32 
and an input and hidden layer dropout of 0.4 and 0.2, respectively. 

 

 

Figure 4.4-2 Graphical representation of the DNN structure, composed of input, hidden and 
output layers 

4.2.6 Accuracy assessment 

To evaluate the performance EWTcanopy estimation model, the acquired dataset (n = 100) was 
divided into 70% training data (n = 70) and 30% testing data (n = 30). The training data were 
employed for the DNN model development, and the testing data were used to assess the 
accuracy of the predictive model. The evaluation metrics included the coefficient of 
determination (R2), the Root Mean Square Error (RMSE) and the Relative Root Mean Square 
Error (rRMSE). The R2 measures the variance between the in-situ measured and the estimated 
taro EWTcanopy, while the RMSE assesses the magnitude of error between the field 
measurements and the modelled EWTcanopy field. Lastly, the rRMSE was used to compare the 
DNN model accuracies across the different image analysis techniques. The statistical indices 
are presented as follows: 



61 
 

R2 =
�� (𝑦𝑦𝑖𝑖− 𝑦𝑦𝚤𝚤� )𝑛𝑛

𝑖𝑖=1 �𝑦𝑦𝚤𝚤� − 𝑦𝑦𝚤𝚤� ��
2

�� (𝑦𝑦𝑖𝑖− 𝑦𝑦𝚤𝚤� )2� �𝑦𝑦𝚤𝚤� − 𝑦𝑦𝚤𝚤� �
2

𝑛𝑛

𝑖𝑖=1

𝑛𝑛

𝑖𝑖=1

�

            (5) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑦𝑦𝚤𝚤� −  𝑦𝑦𝑖𝑖)2𝑛𝑛
𝑖𝑖=1           (6) 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑦𝑦𝚤𝚤�

 × 100           (7) 

where 𝑦𝑦𝚤𝚤�  and 𝑦𝑦𝑖𝑖 are the predicted and actual values, 𝑦𝑦𝚤𝚤�  and 𝑦𝑦𝚤𝚤�  are the means of the observed and 
predicted values, respectively, and n is the total number of data points. The higher the value of 
R2, and the lower the values of RMSE and rRMSE, the greater the precision and accuracy of 
the EWTcanopy estimation model. The accuracy metrics were subjected to a statistical analysis 
by using a two-way Analysis of Variance (ANOVA) in IBM SPSS software Version 29.0.2, to 
assess the significant differences between the means of the prediction accuracies. 

Lastly, the SHapley Additive exPlanations (SHAP) approach was used to assess the impact and 
contribution of predictor variables within the developed models. SHAP ranks the importance 
of the model variables by calculating the average marginal contribution value of each predictor 
variable (Nahiduzzaman et al. 2023). By leveraging the SHAP approach, a comprehensive 
understanding of the relative importance of each predictor variable is gained, which enhances 
the interpretability of the developed EWTcanopy estimation models. An overall workflow of this 
study is presented in Figure 4.3. 
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Figure 4-3 Workflow diagram for this study 

4.3 Results 

4.3.1 Descriptive statistics of the in-situ EWT-canopy of taro crops 

Table 4.2 presents the descriptive statistics of the in-situ measurements of EWTcanopy across the 
taro field. A total of 100 samples (N) were collected during the peak vegetative growth stage. 
The mean and median of EWTcanopy were 60.90 g/m2 and 47.70 g/m2, respectively, with a 
Standard Error of Mean (SEM) of 4.45 g/m2. A high spatial variability with a range of 8.72 
g/m2 – 220.77 g/m2 was observed, which underscores the variability of the crop water content 
across the sampled taro field. The standard deviation (Std.) was 44.49 g/m2, and the Coefficient 
of Variation (CV) was 72.70%.  

Table 4-2 Descriptive statistics of the in-situ measured EWTcanopy of taro crops 
EWTcanopy (gm2) n Mean Median Minimum Maximum SEM Std CV% 

Entire Dataset 100 60.70 47.70 8.72 220.77 4.45 44.49 72.70 

Training Data 70 62.85 47.72 8.79 220.77 5.61 46.94 74.14 

Testing Data 30 56.33 41.54 8.72 173.30 7.04 38.54 67.26 
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4.3.2 Predicting EWT canopy of taro crops using the Deep Neural Network algorithm 
and image segmentation techniques 

Figure 4.4 illustrates the model accuracies achieved in predicting the taro EWTcanopy across the 
various index-based image segmentation techniques, including the ExG, ExR and ExGR crop 
canopy extraction applied to the raw UAV imagery. Figure 4.4a–d represents the prediction 
accuracies from the analysis conducted without the thermal band, while Figure 4.4e-h 
illustrates the estimation accuracies based on the models, and including the thermal band.   

Generally, the exclusion of the thermal band resulted in relatively low model accuracies for all 
index-based segmentation methods. For instance, when estimating the EWTcanopy based on the 
raw UAV image, excluding the thermal band, it yielded a poor R2 of 0.35, an RMSE of 34.96 
g/m2 and an rRMSE of 60.51 (Figure 4.4a), with blue, green, red, TCARI, NIR, red-edge, 
NGRDI, CIrededge, NDVI and MCARI emerging as the important predictor variables (Figure 
4.5a). Meanwhile, the EWTcanopy estimation derived from the raw UAV image, including the 
thermal band, resulted in a moderately higher prediction accuracy of R2 of 0.61, an RMSE of 
25.35 g/m2 and an rRMSE of 43.87% (Figure 4.4e). The most influential predictor variables 
were CIrededge, NDRE, blue, NGRDI, green, TCARI, thermal, NDWI, rededge and NDVI, in 
descending order of importance (Figure 4.5e).   

Overall, an increase in the prediction accuracy was observed when index-based image 
segmentation techniques and thermal data were applied to the raw UAV imagery. The ExR-
based EWTcanopy model, including the thermal band, yielded a R2 of 0.79, an RMSE of 14.53 
g/m2 and an rRMSE of 27.76% (Figure 4.4g), while the ExG-based model, including thermal, 
achieved an R2 of 0.90, an RMSE of 10.69 g/m2 and an rRMSE of 18.82% (Figure 4.4f). The 
most important predictor variables were CIrededge, thermal, SAVI, red and NIR, NGRDI, 
TCARI, blue, red-edge and NDWI for the ExR-based EWTcanopy model (Figure 4.5g), whereas 
the ExG-based model had CIrededge, TCARI, red, green, NGRDI, NDWI, thermal, red-edge, 
SAVI and blue band as the most influential predictor variables (Figure 4.5f). The ExGR-based 
EWTcanopy model, including the thermal, exhibited the highest prediction accuracy, by 
achieving an optimal R2 of 0.92, an RMSE of 8.04 g/m2 and an rRMSE of 15.31%, based on 
TACRI, CIrededge, MCARI, NGRDI, NDWI, blue red-edge, red, thermal and NDVI variables, 
in descending order of importance (Figure 4.4h & 4.5h). 

Overall, the fitting degree between the EWTcanopy ExGR-based model (R2 = 0.92) was 
significantly higher than that of the raw UAV image (R2 of 0.61). By applying the ExGR 
technique and including the thermal band, the prediction accuracy of the target taro EWTcanopy 
was significantly improved. These outcomes underscore the efficacy of the DNN model, 
particularly when it is integrated with the thermal data and advanced image segmentation 
approaches in enhancing the precision of EWTcanopy estimations for taro crops. 
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Figure 4-4 Relationship between the predicted and observed EWTcanopy based on the a) raw 
UAV image excluding thermal, b) raw UAV image including thermal, c) ExG 
excluding thermal, d) ExG including thermal, e) ExR excluding thermal, f) ExR 
including thermal, g) ExGR excluding thermal and h) ExGR including thermal 
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Figure 4-5 SHAP-generated variable importance of predictor variables in estimating 
EWTcanopy based on the a) raw UAV image excluding thermal, b) raw UAV 
image including thermal, c) ExG excluding thermal, d) ExG including thermal 
e) ExR excluding thermal, f) ExR including thermal, g) ExGR excluding 
thermal and h) ExGR including thermal 

4.3.3 Assessment of the influence of the thermal band in conjunction with the Deep 
Neural Network algorithm 

Generally, excluding the thermal band results in comparatively lower model accuracies across 
the index-based segmentation methods. This pattern is consistent across the R2, RMSE and 
rRMSE metrics for all segmentation techniques, with generally higher estimation accuracies 
being achieved when the thermal band is considered in the taro EWTcanopy analysis. To 
investigate the impact of including the thermal band on prediction accuracy, an ANOVA test 
was conducted to assess the differences in accuracy among the segmentation techniques and 
the presence, or absence, of the thermal channel. The two-way ANOVA revealed a significant 
interaction between the prediction accuracies and the segmentation techniques, based on the 
inclusion and exclusion of the thermal band, which implies that the trends of variation of the 
parameters change with the inclusion of the thermal band and different segmentation 
techniques. This suggests that variations in prediction accuracies exhibit different trends, 
depending on whether the thermal band is incorporated and whether distinct segmentation 
techniques are employed. A statistical significance was observed in the accuracies of predicting 
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the EWTcanopy across all segmentation techniques (P < 0.05) (Figure 4.6a-c). In addition, 
significant differences in prediction accuracies (P < 0.001) were noted between the inclusion 
and exclusion of the thermal band across the segmentation methods (Figure 4.6d-f). The 
segmentation factor, the thermal band factor, and their interaction significantly contributed to 
the differences in the R2, RMSE and rRMSE (Figure 4.6). However, no significant difference 
in prediction accuracy was observed for the inclusion and exclusion of thermal characteristics 
for the ExGR-based technique. The ExGR data were the most optimal model, as they exhibited 
an R2 of 0.92, an RMSE of 8.04 g/m2 and an rRMSE of 15.31% with the thermal band (Figure 
4.6h), and they achieved an R2 of 0.91, an RMSE of 8.73 g/m2 and an rRMSE of 16.64%, even 
with the exclusion of the thermal band (Figure 4.4d). Following the optimal performance of 
the models that were based on the index-based image segmentation methods, in conjunction 
with the thermal band, these models were adopted in mapping the spatial distribution of 
EWTcanopy in the study area. 

 

Figure 4-6 Comparative analysis of the mean performance metrics, including a) R2, b) 
RMSE and c) rRMSE across the segmentation techniques between the inclusion 
and exclusion of the thermal band and overall mean d) R2, e) RMSE and f) 
rRMSE obtained between including and excluding the thermal band 

4.3.4 Spatial distribution of the EWT canopy of smallholder taro crops 

Figure 4.7 presents the spatial distribution of EWTcanopy that was estimated by using UAV 
remotely sensed multispectral thermal data, as well as the different image segmentation 
techniques, including ExG, ExR and ExGR crop canopy extraction that were applied to the raw 
UAV imagery. While the raw UAV image achieved a moderate prediction accuracy, this 
approach could not accurately assign EWTcanopy because of the overfitting problem (Figure 
4.7a). On the contrary, the ExGR-based EWTcanopy model produced results close to the 
observed EWTcanopy within the taro field and it achieved the highest accuracy in visual 
comparison (Figure 4.7d). Similarly, the ExG-based EWTcanopy model demonstrated 
comparable results in capturing the spatial distribution of the EWTcanopy of taro crops (Figure 
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4.7d). A general trend was observed in the south-western area (high elevation) of the field, 
which exhibited higher EWTcanopy estimates in relation to the eastern parts (Figure 4.7). 

 
Figure 4-7 Spatial distribution of EWTcanopy within the taro field based on the a) raw UAV 

image, b) ExG, c) ExR and d) ExGR canopy extraction techniques 
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4.4 Discussion 

This study sought to evaluate the use of thermal remote sensing and index-based segmentation 
techniques for enhancing the estimation of EWTcanopy on a smallholder taro farm. Specifically, 
the study investigated the capability of the UAV thermal band in estimating the EWTcanopy of 
the taro crop.  In addition, this study assessed the influence of the soil background removal, by 
using ExG, ExR and ExGR segmentation indices, in enhancing the prediction accuracy of the 
taro EWTcanopy. Furthermore, the study aimed to explore the capabilities of UAV-derived 
multispectral thermal data in predicting EWTcanopy of taro crops.  

4.4.1 Prediction of EWT canopy using UAV multispectral thermal imagery  

The findings of this study showed a wide variety of the EWTcanopy measured within the taro 
field, ranging from 8.72 g/m2 to 220.77 g/m2, , with the highest values recorded at the lower 
elevations of the field. This spatial variability can generally be attributed to water drainage and 
accumulation, particularly the gravity-driven flow that tends to accumulate at lower elevations. 
This fosters a wetter environment that enhances soil moisture availability for crops in the area 
and leads to higher EWTcanopy values. A study by Basile et al. (2020) also confirmed the 
contribution of topographic characteristics, such as slope, on the crop water status, with down-
slope soils exhibiting a higher water retention capacity, which increases water available to the 
crop. Therefore, future studies should consider quantifying the relative contribution of the 
topography to the spatial variability of the crop moisture content within small-scale farming 
systems. 

The results of this study also showed that taro EWTcanopy could be optimally estimated by using 
the ExGR segmentation method, including thermal (R2 = 0.92, RMSE = 8.04 g/m2 and rRMSE 
= 15.31%), with the most influential variable being TACRI, CIrededge, MCARI, NGRDI, 
NDWI, blue, red-edge, red, thermal and NDVI (Figure4.5). These findings demonstrate the 
sensitivity of EWTcanopy to the NIR and red-edge sections of the electromagnetic spectrum. 
Literature has confirmed that the NIR region is valuable in characterising the crop water status, 
due to its strong water absorption ability that can detect variations in the crop water through 
changes in canopy reflectance under different water status (Pasqualotto et al. 2018, El-
Hendawy et al. 2019, Brewer et al. 2022). The importance of red-edge-based indices, such as 
TCARI, CIrededge and MCARI, is attributed to the unique properties of the red-edge region, 
which is particularly sensitive to subtle changes in the vegetation structure and leaf 
pigmentation, due to water stress, hence they are invaluable for assessing the  crop water status 
(Ballester et al. 2019, Colovic et al. 2022). The results of this study also reported indices, such 
as CIrededge and TCARI, as being among the influential variables in estimating EWTcanopy of 
taro crops (Figure 4.5). These findings are consistent with those of Zhang and Zhou (2019) and 
Colovic et al. (2022), which demonstrated the CIred-edge to be sensitive to variations in the 
crop water conditions and highly influenced by changes in the irrigation treatments. Similarly, 
Baluja et al. (2012) identified TCARI as a valuable predictor variable of the water status of 
vineyards, by yielding an optimal correlation of R2 of 0.80.  
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4.4.2 Performance of the thermal band in predicting the EWT canopy of taro crops  

The performance of the thermal band in predicting the EWTcanopy of taro crops revealed a 
consistent trend across the various index-based segmentation techniques. It was observed that 
the exclusion of the thermal band in the EWTcanopy analysis resulted in lower estimation 
accuracies (P < 0.05), which emphasises the importance of the thermal band in characterising 
the taro crop water status (Figure 4.6). Surprisingly, our study found no significant difference 
in the prediction accuracies when thermal data were considered, in comparison to their 
exclusion in the ExGR-based model. These results underscore the effectiveness of the ExGR-
based technique, particularly its robust performance, irrespective of the inclusion and exclusion 
of the thermal channel.  

In addition, it was observed that the thermal band was among the top predictor variables across 
all the EWTcanopy models. The literature confirms the invaluable role of thermal infrared remote 
sensing in assessing and monitoring the crop water status, as it establishes a direct correlation 
with crop water biophysical and biochemical elements (Khanal et al. 2017, Messina and 
Modica 2020, Krishna et al. 2021). The use of thermal remote sensing is based on the premise 
that the thermal characteristics of crop leaves are affected by leaf transpiration, which decreases 
in a state of the water deficit, resulting in a reduction of the leaf and canopy temperatures (Maes 
and Steppe 2012, Gerhards et al. 2019). The findings of this study align with a recent study by 
Guan and Grote (2023), which achieved an R2 of 0.74 when incorporating the thermal channel, 
compared to an R2 of 0.63 with the thermal band excluded, which highlights the integration of 
multispectral and thermal data and its combined value in understanding the crop water status. 
The findings of this study are further corroborated by García-Tejero et al. (2018), who 
concluded that the thermal band is feasible for monitoring almond water stress for irrigation 
scheduling, and by Cheng et al. (2023), who highlighted the applicability of thermal imaging 
in the assessment of the crop water conditions of the summer maize crop.  

4.4.3 Performance of index-based segmentation techniques for the estimation of the 
taro EWT canopy  

This study shows that the inclusion of the soil background reduces the accuracy of the 
EWTcanopy predictions within the taro crop (an R2 of 0.61, an RMSE of 25.35 g/m2 and an 
rRMSE of 43.87%). It was noted that the prediction accuracy of taro EWTcanopy improved 
significantly after the removal of the soil background by using the ExGR-based image 
segmentation technique, and that it yielded an optimal R2 of 0.92, an RMSE of 8.04 g/m2 and 
an rRMSE of 15.31%. These results align with the broader consensus in the literature. For 
instance, Xu et al. (2021) and Li et al. (2022) emphasised the challenge that is posed by the 
soil background in influencing the crop canopy spectra, particularly in UAV-derived imagery. 
Notably, while the ExG and ExR techniques demonstrated an acceptable accuracy in 
quantifying the taro EWTcanopy (an R2 of 0.90 and 0.76, respectively), the ExGR method 
outperformed both these techniques. This notable enhancement can be attributed to the inherent 
capabilities of the ExGR technique in effectively mitigating soil background interference (Zhai 
et al. 2023). The comprehensive nature of the ExGR method combines the advantages of both 
the ExG and ExR by simultaneously leveraging the ExG for extracting the crop canopy and the 
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ExR for eliminating background noise (Meyer et al. 2004, Hamuda et al. 2016, Riehle et al. 
2020, Upendar et al. 2021).  

Overall, the removal of the soil background has been proven to be imperative for enhancing 
the accuracy of taro EWTcanopy predictions. These findings are further supported by Shu et al. 
(2021), who reported a significant increase in the prediction accuracy, from an R2 of 0.45 and 
an RMSE of 7.13 before, to an R2 of 0.74 and an RMSE of 3.68, after performing soil 
background removal in estimating the SPAD chlorophyll content of a maize crop. These 
parallel findings underscore the significance of addressing the soil background interference for 
accurate and reliable estimations in water-related crop assessments. 

4.4.4 Implications of the study, its limitations and recommendations for future 
research 

The results of this study underscore the significant potential of accurately assessing and 
monitoring the EWTcanopy of taro in smallholder rainfed croplands by using UAV-derived 
multispectral-thermal and the ExGR image segmentation. The value of the UAV thermal band 
in this study highlights its significance in enhancing the precision of EWT estimations for taro 
crops. The application of UAV-based multispectral and thermal data offers exceptional 
accuracy in predicting the water status of taro, and it provides valuable insights into the 
smallholder taro-farming practices. These findings emphasise the significance of precision 
agricultural technologies, particularly UAVs, in enhancing smallholder agricultural 
management. The near-real-time capabilities of UAV-derived data enable rapid and effective 
decision-making, and they contribute to the improved crop health and productivity of crops, 
particularly NUS crops, such as taro. Despite the promising outcomes, it is worth noting the 
limitations. The high spatial resolution provided by the UAV onboard sensor contrasts with the 
limitations in the spectral resolution, which constrains the available multispectral bands and 
derived vegetation index options. In addition, while the study employed a high-precision GPS 
system, with up to a one-centimetre accuracy, careful consideration is essential during the 
sampling procedure to maintain the precision and accuracy of the sample locations. 
Furthermore, in order to advance the understanding of the crop water status, future studies 
should explore indicators beyond the EWT, including the stomatal conductance and more 
detailed assessments of canopy temperature, by incorporating thermal-related indices. Further 
research should also consider integrating structural features, such as crop cover, plant height, 
chlorophyll content and topographic variables, namely the aspect, slope and elevation, to 
enhance the precision of crop water predictions. In addition, exploring alternative image 
segmentation techniques can contribute to refining the accuracy and applicability of the 
models. 

4.5 Conclusion 

This study sought to evaluate the use of thermal remote sensing and index-based segmentation 
techniques in predicting the EWTcanopy in smallholder taro farmlands. The results showed that 
the UAV thermal data integrated with the multispectral data, and that the ExGR segmentation 
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technique is optimal for estimating the EWTcanopy of taro crops. Based on the findings of this 
study, it can therefore be concluded that: 

- the exclusion of the thermal band in the EWTcanopy estimations reduces the prediction 
accuracies of the taro water status;  

- the ExGR segmentation technique proved most effective in extracting crop canopy 
spectra and removing soil background, thereby enhancing the prediction accuracies of 
the taro EWTcanopy; and 

- the NIR, red-edge and thermal sections of the electromagnetic spectrum were identified 
as being the most influential in estimating the EWTcanopy of taro crops. 

These findings underscore the prospects of using UAV proximal remote sensing techniques to 
provide near-real-time spatial information for assessing the crop water status of smallholder 
NUS taro crops. The results of this study will assist the development of a robust, spatially-
explicit monitoring framework for taro water status by filling the knowledge gap, which is 
essential for integrating taro into sustainable agricultural practices. The findings serve as a 
stepping-stone to improved agricultural management practices and resource optimisation in the 
small-scale cultivation of NUS crops, and they align with the ongoing efforts to bridge the gap 
between research and practical implementation. Therefore, the insights gained from this study 
are imperative for decision-makers who are aiming to streamline NUS crops, particularly taro, 
into the existing agricultural systems, in order to enhance food security and to promote resilient 
farming practices in diverse agroecological environments. 
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5 ASSESSING THE WATER STATUS OF NEGLECTED AND 
UNDER-UTILISED TARO CROPS USING PHYSIOLOGICAL 

INDICATORS AND UAV MULTISPECTRAL-THERMAL DATA 

5.1 Introduction 

Neglected and Under-utilised crop Species (NUS) have emerged as vital assets in sustainable 
agricultural practices, and they offer the opportunity to diversify cropping systems and enhance 
resilience, in the light of the escalating climate change impacts and the need to ensure food 
security (Chivenge et al. 2015, Popoola et al. 2019, Mugiyo et al. 2021). In developing regions, 
such as southern Africa, where pre-existing challenges of hunger and nutrition insecurity 
persist, the cultivation of NUS, which is commonly confined to smallholder farms, plays a 
critical role in sustaining the local food security (Chivenge et al. 2015, Kapari et al. 2023). 
Despite contributing to approximately 80% of food production, smallholder systems are 
disproportionately susceptible to the effects of climate change and frequently experience 
periods of water stress and drought, which lead to substantial crop yield losses (Gomez y 
Paloma et al. 2020, Hlophe-Ginindza and Mpandeli 2020). Taro (Colocasia esculenta (L)), 
which is renowned for its drought and heat tolerance, holds great potential as a future smart 
crop that is capable of thriving in diverse agroecological environments (Mabhaudhi and Modi 
2015, Oyeyinka and Amonsou 2020, Talucder et al. 2024). Locally (in South Africa) taro is 
referred to as amadumbe, and it has garnered significant attention as a priority crop, due to its 
resilience to drought and heat stress, and its edible tubers are of a high nutritional value 
(Mabhaudhi et al. 2017, Munialo et al. 2024). Despite its promising attributes, there is a dearth 
in literature on its crop water status variations, which has hindered a comprehensive 
understanding of its adaptive capabilities. Therefore, research on the water status of taro 
becomes imperative for optimising its productivity, and it is also a step towards its integration 
into the mainstream agricultural systems. 

Having an understanding of the variations of the physiological indicators of the taro crops, in 
response to water deficit, is essential for designing and implementing effective crop water 
stress management strategies (Huang et al. 2020, Parkash and Singh 2020). During periods of 
water deficit, plants undergo a variety of physiological changes that are aimed at conserving 
water and mitigating the stress (Shafiq et al. 2019, Wang et al. 2022). For example, stomatal 
conductance, which is the measure of gas exchange through the leaf stomata, typically 
decreases under water stress conditions, the  as plants close their stomata to reduce water loss 
through transpiration (Gerhards et al. 2019, Wang et al. 2022). This decrease limits the uptake 
of carbon dioxide for photosynthesis, which leads to reduced plant productivity and growth 
(Ahmad et al. 2021). In addition, the chlorophyll content, which is essential for absorbing light 
energy during photosynthesis, declines due to the detrimental effects of water stress  on the 
chloroplast membrane and photo-oxidation (Shafiq et al. 2019, Parkash and Singh 2020). 
Meanwhile, the leaf temperature, which is influenced by evaporative cooling processes, often 
increases under water stress, as plants close their stomata to conserve water, which results in 
reduced transpiration cooling (Gerhards et al. 2019, Parkash and Singh 2020). Then the 
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equivalent water thickness and fuel moisture content, which reflect the moisture levels within 
plant tissues, typically decrease during water stress, as the plants experience dehydration 
(Ahmad et al. 2021, Ndlovu et al. 2024). Therefore, by monitoring the variations in these 
physiological indicators, we can effectively quantify the crop water status and implement 
timely interventions to mitigate the impacts of a water deficit on the productivity of the taro 
crop. Although traditional methods of retrieving the physiological indicators of the crop water 
status are accurate, these techniques are labour-intensive, time-consuming, and they generally 
rely on an exhaustive chemical analysis (Yin et al. 2023). Moreover, these measurements are 
prone to inaccuracies and do not sufficiently indicate the spatial variability of the crop water 
status across the entire field (Mobasheri and Fatemi 2013, Traore et al. 2021).  

Thermal remote sensing has proven to be a robust tool for assessing crop water status and the 
related physiological indicators, due to its inherent ability to detect subtle variations in the 
surface temperature, which are indicative of a crop”s water status (Khanal et al. 2017, Awais 
et al. 2022). By capturing thermal emissions from the earth's surface, thermal sensors provide 
valuable insights into the crop water status, as well as the related heat dissipation processes that 
are influenced by transpiration, evaporation and the plant water uptake dynamics (Gerhards et 
al. 2019, Zhai et al. 2023). Satellite-based thermal sensors, such as the Landsat Thermal 
Infrared Sensor (TIRS), Advanced Spaceborne Thermal Emission and Reflection Radiometer 
and the Ecosystem Spaceborne Thermal Radiometer Experiment on Space Station have been 
instrumental in obtaining regional-scale crop water status assessments (Gerhards et al. 2019, 
Awais et al. 2022). Despite their utility, satellite-based thermal sensors are restricted by their 
coarse spatial resolution, which limits the characterisation of the crop water status at a field 
scale (Khanal et al. 2017). Consequently, alternative approaches are necessary to capture finer-
scale variations in the crop water status and to facilitate precision agricultural practices. 

In recent years, advancements in earth observation technologies, specifically the use of 
Unmanned Aerial Vehicles (UAVs) that are equipped with multi-modal thermal multispectral 
sensors, have revolutionised the characterisation of the crop water status and associated 
physiological indicators, particularly on a  local scale (Hussain et al. 2020). UAVs, equipped 
with very-high-spatial resolution sensors of up to sub-centimetre precision, enable the precise 
assessment of the crop water status at a field scale (Chivasa et al. 2020). In comparison to 
satellites, UAVs offer flexibility in flight planning, and the ability to capture data on-demand, 
which makes them ideal for monitoring a crop’s physiological dynamics, such as taro’s crop 
water stress, in fragmented heterogeneous smallholder agricultural systems (Zhu et al. 2021). 
This is demonstrated by studies by Marques et al. (2020) who utilised UAV-acquired thermal 
data to characterise the stomatal conductance and relative water content of a commercial olive 
orchard, and studies by Han et al. (2021) that achieved an optimal R2 value of 0.96 in estimating 
the canopy temperature of apple trees, by using UAV thermal imagery.  

The integration of UAVs with machine learning methods, particularly deep learning 
approaches, such as Deep Neural Networks (DNNs), has further enhanced the analysis of 
remotely-sensed agricultural data (de Melo et al. 2022). The DNN algorithm is robust in 
characterising complex relationships, which allows for the more accurate prediction of crop 
attributes, including the water status (Omosalewa et al. 2022, Rajwade et al. 2023). However, 
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despite these advantages, the integration of DNN algorithms with UAV thermal remote sensing 
for crop water estimations on smallholder farms remains elusive. As a result, there is need for 
further research to fully exploit and incorporate the capabilities of DNN algorithms into 
precision agricultural applications. Therefore, this study aimed to leverage the capabilities of 
UAV multi-modal thermal multispectral remote sensing and deep neural network techniques 
to assess the crop water status of taro. This study specifically aimed to evaluate the performance 
of selected thermal and multispectral variables, along with their derived indices, in estimating 
the status of crop water physiological indicators (i.e. the equivalent water thickness, fuel 
moisture content, stomatal conductance, canopy temperature and chlorophyll content), and to 
optimise the prediction models by utilising optimal multi-modal variables derived from UAV-
acquired thermal multispectral data. 

5.2 Materials and Methods 

5.2.1 Field sampling and in-situ measurements 

The study area is detailed in Chapter One. To establish sampling points within the taro field, a 
polygon delineating the field boundary was constructed by using Google Earth Pro. After 
importing this polygon into ArcGIS Pro, 100 stratified random sampling points were created 
to ensure comprehensive coverage and accuracy in representing the diversity of taro crops 
across the field. Subsequently, these sampling points were transferred to a Trimble hand-held 
Global Positioning System (GPS) device (Trimble Inc., Sunnyvale, California, USA) with sub-
centimetre accuracy, which allowed for the precise location determination of each sampling 
point within the taro field. At each sampling point, in-situ measurements were taken to 
calculate the respective values of the equivalent water thickness, fuel moisture content, 
stomatal conductance, canopy temperature and chlorophyll content. The sampling procedure 
of each physiological indicator is explained further below.  

5.2.2 Equivalent water thickness and fuel moisture content 

A hand-held LiCOR-2200C Plant Canopy Analyser (LI-COR Biosciences, Lincoln, Nebraska, 
USA) was used to measure the Leaf Area Index (LAI) of the taro crop. LAI measurements 
were taken at a 45° zenith angle with a 180° view cap, and a total of five readings were collected 
above the (A) canopy and below (B) the canopy, following the ABBBB sequence. 
Subsequently, the above-ground biomass of each sampled crop was recorded, with the Fresh 
Weight (FW) being measured on an analytical balance with a measurement error of 0.5 g. The 
collected biomass was then transferred to a brown paper bag, which was labelled to identify it, 
then placed to dry in an oven at 60°C for approximately 72 hours until a consistent Dry Weight 
(DW) was reached. LAI, FW and DW served as the input variables for computing the taro 
Equivalent Water Thickness (EWT) and Fuel Moisture Content (FMC) by using the following 
equations:  

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑇𝑇ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐹𝐹𝐹𝐹−𝐷𝐷𝐷𝐷
𝐿𝐿𝐿𝐿𝐿𝐿

  Units: g/m2        (1) 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝐹𝐹𝐹𝐹−𝐷𝐷𝐷𝐷
𝐷𝐷𝐷𝐷

 𝑥𝑥 100  Units: %         (2) 
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5.2.3 Stomatal conductance 

An SC-1 leaf porometer (Decagon Devices Inc., Pullman, Washington, USA) was used to 
measure the stomatal conductance. This device was selected based on its capability to record 
leaf conductance rates, in relation to the external environmental factors (Byambadorj et al. 
2023). Prior to conducting measurements in the field, the calibration of the SC-1 leaf porometer 
was conducted to ensure a thermal equilibrium between the leaf clip and the environment. 
During the calibration process, filter paper that was saturated with distilled water from the 
sensor kit was placed over the aperture in the calibration plate. Subsequently, the sensor head 
was fixed to the calibration plate, and an initial measurement period of 30 seconds was 
established. The sensor was equilibrated after each measurement and the head of the sensor 
was reattached for the subsequent calibrations (Brewer et al. 2022). The calibration process 
was iterated up to ten times, to ensure stable measurements, thus standardising the readings of 
the instrument. Subsequently, stomatal conductance measurements were conducted at each 
sampling point by positioning the SC-1 leaf porometer at the centre of the leaf blade, 
perpendicular to the midrib of a sunlit taro leaf (Brewer et al. 2022). 

The leaf blades receiving full exposure to sunlight were selected to ensure accurate stomatal 
conductance measurements and to avoid potential shading effects that could alter the  
photosynthetic characteristics of the crop (Brewer et al. 2022). The SC-1 leaf porometer 
measured the air temperature and humidity simultaneously and automatically recorded the leaf 
stomatal conductance (in mmol m−2 s−1) for 30 seconds. Stomatal conductance measurements 
close to 0 mmol m−2 s −1 suggest the closure of the stomata to minimise water loss, which 
indicates an extreme water deficit, while values close to 500 mmol m−2 s −1 suggest open leaf 
stomata, which indicate minimal crop water stress and optimal physiological activity 
(Byambadorj et al. 2023).  

5.2.4 Foliar temperature 

The taro foliar temperature was assessed by using a digital laser infrared GM320 hand-held 
thermometer (Shenzhen Jumaoyuan Science and Technology Co., Ltd, Nanshan District, 
Shenzhen, China). The GM320 has a 1.5°C error margin and is characterised by a wide 
measurement range spanning from -50°C to 380°C and a spectral response of 8-14 µm. At each 
sampling point, five foliar temperature measurements were taken and averaged, to ensure 
accuracy. These measurements were acquired at specific locations on the taro leaf, namely: (1) 
the centre of each leaf blade, near the primary leaf vein, (2) roughly one-third along from the 
tip of the leaf, (3) about two-thirds of the way down from the leaf tip, and (4) at the midpoint 
between the leaf vein and the leaf margin on both sides. This comprehensive approach 
facilitated a thorough assessment of the leaf temperature distribution and variability across the 
taro foliage, which provided valuable insights into its thermal characteristics. 

5.2.5 Chlorophyll content 

The amount of chlorophyll in taro leaves was determined by using a Soil Plant Analysis 
Development (SPAD) 502 chlorophyll meter (Minolta Corporation Ltd., Osaka, Tokyo, Japan). 
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The SPAD meter facilitates the rapid non-destructive measurement of the chlorophyll content 
by emitting light through the crop leaves and quantifying the light transmitted in the red (650 
nm) and near-infrared (940 nm) regions (Delegido et al. 2011). The device instantaneously 
generates a unitless value, which correlates with the chlorophyll content that is present in the 
sampled leaf (Uddling et al. 2007, Bayat et al. 2016). Five chlorophyll measurements were 
obtained per sunlit leaf sampled at the top of the taro canopy at specific locations: (a) the middle 
point of every leaf blade, adjacent to the primary leaf vein, (b) about one-third down from the 
leaf tip, (c) about two-thirds from the leaf tip, and (d) at the middle point between the leaf vein 
and leaf margin on either side. These measurements were then averaged for each leaf and noted 
accordingly. The SPAD meter was protected from direct sunlight, in order to ensure accuracy 
when taking the chlorophyll readings. Finally, using the equation provided by Markwell et al. 
(1995) that demonstrated an R2 of 0.94, SPAD measurements were converted to a value for 
chlorophyll content: 

𝐶𝐶ℎ𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑦𝑦𝑦𝑦𝑦𝑦 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 10𝑀𝑀0.265   units: µmol m-2    (3) 

where the chlorophyll content, measured in µmol m-2, is represented by the SPAD value (M), 
which indicates the total chlorophyll per unit leaf area (Ling et al. 2011, Bayat et al. 2016). All 
field measurements were performed on a sunny day from 10:00 am to 2:00 pm local time, 
which coincided with the ideal time-frame for crop photosynthesis. This timing was selected 
to ensure that the gathered data captures the peak reflectance and photosynthetic function of 
the taro plants precisely. 

5.2.6 Image acquisition and pre-processing 

The DJI Matrice 300 (M300) (DJI-Innovations Inc., Shenzhen, China) multi-rotor platform and 
MicaSense Altum multispectral-thermal camera (MicaSense, Seattle, WA, USA) were flown 
over the taro field. The MicaSense Altum camera combines five narrow high-resolution bands 
to assess the reflectance across various spectral ranges, including the blue (475 nm), green (560 
nm), red (668 nm), red-edge (717 nm) and near-infrared (NIR) (840 nm), and it features a 
radiometric longwave infrared thermal channel (11 μm). To achieve optimal field coverage, a 
flight path was generated by transferring a shapefile of the experimental field directly to the 
smart controller of the M300. Prior to, and post, each flight, the MicaSense Altum camera was 
calibrated by using a Calibrated Reflectance Panel (CRP), based on known reflectance values 
across the spectrum, to perform the radiometric calibration on the sensor. Subsequently, an 
image of the CRP was captured under consistent lighting conditions, and it was utilised to 
compensate for the atmospheric and environmental conditions that were encountered during 
the flight. The autonomous aerial survey was carried out at an altitude of 100 m, by maintaining 
an 80% forward and sideward image overlap, which achieved 10.08 cm per pixel spatial 
resolution imagery. The drone flight was conducted during periods of peak solar radiation, 
typically from 10:00 am to 2:00 pm local time. This flight mission was executed concurrently 
with the field measurements, in order to ensure accurate synchronisation and comprehensive 
data collection. 
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The automated flight mission produced 1 626 raw images, which were then imported into 
Pix4D photogrammetry software (Pix4D, Lausanne, Switzerland) for pre-processing. Within 
Pix4D, the software automatically identifies the CRP images, leveraging them to execute 
radiometric corrections and generate an ortho-mosaic of the smallholder taro field. 
Subsequently, the ground reference points that were surveyed prior to the fieldwork were 
utilised to refine the geometric accuracy of the acquired images within the ArcGIS Pro 
software. The in-situ field measurements were superimposed on top of the obtained 
multispectral-thermal imagery, and both were georeferenced to the Universal Transverse 
Mercator zone 36S projection. Crop reflectance characteristics from both the multispectral and 
thermal wavelengths were extracted to compute the thermal and spectral indices, as outlined in 
Table 5.1. These specific indices were chosen due to their documented strong correlation with 
the plant water conditions, which made them reliable indicators for assessing and monitoring 
the crop water status (Baluja et al. 2012, Gago et al. 2017, Zhang and Zhou 2019, Ozelkan 
2020). In calculating the thermal indices, the Normalised Relative Canopy Temperature 
(NRCT) and Second Formulation of the Stomatal Conductance Index (I3), Tcanopy were 
determined by the canopy temperature of each sampled taro crop. Meanwhile, the Twet was 
determined by using the lower boundary temperature, assuming that these crops were 
experiencing maximum transpiration (open stomata), and the Tdry was determined by using the 
higher boundary temperature, assuming that these crops were experiencing minimum 
transpiration conditions (closed stomata) (Baluja et al. 2012, Crusiol et al. 2020). 

Table 5-1 UAV-derived spectral indices used in this study 

Vegetation Index Abbreviation and Equation Reference 

Thermal Indices 
Normalised Relative Canopy 
Temperature 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  

𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 −  𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤
𝑇𝑇𝑑𝑑𝑑𝑑𝑑𝑑 −  𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤

 
(Elsayed et al. 

2015) 
Second Formulation of the 
Stomatal 
Conductance Index  

𝐼𝐼3 =
𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 −  𝑇𝑇𝑤𝑤𝑤𝑤𝑤𝑤
𝑇𝑇𝑑𝑑𝑑𝑑𝑑𝑑 −  𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

 

 

(Baluja et al. 
2012) 

Spectral Indices 
Normalised difference 
vegetation index  

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁  +  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 (Rouse et al. 
1974) 

Soil-Adjusted Vegetation 
Index        

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁  + 𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐿𝐿  
  ×  (1 + 𝐿𝐿) (Huete 1988) 

Normalised Difference Red 
Edge Index   

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁− 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

                 (Gitelson and 
Merzlyak 1994)  

Normalised Green-Red 
Difference Index 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 −  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟
𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺  +  𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟

 (Hunt Jr et al. 
2013) 

Photochemical Reflectance 
Index       

𝑃𝑃𝑃𝑃𝑃𝑃 =   𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅− 𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 + 𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

   (Gamon et al. 
1992) 
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Transformed Chlorophyll 
Absorption in Reflectance 
Index 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 
3 × �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�  

−   0.2 × �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −   𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺�  

×  
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

(Haboudane et 
al. 2002) 

Modified Chlorophyll 
Absorption in Reflectance 
Index  

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =  �𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�  −   0.2 𝑥𝑥 (𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁 −

  𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)  × 𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

                  

(Daughtry et al. 
2000) 

Red edge chlorophyll index 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =
𝑅𝑅𝑁𝑁𝑁𝑁𝑁𝑁

𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
− 1 (Gitelson et al. 

2003, Gitelson 
et al. 2006) 

 

5.2.7 Crop canopy index-based segmentations 

Crop canopy index-based segmentation was executed on the UAV multispectral-thermal image 
by using the Excess Green minus Excess Red (ExGR) index technique (Hamuda et al. 2016). 
This method was chosen to effectively delineate the crop canopy, while eliminating the soil 
background from the multispectral thermal image, to ensure the accuracy of crop water 
predictions across the taro field. Unlike other segmentation techniques, such as the Excess 
Green index, the ExGR index does not rely on a specific threshold for calculation, as positive 
pixel values are classified as the crop canopy, while negative values represent the background 
(Riehle et al. 2020). Following the calculation detailed below, a fixed zero threshold was used 
to automatically generate a binary image from the grey-level histogram in Mathworks MatLab 
(Hamuda et al. 2016, Shu et al. 2021). The resulting image was then reclassified into vegetation 
pixels (assigned Value 1) and soil pixels (assigned Value 0). The crop canopy mask was then 
converted into a shapefile and overlaid onto the original UAV image in ArcGIS Pro, effectively 
removing the soil background (Figure 5.1). 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = (2 × 𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −  𝑅𝑅𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵) − (1.4 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 −  𝑅𝑅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)    (4) 
 

where R represents the reflectance values obtained from the respective spectral band. 
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Figure 5-1 Taro crop canopy extraction by using the ExGR index-based segmentation 
technique 

5.2.8 Model development and statistical analysis 

This study utilised a deep machine learning approach to develop models for estimating the 
physiological indicators of the taro crop water status, which included th equivalent water 
thickness, the fuel moisture content, the stomatal conductance, the temperature and the 
chlorophyll content. Specifically, we leveraged the abilities of the Deep Neural Network 
(DNN), which is an artificial neural network that is distinguishable by its multiple 
interconnected hidden layers, to estimate the crop water-related indicators (Traore et al. 2021). 
These hidden layers work collaboratively to learn the complex features, which enables the 
transformation of input data into valuable output information (Chew et al. 2020, Bouguettaya 
et al. 2022). Unlike conventional machine learning methods that require a prior knowledge of 
the parameters, DNN relies on the feature representations acquired directly from the input 
dataset (Omosalewa et al. 2021). This distinct strategy enables the model to comprehend and 
detect complex non-linear relationships among the variables, thereby improving its capacity to 
reveal intricate patterns and dependencies within the data (Omosalewa et al. 2021, Traore et 
al. 2021).  

A three-layer neural network model consisting of a comprehensive set of 14 input variables, 
including five spectral channels, one thermal infrared band and eight vegetation indices, was 
assessed individually and used collectively to develop the optimal crop water content models 
(Figure 5.2). The models were stimulated and refined by using a Rectified Linear Unit (ReLU) 
with a maximum of 200 epochs to enhance the prediction accuracy. To address the challenge 
of overfitting, a drop-out regularisation technique was implemented, with the input and hidden 
layer drop-out rates set at 0.4 and 0.2, respectively. Furthermore, the SoftMax activation 
function was used for the transformation of raw neural network outputs into a vector of 
probabilities, while the Adaptive moment estimation (Adam) optimiser was chosen to achieve 
optimal results. Finally, the DNN models for crop-water related parameters were fine-tuned 
with a learning rate of 0.001 and a batch size of 32. 
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Figure 5-2 Graphical representation of the DNN structure, composed of input, hidden and 
output layers 

5.2.9 Accuracy assessment 

An accuracy assessment was performed by using the training dataset (n = 30) to evaluate the 
effectiveness of the DNN model in estimating the taro crop water indicators. Three key 
accuracy metrics were utilised for this evaluation: the coefficient of determination (R2), the 
Root Mean Square Error (RMSE), and the Relative Root Mean Square Error (rRMSE). These 
metrics are detailed in Ndlovu et al. (2024). To understand the contribution of predictor 
variables in model development, the SHapley Additive exPlanations (SHAP) approach was 
employed. This approach calculates the marginal contribution value of each predictor variable, 
thereby ranking its importance in the model (Nahiduzzaman et al. 2023). Utilising SHAP 
provides a comprehensive understanding of the significance of individual predictor variables 
in influencing the accuracy of the crop water status physiological indicators estimation models.  

5.2.10 A methodological overview on assessing the influence of thermal spectral data in 
characterising crop water status physiological indicators 

Figure 5.3 illustrates the methodology that was used to evaluate the influence of integrating 
thermal spectral data on the prediction accuracy of the physiological indicators of the crop 
water status. The analysis followed a comparative approach across the different stages (a-d) to 
determine the significance of thermal data in enhancing the model’s performance. Firstly, a 
DNN model was developed for each crop water status physiological indicator by using 
multispectral bands (blue, green, red, NIR and red-edge) to establish a baseline prediction 
accuracy (a). Thereafter, the thermal band was integrated into the model in the second stage, 
to assess the impact of the raw thermal data on model accuracy (b). In the third stage (c), 
thermal indices were incorporated to assess the influence of including the raw thermal band 
and derived thermal indices (NRCT and I3) in the prediction accuracies of the crop water 
indicators. Lastly (d), for comparative purposes against thermal indices, a final analysis was 
conducted for each crop water status indicator, using only the spectral indices derived from 
multispectral wavelengths (i.e. spectral indices (NDVI, SAVI, NDRE, NGRDI, PRI, TCARI, 
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MCARI, CIrededge)), to compare the efficiency of spectral indices in characterising the water 
status variations of taro crops. The influence of thermal remote sensing in enhancing the 
prediction accuracy of the crop water status indicators is determined by the model with the 
highest R2 and the lowest RMSE and rRMSE values. 

 

Figure 5-3 Methodological overview of the study 
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5.3 Results 

5.3.1 Descriptive analysis of taro crop water status indicators 

Table 5.2 presents the descriptive analysis results and variability of the taro crop water status 
indicators across the smallholder field. For equivalent water thickness, the range spanned from 
8.72 g/m² to 220.77 g/m², with a mean value of 59.77 ± 42.17 g/m². The fuel moisture content 
ranged from 28.68% to 84.43%, with a mean of 68.96 ± 10.19%. Similarly, the stomatal 
conductance varied from 43.10 mmol m-2 s-1 to 575.90 mmol m-2 s-1, with a mean value of 
234.09 ± 149.77 mmol m-2 s-1. The leaf temperature varied from 26.10°C to 33.40°C, with a 
mean of 29.90 ± 1.65°C, while the chlorophyll ranged from 587.89 µmol/m² to 1643.95 
µmol/m², with a mean value of 1118.07 ± 229.59 µmol/m². 

Table .5-2 Descriptive analysis of the taro crop water status physiological indicators 
Indicator Min Max Mean Median SEM Std CV% 
Equivalent Water Thickness (g/m2) 8.72 220.77 59.77 48.20 4.77 42.17 70.54 
Fuel Moisture Content (%) 28.68 84.43 68.96 70.69 1.15 10.19 14.78 
Stomatal Conductance (mmol m−2 s−1) 43.10 575.90 234.09 174.85 16.96 149.77 63.98 
Leaf Temperature (°C) 26.10 33.40 29.90 29.80 0.19 1.65 5.51 
Chlorophyll Content (µmol/m−2) 587.89 1643.95 1118.07 1135.20 26.00 229.59 20.53 

The standard error of mean is denoted by SEM, the standard deviation by Std., and the 
coefficient of variation by CV  

5.3.2 Estimation of the taro crop water status physiological indicators using selected 
spectral variables 

The estimation accuracies of the physiological indicators of the taro crop water status, using 
selected spectral variables, are presented in Table 5.3. When considering the prediction 
accuracies based on multispectral bands alone, a poor-to-moderate model performance was 
observed across all physiological indicators. Specifically, an equivalent water thickness, fuel 
moisture content and chlorophyll content reported R2 values between 0.30 and 0.36, while the 
stomatal conductance and leaf temperature recorded R2 values of 0.46 and 0.47, respectively. 
Furthermore, both the RMSE and rRMSE values were relatively high across the indicators, 
which revealed significant variations between the predicted and observed measurements that 
were achieved, based on multispectral bands. Meanwhile, incorporating the thermal band into 
the analysis improved the prediction accuracies, particularly for the stomatal conductance and 
leaf temperature, and it yielded an impressive R2 of 0.80 and 0.65, respectively. The 
corresponding RMSE values were 66.54 mmol m−2 s−1 and 0.89°C, with rRMSE values of 
29.16% and 2.96%, respectively (Table 5.3).  

Similarly, the integration of multispectral and thermal bands with thermal indices improved 
the prediction accuracies further, across all crop water status physiological indicators, with 
higher R2 and lower RMSE and rRMSE values. Notably, the leaf temperature achieved the 
highest model accuracy, based on this integration, yielding an R2 of 0.74, an RMSE of 0.76°C 
and an rRMSE of 2.54%. Meanwhile, the incorporation of thermal indices did not significantly 
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enhance the predictive performance of fuel moisture content and chlorophyll content, with both 
indicators achieving moderate accuracies (R2 = 0.55, RMSE = 6.48%, rRMSE = 9.22% and R2 
= 0.53, RMSE = 148.99 µmol/m−2, rRMSE = 13.6 %, accordingly) (Table 5.3).   

The analysis revealed that spectral indices yielded the highest prediction accuracies across 
several physiological indicators. For instance, the fuel moisture content and chlorophyll content 
achieved their peak prediction accuracies when the spectral indices were selected as input 
variables, yielding R2 values of 0.77 and 0.76, respectively. The corresponding RMSE and 
rRMSE values were 4.60% and 6.55% for the fuel moisture content, and 115.77 µmol/m−2 and 
10.56%, for the chlorophyll content. While the equivalent water thickness obtained an R2 of 
0.73, the model produced a relatively high rRMSE of 33.82%, which indicated a notable 
variability between the predicted and actual values. Interestingly, while most physiological 
indicators performed best with general spectral indices, the stomatal conductance and leaf 
temperature achieved their highest prediction accuracies when integrating the multispectral and 
thermal bands with the thermal indices. Stomatal conductance, for example, achieved an 
impressive R2 of 0.84, with an RMSE of 59.23 mmol m−2 s−1 and rRMSE of 25.96%, while the 
leaf temperature exhibited an R2 of 0.74, with an RMSE of 0.76°C and an rRMSE of 2.54% 
(Table 5.3). 

Table 5-3 Estimation accuracies of taro crop water status physiological indicators using 
selected spectral variables 

Predictor 
Variables 

Accurac
y Metric 

Equivalen
t Water 

Thickness 
(g/m2) 

Fuel 
Moistur

e 
Content 

(%) 

Stomatal 
Conductance 

(mmol m−2 
s−1) 

Leaf 
Temperatur

e (°C) 

Chlorophyl
l Content 

(µmol/m−2) 

Multispectral 
Bands 

R2 0.36 0.34 0.46 0.47 0.30 
RMSE 36.28 7.88 108.83 1.10 196.09 
rRMSE 52.62 11.21 47.69 3.64 17.88 

Multispectral 
Bands  
Thermal Band 

R2 0.47 0.43 0.80 0.65 0.43 
RMSE 32.95 7.31 66.54 0.89 177.22 
rRMSE 47.80 10.41 29.16 2.96 16.16 

Multispectral 
Bands 
Thermal Band 
Thermal Indices 

R2 0.64 0.55 0.84 0.74 0.53 
RMSE 27.21 6.48 59.23 0.76 148.99 
rRMSE 39.47 9.22 25.96 2.54 13.16 

Spectral Indices R2 0.73 0.77 0.77 0.67 0.76 
RMSE 23.32 4.60 71.30 0.86 115.77 
rRMSE 33.82 6.55 31.25 2.84 10.56 

The highest accuracies achieved for each physiological indicator using optimal spectral 
variables selected by the DNN algorithm are highlighted in bold text. 
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5.3.3 Optimised regression models of taro crop water status physiological indicators 
integrating thermal and multispectral data 

Optimised regression models were developed for all physiological indicators of crop water 
status by leveraging combinations of multispectral bands, the thermal band, thermal indices, 
and spectral indices. For instance, in estimating the equivalent water thickness of taro crops, 
the optimised regression model achieved an impressive R2 of 0.95, a corresponding RMSE of 
9.76 g/m2 and an rRMSE of 14.15 (Figure 5.4a). The top-most influential predictor variables 
in the model development were MCARI, Thermal, CIrededge, TCARI, NIR, PRI and NDRE, 
in descending order of importance (Figure 5.5a). Similarly, the optimised model for the fuel 
moisture content yielded an exceptional R2 of 0.94, with an RMSE of 2.33% and an rRMSE of 
3.32% (Figure 5.4b). Variables such as MCARI, CIrededge, and PRI emerged as the most 
important predictors, indicating the significance of chlorophyll-based indices in estimating fuel 
moisture content (Figure 5.5b). 

Furthermore, the optimised regression model for stomatal conductance exhibited an optimal R2 
of 0.96, with an RMSE of 29.34 mmol m−2 s−1 and an rRMSE of 12.86% (Figure 5.4c). Among 
the top predictors, variables such as CIrededge, thermal band, NRCT, PRI and MCARI (Figure 
5.5c), emerged as significant contributors, which highlighted the importance of thermal data 
and certain spectral indices in predicting stomatal conductance. Similarly, the optimised 
regression model for leaf temperature produced an impressive R2 of 0.95, an RMSE of 0.33°C 
and an rRMSE of 1.11% (Figure 5.4d). Again, thermal data, including the thermal band and 
NRCT, along with spectral indices, such MCARI, CIrededge, PRI, NDWI and NDRE, were 
among the most important predictor variables (Figure 5.5d). Lastly, the chlorophyll content 
estimation model achieved a strong R2 of 0.91, with an RMSE of 71.51 µmol/m−2 and an 
rRMSE of 6.52% (Figure 5.4e). Despite being slightly lower than the other indicators, these 
results still demonstrate the model's effectiveness in estimating the chlorophyll content of 
smallholder taro crops. The top-most influential predictor variables were CIrededge, thermal, 
MCARI, PRI, NDRE, TCARI and NDVI, which indicates the significance of red-edge-derived 
spectral indices and the thermal band in predicting the chlorophyll content (Figure 5.5e). 
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Figure 5-4: Relationship between measured and predicted a) equivalent water thickness, b) 
fuel moisture content, c) stomatal conductance, d) leaf temperature and e) 
chlorophyll content 
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Figure 5-5 SHAP-generated variable importance values of predictor variables used in 
developing the optimal estimation models of a) equivalent water thickness, b) 
fuel moisture content, c) stomatal conductance, d) leaf temperature and e) 
chlorophyll content 

 

5.3.4 Mapping the spatial distribution of the physiological indicators of the taro crop 
water status  

The integration of multispectral and thermal bands with thermal and spectral indices presented 
the highest prediction accuracies. Figure 5.6 depicts the spatial distribution of the crop water 
status physiological indicators of smallholder taro crops. Notably, the southwestern area of the 
field consistently exhibited higher estimated values for the equivalent water thickness, fuel 
moisture content, stomatal conductance and chlorophyll content, which contrasts with the 
relatively lower values observed in the eastern up-slope regions. In addition, the leaf 
temperature patterns revealed distinct spatial variations, with lower temperatures being 
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prevalent in the southwestern parts and higher temperatures in the northern and southern 
extremities of the field (Figure 5.6). 

 

Figure 5-6 Spatial distribution of modelled a) equivalent water thickness, b) fuel moisture 
content, c) stomatal conductance, d) leaf temperature and e) chlorophyll content 

5.4 Discussion 

5.4.1 The performance of integrating multispectral and thermal bands with thermal 
and spectral indices 

The results of this study illustrate that integrating multi-modal features, such as thermal and 
multispectral data, along with their derived spectral indices, leads to higher estimation 
accuracies, compared to using the single-modal variables alone. For instance, the combination 
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of thermal and multispectral data resulted in the most accurate predictions of the crop water 
status physiological indicators, as evidenced by the findings presented in Table 5.3 and Figure 
5.5. This improvement can be attributed to the complementary nature of the thermal and 
multispectral data, which captured different aspects of the crop physiology and water status, 
thereby enhancing the overall predictive capability of the model (Sobejano-Paz et al. 2020). 
While thermal imaging provides valuable temperature information that is associated with the 
leaf moisture, pigmentation and canopy structure features, it is important to note that a wide 
range of environmental factors influence the crop water status beyond what thermal imaging 
alone can capture (Zhu et al. 2021). For example, during their evaluation of the water status 
variability using UAV data, Baluja et al. (2012) found that certain vegetation indices derived 
from multispectral data, as opposed to thermal images, exhibited a stronger correlation with 
the stomatal conductance and leaf water potential within a commercial rainfed vineyard. In 
addition, physiological indicators such as the equivalent water thickness, the fuel moisture 
content and the chlorophyll content were not extensively associated with the variations in the 
thermal section of the electromagnetic spectrum (Gerhards et al. 2019). This could be attributed 
to the fact that these physiological elements of the crop are more aligned with biomass 
accumulation (Quan et al. 2015, Liu et al. 2019, Sibanda et al. 2021). In contrast, spectral 
indices derived from multispectral data that focus on the crop greenness and health, 
complement thermal imaging by providing additional information on the plant’s physiological 
processes that are related to its water status (Pineda et al. 2020, Kang et al. 2021). Therefore, 
the integration of various types of variables from multiple modalities could have effectively 
reduced the influence of noise, thereby enhancing the predictive capabilities of the estimation 
models (Sobejano-Paz et al. 2020, Zhai et al. 2023). The findings of this study are supported 
by those of Zhai et al. (2023), who integrated the spectral capabilities of thermal and 
multispectral data to optimise the estimation of the chlorophyll content of maize crops, which 
achieved an R2 of 0.75 and an RMSE of 8.36%. 

This study demonstrated that the equivalent water thickness of taro was optimally predicted by 
using a combination of spectral variables, including MCARI, Thermal, CIrededge, TCARI, 
NIR, PRI and NDRE, which resulted in an R2 of 0.95 and an rRMSE of 14.15% (Figures 5.4a 
and 5.5a). Similarly, for fuel moisture content, the optimised model revealed MCARI, 
CIrededge and PRI as the most influential predictors, by achieving a high R2 of 0.94 and an 
rRMSE of 3.32% (Figures 5.4b and 5.5b). Even though the thermal band and derived thermal 
indices did not emerge as the top-most predictor variables, it was not surprising, as the 
equivalent water thickness and fuel moisture content are closely linked to the leaf matter and 
accumulated above-ground biomass, which decreases under soil water stress (Zhang and Zhou 
2019, Qi et al. 2020). These findings are supported by those of Gunawardena et al. (2015) who 
observed a poor negative correlation between the above-ground biomass and land surface 
temperature, with an R2 value of 0.35, hence signifying the poor relationship between the 
thermal characteristics and the biomass-derived indices.    

Moreover, the result highlighted the influential role of the thermal band and derived indices in 
predicting the stomatal conductance and leaf temperature in smallholder taro crops. 
Specifically, influential predictor variables, such as CIrededge, the thermal band, NRCT, PRI 
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and MCARI, yielded optimal predictions for stomatal conductance, by achieving an impressive 
R2 of 0.96 and an rRMSE of 12.86% (Figures 5.4c and 5.5c). Similarly, for the leaf temperature, 
the thermal band, NRCT, MCARI, CIrededge, PRI, NDWI and NDRE emerged as crucial 
predictor variables, resulting in an optimal R2 of 0.95 and an rRMSE of 1.11% (Figures 5.4d 
and 5.5d). The significance of the thermal band can be attributed to its ability to capture 
variations in the canopy temperature, which directly affect the stomatal conductance and water 
use (Ahmad et al. 2021, Wang et al. 2022). As the stomata regulate the release of water vapour 
from crops, changes in the stomatal conductance are reflected in the leaf temperature, which 
makes the thermal band a valuable predictor for this physiological indicator (Yu et al. 2015, 
Gerhards et al. 2019). In a similar study, Brewer et al. (2022) explored the use of integrating 
optical and thermal infrared UAV imagery to estimate the stomatal conductance and leaf 
temperature, by achieving R2 values of 0.85 and 0.81, respectively, with the thermal band 
emerging amongst the top most influential variables. Furthermore, PRI has been shown to 
exhibit a strong correlation with the stomatal conductance, as it captures changes in 
photosynthetic activity that are associated with stomatal regulation (Magney et al. 2016, Yang 
et al. 2020). Therefore, the inclusion of thermal data and spectral indices, such as PRI, in 
estimation models enhances the ability to accurately estimate stomatal conductance, which 
offers insightful information about the water status of taro crops. 

Finally, the findings revealed that the estimation of the chlorophyll content can be optimally 
achieved to an R2 of 0.91 and an rRMSE of 6.52%, with thermal data and red-edge-based 
indices, including CIrededge, MCARI, PRI, NDRE and TCARI emerging as the most 
influential predictor variables (Figures 5.4e and 5.5e). Similarly, Brewer et al. (2022) found 
that smallholder maize farms attained a comparable correlation between the chlorophyll 
content and the red-edge-based indices, yielding optimal chlorophyll content prediction 
models, with R2 values exceeding 0.75 throughout the growing season. Meanwhile, in a related 
study, Clevers and Gitelson (2013) identified red-edge-based indices, such as CIrededge, as 
optimal variables for precisely quantifying the chlorophyll content of maize and soybean, by 
achieving R2 values of 0.92 and 0.94, respectively.  

5.4.2 The performance of selected spectral variables in estimating the crop water 
status and physiological indicators of smallholder taro crops 

The findings of this study revealed a suboptimal performance of UAV-derived multispectral 
bands in predicting the physiological indicators of crop water status. This limitation can be 
attributed to the limited spectral resolution of UAV-acquired multispectral bands, which 
constrain their ability to capture the intricate variations in the physiological indicators (Lu and 
He 2017, Barbedo 2019, Huang et al. 2019). These findings are consistent with those of Zhai 
et al. (2023), who investigated the efficacy of gradient boosting machine, Random Forest 
regression and ridge regression in estimating the chlorophyll content of maize crops, by solely 
using multispectral bands and achieving R2 values ranging from 0.54 to 0.61. Consequently, 
achieving optimal predictions of the crop water status of taro necessitates the integration of 
additional data sources, such as thermal bands and spectral indices, in order to enhance the 
accuracy and reliability of the estimations. 
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Meanwhile, the findings demonstrated a notable increase in the prediction accuracies when the 
thermal band and thermal indices were integrated with multispectral bands, especially for 
stomatal conductance and leaf temperature of taro. The literature has detailed that thermal data 
and derived thermal indices offer valuable insights into crop water stress by detecting variations 
in the leaf temperature that are linked to water availability and the transpiration rate (Baluja et 
al. 2012, García-Tejero et al. 2016, Gago et al. 2017). For example, stomatal conductance, 
which regulates the leaf temperature dynamics, influences the closure of stomata under water 
stress, which reduces the water vapour loss and increases the leaf temperature (Yu et al. 2015, 
Wang et al. 2022). Therefore, by correlating the crop temperature and stomatal activity, thermal 
infrared data can provide rapid and robust data that are essential for quantifying the stomatal 
conductance of smallholder taro crops. 

Moreover, spectral vegetation indices produced the highest model accuracies for estimating the 
equivalent water thickness, the fuel moisture content and the chlorophyll of smallholder taro 
crops. These findings are consistent with a substantial and expanding body of literature that 
demonstrates the efficacy of spectral indices that have been developed from water-sensitive 
portions of the spectrum for estimating the physiological indicators of a crop’s water status 
(Zhang and Zhou 2015, Pasqualotto et al. 2018, Zhang et al. 2019, Sibanda et al. 2021). For 
instance, water stress-induced changes in the moisture content and chlorophyll levels are 
intricately linked to their leaf pigmentation and biochemical composition, which influence the 
spectral reflectance of the crop canopy, especially in the near-infrared and red edge regions of 
the electromagnetic spectrum (Pasqualotto et al. 2018, Parkash and Singh 2020). Therefore, by 
leveraging the unique spectral properties captured by these bands, vegetation indices provide 
enhanced sensitivity to changes in the chlorophyll content and canopy moisture content 
(Brewer et al. 2022, Ndlovu et al. 2024).  

5.4.3 Implications of the study limitations and recommendations for future research 

The study highlights the prospects for high-resolution UAV-acquired thermal remote-sensing 
techniques in assessing crop water status physiological indicators, particularly of NUS 
smallholder crops like taro. Demonstrating the effectiveness of thermal data when they are used 
in conjunction with multispectral bands highlights the importance of integrating various 
spectral variables for comprehensive agricultural monitoring. Understanding the dynamics of 
crop water status physiological indicators, including the equivalent water thickness, fuel 
moisture content, stomatal conductance, canopy temperature and chlorophyll content, enables 
the development of targeted adaptation strategies for smallholder farmers who are facing 
climate-related risks. Furthermore, the in-depth analysis of the crop water status of taro could 
contribute to agricultural frameworks that are aimed at redefining existing agricultural 
landscapes and diversifying cropping systems to include future smart NUS crops, such as taro, 
thus ensuring sustainable food production and food security.  

However, this study acknowledges several limitations. Firstly, the occlusion effects, as a result 
of the top-down perspective of the UAV sensor, may obscure certain parts of the crop canopy 
due to overlapping leaves, and therefore, they may potentially influence the accuracy of the 
crop water status measurements. Therefore, future studies should explore the integration of 
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Light Detection and Ranging technology to account for the effects of occlusion, by providing 
a three-dimensional view of the canopy structure and its influence on crop water monitoring. 
Furthermore, while the interlacing of leaves was not a significant factor in this study, due to  
the discontinuous canopy structure of taro, further research is required to understand the effect 
of the intra-plant overlapping of leaves, particularly for leaf-level estimations of crop water 
status indicators. In addition, environmental and atmospheric attributes, such as solar radiation, 
can introduce interferences in the thermal reflectance properties, thereby affecting the quality 
of the data and reducing the accuracy of the estimated crop water physiological indicators. 
Therefore, further research on the refinement and incorporation of these aspects is required, in 
order to enhance the reliability and accuracy of the estimated crop water status indicators. 
Furthermore, in order to gain a comprehensive understanding of crop water status, further 
research is required to investigate the phenology and water status variations of smallholder taro 
crops across the growing season. In addition, there is a need to explore the integration of 
additional crop water-related indicators, such as the soil moisture content, to provide a more 
holistic understanding of the water dynamics in smallholder taro farming systems.  

5.5 Conclusion 

This study aimed to assess the applicability of UAV multi-modal thermal multispectral data 
and deep neural network techniques to assess the crop water status of smallholder taro crops. 
Considering the findings presented in this study, the following conclusions can be drawn: 

• The physiological indicators of taro crop water content  could be optimally estimated 
by using multi-modal UAV-acquired thermal and multispectral data, achieving 
impressive R2 values greater than 0.91 and rRSME values less than 14.15% of the 
equivalent water thickness, fuel moisture content, stomatal conductance, canopy 
temperature and chlorophyll content.  

• Integrating the thermal and multispectral bands with thermal and spectral indices 
resulted in the most optimal estimation models for an equivalent water thickness, fuel 
moisture content, stomatal conductance and canopy temperature. 

This study serves as a stepping stone toward advancing precision agriculture practices for taro. 
Demonstrating the effectiveness of UAV multi-modal thermal multispectral remote sensing 
techniques paves the way for the more efficient and sustainable management of taro cultivation 
practices. Furthermore, the integration of advanced remote sensing technologies and deep 
learning algorithms allows for new avenues for enhancing agricultural monitoring and 
decision-making processes, that ultimately contribute to global efforts towards achieving food 
security and sustainable agricultural systems. 
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6 UAV-BASED ESTIMATION OF CANOPY CHLOROPHYLL 
CONTENT FOR TARO AND SWEET POTATOES ON 

SMALLHOLDER FARMS 

6.1 Introduction 

Overcoming the well-known contradiction between the rapid population increase and the 
limited food supply is a challenge that motivates an increasing number of studies on smart 
agriculture (Ren et al. 2024). Neglected and under-utilised crop species, also known as 
traditional crops, since they are grown in rural areas by marginalised communities, are some 
of the smart crops that are considered as alternative crops that have the potential to optimise 
food production and supply. The neglected taro and sweet potatoes are renowned for their 
adaptability to dryland agro-ecologies, they are highly nutritious and they offer greater 
opportunities in low-yielding regions (Mabhaudhi et al. 2017, Mugiyo et al. 2021). For several 
agronomic, genomic, socioeconomic and cultural beliefs, these crops have long been 
overlooked by conventional farming, but they are now gaining traction, due to their potential 
role in mitigating the risks associated with climate change in agricultural production systems 
(Padulosi et al. 2013). To optimise their production, there is a need for robust and effective 
phenotyping and monitoring techniques. One of the elements that is often associated with crop 
growth and health is the chlorophyll content concentration. 

The chlorophyll content serves as a proxy for the general photosynthetic productivity of a crop 
population, and it is crucial for assessing the growth and nutritional health of individual crops 
(Daughtry et al. 2000, Yang et al. 2022). This is attributed to the biophysical pigment that is 
found in leaves and the biochemical processes that are involved in photosynthesis, also 
indicates the crop yield (Tahir et al. 2018, Falcioni et al. 2020, Petibon and Wiesenberg 2022). 
Insufficient chlorophyll levels often indicate that plants may be under stress, due to a water 
scarcity, a lack of nutrients, pests or diseases (Parkash and Singh 2020, Bhattacharya and 
Bhattacharya 2021). Therefore, tracking its concentration and variability in plants can assist in 
the early detection of stress, which allows for timely and targeted interventions to enhance the 
productivity and yield of a crop. The Leaf Chlorophyll Content (LCC) is the concentration of 
chlorophyll within a single leaf at a particular time, while the Canopy Chlorophyll Content 
(CCC) is the chlorophyll concentration over the entire canopy of plants over a given unit of 
area. This includes the chlorophyll content of each leaf, together with the spatial and structural 
arrangement of the plant’s foliage (Sun et al. 2021, Narmilan et al. 2022). CCC provides a 
thorough assessment of the chlorophyll levels across the canopy scale; the measurement of 
CCC is influenced by the vertical arrangement (leaf area index) and concentration of the LCC 
(Ciganda et al. 2009, Li et al. 2020, Yang et al. 2022). While LCC is a fundamental component 
of CCC, it is not yet understood whether they could yield similar accuracies. Nevertheless, both 
the LCC and CCC are traditionally assessed by following visual inspections or invasive 
methods, such as a chemical analysis. These methods are not spatially explicit, are point 
sample-based, expensive and laborious. There is therefore a need for precise, consistent, 
spatially-explicit and high-throughput phenotyping technologies for assessing crop health by 
using its proxy chlorophyll content. 
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Non-destructive, precise, quick and consistent measurements of crop traits, such as the 
chlorophyll content, have become possible through remote sensing techniques (Miao et al. 
2008, Duveiller et al. 2013, Nhamo et al. 2020). Remote sensing-based chlorophyll content 
phenotyping offers repeated measurements which are non-invasive, as well as time- and cost-
effective, while it also covers both the local to regional scales. However, conventional remote 
sensing-based chlorophyll content phenotyping techniques often rely on freely-accessible 
satellite data (Nhamo et al. 2018, Berra and Peppa 2020). A significant limitation of publicly-
accessible satellite data is its failure to meet the growing demand for the high spatial and 
temporal resolution information that is required in near-real-time chlorophyll content 
phenotyping in small and fragmented croplands, where sweet potatoes and taro are often grown 
(Psirofonia et al. 2017). In addition, UAVs can address the challenges related to spatio-
temporal resolution; however, the expenses involved pose a significant barrier for smallholder 
farms. 

In the recent past, Unmanned Aerial Vehicles (UAVs) have gained worldwide recognition as 
ground-breaking, economical and efficient precision tools for crop phenotyping. UAVs provide 
advanced analytics for image data transmission at Very High Resolutions (VHR) and have been 
found to effectively address the shortcomings of satellite imagery (Maes and Steppe 2019, 
Nhamo et al. 2020). In addition, UAVs possess the capability for versatile movement and a 
wide field of vision that is suitable for capturing the chlorophyll content variability of taro and 
sweet potatoes throughout their phenological stages in fragmented smallholder fields. Thus, 
accurately mapping and monitoring the chlorophyll content of sweet potatoes and taro crops 
by using UAV-acquired remotely-sensed data presents significant opportunities for providing 
farmers with an ultra-high spatial resolution and near real-time insights into a crop’s health 
throughout the phenological cycle, which enables timely and targeted interventions, to optimise 
the productivity and yield. 

Modelling the chlorophyll content of crops is often effectively conducted with Vegetation 
Indices (VIs) alongside strong machine learning techniques like Random Forest. Notably, 
chlorophyll-specific VIs have demonstrated greater significance than normalised Vis, in certain 
cases, as they encompass a range of combinations from bands that reflect strongly in the 
vegetation (Brewer et al. 2022). Examples of these indices include the Canopy Chlorophyll 
Content Index (CCCI) and the Modified Chlorophyll Absorption Ratio Index (MCARI), both 
of which demonstrate a significant correlation with the chlorophyll content in crops 
(Haboudane et al. 2002, Raper and Varco 2014). Meanwhile, Random Forest regression 
ensembles have been proven to be effective in assessing the crop chlorophyll content and health 
status (Abdel-Rahman et al. 2012, Han et al. 2019, Guo et al. 2020, Hassanijalilian et al. 2020). 
RF regression has consistently outperformed algorithms, such as the support vector machines, 
artificial neural networks and multiple regressions, in estimating crop attributes, including the 
chlorophyll content (Yao et al. 2013, Ramos et al. 2020). As a result, using data obtained from 
UAVs (such as vegetation indices and spectral bands), in combination and conjunction with a 
strong RF regression model, is anticipated to produce precise outcomes in measuring the 
chlorophyll content of taro and sweet potatoes, which serves as a health indicator on 
smallholder farms. 
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As taro and sweet potatoes play a crucial role in agrobiodiversity, as they are noted for their 
resilience against biotic pressures and their capacity to yield reliable harvests under challenging 
climatic conditions, it is essential to evaluate the utility of UAVs remotely-sensed data and its 
derivatives, in concert with the robust Random Forest in estimating their chlorophyll content 
as a proxy for their health on smallholder farms. Thus, this study assessed the capabilities of 
multispectral remote sensing data obtained from drones, in conjunction with Random Forest 
regression, in estimating the chlorophyll content of taro and sweet potato crops across selected 
phenological stages, to enhance the understanding of their health and efficiency in smallholder 
farming systems. Therefore, the specific objectives of the study were: i) to comparatively assess 
the relative contribution of bands, as well as the traditional and chlorophyll content-based 
vegetation indices, in estimating chlorophyll content variations of taro and sweet potatoes at 
different phenological stages, by using UAV-derived data; and ii) to compare the estimation 
accuracies of the LCC and CCC that were derived using UAV-derived multispectral remotely-
sensed data, in conjunction with Random Forest regression. 

6.2 Materials and Methods 

6.2.1 Foliar chlorophyll content sampling strategy  

The study area is detailed in Chapter One. To enhance the sampling process, a polygon 
encompassing all the experimental fields was created in Google Earth Pro and imported into a 
GIS. Subsequently, 50-point locations were established within each polygon of the 
experimental field plots by using a stratified random sampling method to identify the sampling 
points. The points were subsequently uploaded into a Trimble hand-held Global Positioning 
System (GPS) that offers sub-meter precision. The GPS was utilised to find and navigate to the 
sampling locations in the field. At every site, a plot measuring approximately one square meter 
was defined. Sweet potato and taro plants were selectselected,heir chlorophyll content was 
measured. 

6.2.2 Measuring leaf chlorophyll content of taro and sweet potatoes 

The Soil–Plant Analysis Development (SPAD) 502 DL Plus chlorophyll meter (SPAD 
chlorophyll meter, hereafter) was used to non-destructively measure the foliar chlorophyll 
content in the sweet potato and taro leaves. A SPAD chlorophyll meter was selected for its 
portability, affordability, non-destructive nature, quicker process, as well as its ease of use, 
relative to destructive techniques, such as the Kjeldahl digestion and Dumas combustion 
(Sibanda et al., 2020). The SPAD chlorophyll meter provides immediate measurements in 
‘unitless SPAD values’ that range from 1 to 100. Ten chlorophyll meter readings were 
measured per plot. The SPAD readings were obtained roughly at the midpoint of the leaves, 
ensuring that the midribs were avoided (Lang et al., 2019). During the chlorophyll 
measurements, the chlorophyll meter was protected from direct sunlight. The chlorophyll 
readings were taken at the same sites as where the remotely-sensed data was acquired. As a 
result, the SPAD measurements were converted to chlorophyll content by using the well-known 
universal equation established by Markwell et al. (1995): 
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𝐶𝐶ℎ𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑦𝑦𝑦𝑦𝑦𝑦 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 10𝑀𝑀0.265   units: µmol m-2   (1) 

 

where Chl represents the total quantity of chlorophyll in μmol m² and S denotes the 
dimensionless value of the SPAD measurements. Given the molecular weights of Chl a and 
Chl b, conversions were performed from μmol m-2 (Chl a) to μg cm-2 (Chl b). The conversion 
of SPAD values was conducted after capturing the data in Microsoft Excel as a spreadsheet, 
along with each coordinate of the sampling point. After deriving the chlorophyll content, the 
spreadsheet was imported into QGIS and overlaid with drone imagery to extract spectral 
signatures. 

6.2.3 Leaf area index and canopy chlorophyll content 

The Leaf Area Index (LAI) reflects the nutritional status of the crop population and is directly 
linked to the crop health and yield. The LAI of the sample plants were measured by using the 
LI COR LAI-2200 C Plant Canopy Analyser (LI-COR Biosciences, Lincoln, Nebraska, USA). 
The LAI was measured in the crops within the identified plot. When measuring the LAI of 
sweet potato and taro crops within the selected plots, a single unobstructed measurement of 
light above the canopy, as well as four readings measured below the canopy at evenly spaced 
intervals within the plot, were measured by using the instrument’s fish-eye optical sensor at 
multiple zenith angles, to account for variability. It calculated the LAI by comparatively 
assessing the four below-canopy light measurements with an unobstructed reference light 
reading measured above the canopies. Subsequently, the Canopy Chlorophyll Content (CCC) 
of both the sweet potatoes and taro was calculated by multiplying the LAI and LCC values, 
based on the following formulae: 
 

CCC = Leaf Chlorophyll Content (LCC)×LAI      (2) 
 
where CCC is the Canopy Chlorophyll Content, and LAI is Leaf Area Index estimates 
measured using the LI COR LAI-2200 C Plant canopy analyser, as in Kganyago et al. (2022). 
The CCC estimates were also added to the table with coordinates, LCC and LAI estimates. 
These were then transformed into a point map, which facilitated the extraction of the spectral 
signatures that were used in predicting both the CCC and LCC, using the reflectance data 
acquired by using the UAVs, based on the approach detailed in the preceding section. 

6.2.4 Acquisition and processing of remotely sensed data using an UAV 

The DJI Matrice 300 series (M300), along with the MicaSense Altum imaging sensors, were 
utilised to obtain spectral imagery of the taro and sweet potato fields reviewed in this study. 
The Altum camera features a thermally-calibrated sensor that is equipped with five spectral 
channels, which allow for the capture of reflectance from both the visible and non-visible light 
ranges, including the blue (475 nm), red-edge (717 nm), red (668 nm), green (560 nm), thermal 
(8 000-14 000 nm) and NIR (840 nm) wavelengths. The primary benefit of this imaging system 
is its capability to simultaneously collect synchronised multispectral and thermal data. The 
study shapefile was generated by using Google Earth Pro and it was subsequently loaded into 
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the remote control of the M300, to assist in creating a light plan for the drone. To compensate 
for the varying light conditions, an automatically-calibrated reflectance panel was utilised 
before and after the flight, which relied on the known reflectance values to perform radiometric 
calibration of the Altum sensor. A flight mission was carried out automatically at an altitude 
of 100 m, which achieved a ground sampling distance of 9.6 cm per pixel, with an image 
overlap of 80%. The weather conditions during the fights were conducive for UAV operations, 
as detailed in (Buthelezi et al. 2023) and (Ndlovu et al. 2024). The images were uploaded, 
ortho-mosaiced and pre-processed by using Pix4D Fields photogrammetry software, based on 
the calibration images. The pre-processed images were then orthorectified in QGIS to less than 
a pixel. Subsequently, all images were overlaid with the point map containing the LCC and 
CCC estimates. The extracted spectral signatures were used to conduct the RF regression 
algorithm, as detailed in the preceding section. 

6.2.5 Estimation of chlorophyll content by using the Random Forest  

The extracted sample data were randomly divided into a training set (70%) and a validation set 
(30%). The training set was utilised to develop the Random Forest models, whereas the testing 
datasets were utilised to assess the accuracy of the generated models. The RF regression was 
utilised to forecast the chlorophyll content. RF was selected and utilised in this study because 
it is a non-parametric method that is reliable and effective, and it can be easily parameterised 
and implemented with ease (Liakos et al. 2018, Yue et al. 2018). Random Forest derives its 
strength from bootstrapping in selecting training data points to construct decision trees, in order 
to predict the chlorophyll content (Sibanda et al. 2021). The algorithm used supervised learning 
to construct decision trees by recursively splitting the data, based on the most informative 
spectral features (bands, vegetation indices). Each tree was trained on a random subset of the 
data, which assisted in circumventing overfitting issues, while optimising generalisations. The 
results were then aggregated through averaging, which enabled it to effectively handle the high 
dimensionality that is associated with bands and their derived vegetation indices. The RF 
regression is well-known for its capacity to deliver high accuracy in predictions, and it is easy 
to apply (Sibanda et al. 2021). The effectiveness of the RF model was optimised by the careful 
adjustment of its hyperparameters, namely, Ntree, which indicates the number of decision trees 
to create, and Mtry, which is the count of prediction elements that are evaluated for the optimal 
split during tree construction (Ndlovu 2021). Instead of using default values, the Ntree and 
Mtry parameters were established after several iterations, in order to identify the most effective 
settings for predicting the chlorophyll content of taro and sweet potatoes (Singhal et al. 2019).  

6.2.6 Accuracy assessment 

The accuracy assessment of the chlorophyll prediction models utilised 30% of the designated 
test datasets. The evaluations in this study were based on the Root Mean Squared Error 
(RMSE), the Relative Root Mean Squared Error (RMSE%) and the coefficient of determination 
(R2). The RMSE and R2 were computed to quantify the predictive accuracy. The relative RMSE 
(rRMSE) was derived by dividing the RMSE by the average measured value, as depicted by 
Despotovic et al. (2016) and as represented in the following formula: 
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rRMSE = (sqrt (sum ((y_predicted - y_actual)2) / n)) / (mean(y_actual))      (3) 
 
RMSE represents a commonly-adopted error metric that is suitable for the general evaluation 
of numerical predictions. The RMSE error metric is widely used and is regarded as a good 
general-purpose error metric for numerical predictions. In a regression model, the coefficient 
of determination (R) determines the goodness of fit. Mathematically, it is the square of the 
multiple correlation coefficient relating to the predicted and actual values. Importantly, the R2 
can only reliably characterise the fit when the measurements that are obtained are devoid of 
any measurement error. 

6.2.7 Estimation of chlorophyll content of taro and sweet potatoes 

The literature suggests that vegetation indices augment the strength of models in predicting 
crop and plant attributes (Haboudane 2004, Panda et al. 2010, Farella et al. 2022). However, 
there is no consensus. In estimating the chlorophyll content for both the taro and sweet potato 
crops, the initial phase involved utilising spectral reflectance derived from UAV bands (blue, 
green, red, red-edge and NIR) (Table 6.1). Then, the traditional vegetation indices, which 
include the Normalised Difference Vegetation Index (NDVI), the Normalised Difference 
Green/Red Index (NGRDI), the Normalised Difference Red-edge Index (NDRE) and the 
Optimised Soil Adjusted Vegetation Index (OSAVI), were calculated. These traditional indices 
were chosen because of their ability to assess the canopy structure and overall vegetation 
health. Consequently, the chlorophyll-based vegetation indices were also chosen and 
calculated, based on their sensitivity to the chlorophyll variations. The final modelling stage 
involved combining all the data (bands and vegetation indices) in predicting the chlorophyll 
content of both taro and sweet potatoes (Table 6.1).  The final analysis stage compared whether 
the modelling LCC differed from the modelling CCC of the taro and sweet potato crops. This 
evaluation focused on comparing the performance, accuracy and parameter sensitivity of 
predictive models for LCC, based on the SPAD measurements and UAV spectral data, and for 
CCC, which was derived from the integration of LCC and LAI estimates. More specifically, 
the analysis tested whether the final prediction model metrics, including R2, RMSE and 
RRMSE, showed significant differences (p < 0.05) between the LCC and CCC predictions of 
the taro and sweet potato crops. 
 
Table 6-1 Stages followed in estimating chlorophyll content 
Analysis stage Spectral Variables utilised 
1 Bands 
2 Traditional Vegetation Indices 
3 Chlorophyll vegetation indices 
4 Combined data (bands and vegetation indices) 
5 Comparison of model accuracies for LCC and CCC 
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6.3 Results 

6.3.1 Descriptive analysis 

The minimum chlorophyll concentration that was observed was during the late vegetative 
growth phase, and it measured 30.3 µmol m-2 for both sweet potatoes and taro (Table 6.2). The 
peak chlorophyll content was noted in the early development phase, with values of 57.1 µmol 
m-2 for sweet potatoes and 58.4 µmol m-2 for taro. The overall median and mean chlorophyll 
concentrations for sweet potatoes and taro across the different growth stages were 54.96 µmol 
m-2 and 55.23 µmol m-2, respectively. The mean standard deviation of the chlorophyll 
measurements was 7.1, which signified a considerable deviation of the values from the mean, 
which stands at 54.96. 

 
Table 6-2 Descriptive statistics of the leaf chlorophyll content of sweet potatoes and taro 

Date in 2021 LCC (µmol m-2) Minimum Maximum Mean Median St deviation 
11th February Sweet potatoes 38.1 57.1 47.44 44.4 6.09 

 Taro 33.5 58.4 46.36 46 7.37 
12thApril  Sweet potatoes 32.4 53.2 41.6 39.9 5.72 

 Taro 24.4 57.4 44.43 43.5 7.64 
14th May Sweet potatoes 34 56.1 46.07 45.6 6.11 

 Taro 35.4 61.8 47.07 45.6 6.89 
  

Table 6-3 Descriptive statistics of the canopy chlorophyll content of sweet potatoes and 
taro 

Date in 2021 CCC (µmol m-2) Minimum Maximum Mean Median St deviation 
11th February Sweet potatoes 44.4 75.1 64.2 64.45 8.38 

 Taro 37.2 64 50.81 51.05 6.01 
12thApril  Sweet potatoes 30.03 74.7 56.62 58.3 8.41 

 Taro 49.2 71.6 58.17 56.85 6.07 
14th May Sweet potatoes 33.8 58.5 43.31 42.4 5.33 

 Taro 30.3 74.7 56.62 58.3 8.41 

6.3.2 Comparison of the LCC and CCC estimations of spectral variables in taro and 
sweet potatoes 

For taro, the traditional vegetation indices consistently exhibited a significantly higher mean 
RMSE, compared to the bands, chlorophyll indices and the combined datasets. This suggests 
that the traditional VIs did not enhance the prediction of LCC. While the chlorophyll vegetation 
indices produced a relatively lower mean RMSE than the traditional vegetation indices, their 
mean RMSE remained significantly greater than what was obtained from the combined datasets 
and the bands-only dataset (Figure 6.1(b)). These findings indicate that the bands-only and 
combined datasets significantly enhanced the accuracy of LCC estimation, and that they 
outperformed the traditional and chlorophyll vegetation indices when evaluated with the RF 
algorithm (Figure 6.1). 
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Similarly, for sweet potatoes, the bands-only dataset exhibited a significantly higher mean 
RMSE, compared to the traditional vegetation indices, the chlorophyll vegetation indices and 
the combined datasets. This implies that relying solely on bands did not sufficiently improve 
the LCC estimation, when using the RF algorithm. However, the combined dataset yielded a 
relatively lower mean RMSE than the bands-only dataset, although its performance was 
relatively lower than that of the traditional and chlorophyll vegetation indices (Figure 6.1). This 
further suggests that chlorophyll vegetation indices played a more substantial role in improving 
the model’s accuracy for the estimation of the LCC, by surpassing the combined datasets, bands 
and traditional vegetation indices (Figure 6.1). 
 

   

 
 
Figure 6-1 The comparative effectiveness of bands, indices and integrated datasets in 

estimating the CCC based on (a) average R-squared values, (b) typical RMSEs, 
and (c) mean rRMSEs 

 
Regarding the estimation of the CCC of taro, the traditional vegetation indices resulted in a 
significantly higher mean RMSE, compared to the bands-only, chlorophyll vegetation indices 
and combined datasets. This reinforces the initial finding that the traditional vegetation indices 
were ineffective in improving the estimation of CCC by using the RF algorithm. While the 
bands-only yielded a lower mean RMSE than the traditional vegetation indices, it still 
performed less than the chlorophyll vegetation indices and combined datasets in accuracy 
(Figure 6.2(b)). The combined datasets demonstrated the greatest improvement, achieving a 
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significantly higher model accuracy than the bands-only dataset, as well as the traditional and 
chlorophyll vegetation indices (Figure 6.2). 
For sweet potatoes, the traditional vegetation indices exhibited similarly high mean RMSE 
values, compared to the bands-only, chlorophyll indices and the combined datasets. This 
underscores their inferiority in enhancing the CCC estimation through the RF algorithm. The 
chlorophyll vegetation indices, while producing a lower mean RMSE than the traditional VIs, 
were surpassed by the bands-only and combined datasets. Among all the datasets, the combined 
dataset achieved the most substantial improvement in the model accuracy for CCC estimation, 
and it outperformed the bands-only dataset, traditional vegetation indices and chlorophyll 
indices (Figure 6.2). 
 
These findings highlight the varying effectiveness in the performance and sensitivity of various 
spectral variables in estimating both the LCC and CCC across the selected growth stages of 
taro and sweet potatoes. The combined datasets consistently demonstrated a superior 
performance, particularly for CCC estimation, while the chlorophyll vegetation indices showed 
a notable use in the LCC estimation for sweet potatoes. Traditional vegetation indices were 
consistently outperformed across both crop types and target variables. 
 

 

Figure 6-2 The comparative effectiveness of bands, indices and integrated datasets in 
estimating the CCC based on (a) average R-squared values, (b) typical RMSEs, 
and (c) mean rRMSEs 
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6.3.3 Optimised regression models of taro and sweet potato canopy chlorophyll 
content at different phenological stages 

For sweet potatoes, LCC prediction was the most accurate during the late vegetative 
development phase, achieving an R2 of 0.23, an RMSE of 13.6 µmol m-2 and an rRMSE of 
11% (Figure 6.3c(ii)), based on SR1, CIRE, Cigreen, NDVI, RRI1, SAVI, BLUE, GCI and EXG 
as optimal prediction variables, according to their significance (Figure 6.4c(ii)). In contrast, 
during the mid-vegetative growth stage, the model's accuracy decreased to an RMSE of 18.7 
µmol m-2, an R2 of 0.0 and an rRMSE of 15% (Figure 6.3b(ii)) based on SRI, NGRDI, 
NDVIrededge and CIRE as the key variables (Figure 6.4b(ii)). The early vegetative stage 
produced the lowest RMSE of 21.23 µmol m-2 with an R2 of 0.18, but it maintained a moderate 
rRMSE of 17% (Figure 6.3a(ii)) for sweet potatoes. For taro, the best LCC estimation was 
attained during the mid-vegetative development phase, with an R2 of 0.05, an RMSE of 23.3 
µmol m-2 and an rRMSE of 17% (Figure 6.3b(i)), based on ExG, NDVIrededge, NIR, CCI, GCI, 
OSAVI, EVI, RRI1 and SRI, also ranked in order of importance (Figure 6.4b(i)). During the 
early vegetative stage, the model exhibited an RMSE of 25.3 µmol m-2, an R2 of 0.01 and an 
rRMSE of 18% (Figure 6.3a(i)) based on MCARI, CCCI, RED, SRI and Red-edge as the key 
variables (Figure 6.4a(i))., Comparatively, the late vegetative growth stage showed a similar 
performance with an RMSE of 23.27 µmol m-2, an R2 of 0.05 and an rRMSE of 17% (Figure 
6.3b(i)) based on ExG, NDVIrededge, NIR, CCCI and GCI as optimal variables, in order of 
importance (Figure 6.4b(i)). Most of the LCC models exhibited a very low R2, which may be 
indicative of the fact that the models were not sufficiently capturing the underlying patterns of 
taro and sweet potatoes at a leaf level. 
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Figure 6-3 Regression models illustrating the connections between the observed and 

forecasted LCC throughout the taro and sweet potato phenological cycles: (a) 
11th February 2021, (b) 12th April 2021, and (c) 14th May 2021 
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Figure 6-4 Variable importance scores of optimal LCC bands and VIs across the 

phenological cycle: (a) 11th February 2021, (b) 12th April 2021, and (c) 14th 
May 2021 
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12% using NIR, OSAVI, NDRE, RED and CIRE. On the other hand, taro exhibited an R2 of 
0.91, an RMSE of 58.7 µmol m-2 and an rRMSE of 18.5% (Figure 6.6c) based on CIrededge, 
OSAVI, CIRE, GNDVI and Cigreen (Figure 6.6a). These findings indicate that, while both the 
LCC and CCC predictions show variability across the growth stages, the mid-vegetative stage 
generally provides the most reliable estimations, particularly for CCC. This underscores the 
importance of growth-stage-specific modelling in enhancing the precision of the chlorophyll 
content assessments for sweet potatoes and taro. Overall, all CCC prediction models exhibited 
optimal accuracy metrics. 

 
Figure 6-5 Regression models illustrating the connections between the observed and 

forecasted CCC throughout the taro and sweet potato phenological cycles: (a) 
11th February 2021, (b) 12th April 2021, and (c) 14th May 2021 
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Figure 6-6 Variable importance scores of optimal CCC bands and VIs across the 

phenological cycle: (a) 11th February 2021, (b) 12th April 2021, and (c) 14th 
May 2021 
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6.3.4 Comparing the leaf and canopy chlorophyll content estimations 

In the estimation of the chlorophyll content at both the leaf (LCC) and canopy (CCC) levels, 
CCC estimations were notably more precise. They recorded a significantly higher R2 value, 
nearing 0.9, in contrast to the significantly lower R2 of approximately 0.1 for the LCC 
estimations. The error bars associated with the CCC R2 demonstrated a relatively minor 
variability, while those for the LCC R2, although minimal, consistently indicated low values. 
Moreover, the average rRMSE for CCC estimation was approximately 12%, whereas the LCC 
estimation had a higher rRMSE of about 16% (Figure 6.7). 
 

 
 

Figure 6-7 Comparison between the accuracies (a) average R2 and (b) average rRMSE 
derived in estimating LCC and CCCC 

6.3.5 Spatial distribution of the chlorophyll content of the sweet potato and taro crops 
at selected growth stages 
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(Figure 6.8a), and 71 µmol m-2 to 143 µmol m-2 for sweet potatoes (Figure 6.8b). The 
chlorophyll content of taro and sweet potatoes reached their peak during the mid-vegetative 
growth phases, followed by a gradual decline throughout the different stages of growth. The 
highest concentrations of chlorophyll were observed during the mid-reproductive, early- and 
late-reproductive growth periods. Afterwards, the chlorophyll content decreased during the late 
reproductive phase.  
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Figure 6-8 Spatial distribution of (a) taro and (b) sweet potato chlorophyll content in the 
experimental fields 
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6.4 Discussion 

The  objective of the study was to monitor the canopy chlorophyll content of taro and sweet 
potato crops using UAV remote sensing data in smallholder farming areas that are commonly 
found in southern Africa. To achieve this, the significance of individual vegetation indices, the 
bands and the combination of both datasets was analysed. 

6.4.1 Comparative performance of Vegetation Indices, bands and combined datasets  

When predicting the CCC of sweet potatoes, the use of combined data modelling achieved the 
highest prediction accuracy, as determined by CVI, SRI, NGRDI, NDVIred-edge and CIRE, 
which were identified as the key predictor variables ranked by their significance. Similarly, for 
taro, the combined dataset provided a superior performance in estimating the chlorophyll 
content, with a mean RMSE of 84.51 µmol m⁻², compared to 95.75 µmol m⁻² for chlorophyll 
vegetation indices, 103.60 µmol m⁻² for bands, and 142.87 µmol m⁻² for traditional vegetation 
indices. The key predictor variables for the combined model included ExG, NDVIrededge, NIR, 
CCCI and GCI, which were also ranked by their significance. This denotes that employing an 
integration of spectral bands and indices enhanced the effectiveness of elements that may have 
been limited, due to dense canopy cover. This improvement is due to the integration of bands 
and vegetation indices, which offers a wider spectrum coverage. Each band collects spectral 
information from a designated section of the electromagnetic spectrum, by reflecting a 
particular feature of crop growth or attribute, whereas VIs are formulated from the combination 
of bands spanning various electromagnetic spectrum segments. As a result, vegetation indices 
gain their effectiveness from various electromagnetic spectrum regions, which allows them to 
respond to a wider range of features (Kapari et al. 2024). 

In addition, VIs generally diminish the effects of noise on the spectral signatures of crops. As 
a result, the integration of different bands and VIs improves their sensitivity to multiple facets 
of crop physiological and health status, including the canopy chlorophyll content. The 
combination of these datasets creates a synergistic impact that incorporates both the 
physiological and structural traits of plants to enhance the precision and sensitivity of the 
prediction procedure overall. In addition, health-related VIs are noted to be the more effective 
estimation features for evaluating the chlorophyll content in crops, rather than conventional 
indices, such as NDVI. The superior performance of Vis, such as CCCI, can be attributed to 
their capability to avoid spectral saturation when the crop canopy completely covers the 
ground. For example, at peak canopy densities, the NDVI reaches a point of spectral saturation. 
Therefore, the findings indicate that integrating the bands with VIs like CCCI enhanced the 
accuracy of the estimations. When only VIs were utilised, the prediction accuracies dropped 
notably for taro (RMSE = 142.86) and for sweet potatoes (RMSE = 200.81). This implies that 
traditional indices, when integrated with chlorophyll indices, were unable to effectively 
evaluate the chlorophyll content in the crop canopy. This remains the case, despite the 
effectiveness of Vis, like TCARI, in minimising the interference from backgrounds that do not 
involve photosynthesis.  
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6.4.2 Estimation of taro and sweet potato leaf chlorophyll content at different 
phenological stages 

The modelling results demonstrated a strong performance across the vegetative growth phases, 
which indicated that the late vegetative growth phase for sweet potatoes achieved the greatest 
RMSE accuracy of 13.6 and R2 = 0.23 μmol m-2 (rRMSE of 11%), based on the SR1, CIRE, 
Cigreen, NDVI, RRI1, SAVI, BLUE, GCI and EXG as the most influential elements (according 
to their significance). The enhanced performance is due to the greater uniformity and elevated 
concentration of chlorophyll in the foliage, which improves the spectral signals that are 
acquired by the model. This aligns with the denser canopy formation of the crop, which 
minimises the soil background reflectance and generates a more uniform spectral signal. The 
vegetation indices accurately reflected variations in leaf reflectance, which was associated with 
chlorophyll content, canopy structure and pigment concentration (Gitelson et al. 2003). During 
the mid-vegetative growth stage, the model achieved an RMSE = 18,7, an rRMSE of 15% and 
an R2 = 0.0 by using CVI, SRI, NGRDI, NDVIrededge, and CIRE as the key variables. These key 
variables are known for their sensitivity to vegetation indices and chlorophyll estimation. While 
these indices most likely captured some aspects of the leaf reflectance and chlorophyll 
characteristics, structural and environmental factors or inherent noise may have limited their 
effectiveness. This performance underscores the necessity for the additional refinement of 
variable combinations and adjustments to models, in order to improve their precision and 
dependability during the mid-vegetative period (Thenkabail Prasad S et al. 2000). At the early 
vegetative growth stage, the model recorded the lowest accuracies, with an RMSE of 21,2, an 
rRMSE of 17% and an R2 = 0.18, with the key variables including CIRE, RED, Cirededge, NDRE 
and RDR. The reduced performance can be attributed to the developmental characteristics of 
the plants at this phase, such as the reduced leaf size, the decreased chlorophyll levels and a 
less consistent distribution, which diminish the spectral signals employed for estimation 
(Zhang et al. 2023). In addition, factors that are related to the environment, like soil moisture 
and light settings, may exert a stronger influence on the reflectance measurements during this 
stage, which may contribute to the noise in the key predictors. Although these indices work 
well for mature plants, they may not be as responsive to the nuanced chlorophyll changes in 
young leaves (Kima et al. 2022).  

In contrast, the LCC model performed best for taro over the mid-vegetative development phase, 
with the highest RMSE accuracy of 23,3 and an R2 = 0.05 μmol m-2. (rRMSE of 17%), based 
on the ExG, NDVIrededge, NIR, CCI, GCI, OSAVI, EVI, RRI1 and SRI as the most influential 
variables (in order of importance). In particular, the NIR and red-edge wavelengths were 
identified as vital for the model’s estimation of the chlorophyll content, as these wavelengths 
relate to the health of the plants. The red-edge wavelength is particularly sensitive to plants that 
exhibit a high chlorophyll content, nitrogen levels and biomass, which makes predictions more 
accurate in this spectrum (Brewer et al. 2022). Moreover, the NIR region is crucial for 
estimating the chlorophyll content, due to its sensitivity to elevated foliar reflectance, which is 
driven by the pigment concentrations in the plant canopy structures (Brewer et al. 2022). In 
addition, vegetation indices derived from the red-edge and NIR wavelengths tend to mitigate 
the influence of atmospheric disturbances, the varying visible light, different background 
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effects and the geometric arrangement of scenes, compared to the traditional bands (Brewer et 
al. 2022). As a result, the red-edge and NIR wavelengths enabled the accurate prediction of the 
taro chlorophyll content. The reduced foliage density in the initial stages of vegetative growth 
did not create saturation and caused spectral confusion for the sensor, when capturing the 
images. In addition, the connection between NIR, Red-edge, the chlorophyll concentration and 
the vegetation indices acquired from them has been recognised as essential for evaluating crop 
health (Brewer et al. 2022). In the initial phase of vegetative growth, the model achieved an 
RMSE= 25.3, an rRMSE of 17,7% and an R2 = 0.01 by using MCARI, CCI. RED, SRI and 
Red-edge as the key variables. Similarly, in the mid-vegetative growth phases, the red-edge 
band emerged as a crucial factor in the prediction of the chlorophyll levels in taro, due to its 
effective prediction of peak chlorophyll reflectance in these areas. The biochemical 
characteristics of dense leaf canopy, including the thick waxy cuticle, air spaces, chloroplasts 
and the thickness of mesophyll cells, all contribute to elevating the reflectance of red-edge, 
which is directly linked to the chlorophyll content (Mutanga et al. 2012, Sibanda et al. 2021, 
Brewer et al. 2022). Consequently, the elevated levels of chlorophyll found during these phases 
of the study correlated with a more robust crop. In this context, the high chlorophyll 
concentrations were advantageous for model prediction, which made these phases the most 
precise for estimation. During the late vegetative development phase, the model recorded an 
RMSE of 25, an rRMSE of 18,5% and an R2 = 0.03, with the key variables including CVI, 
CIgreen, NGRDI, SRI and NIR. The low accuracy of model predictions can be explained by the 
negative impact of a hailstorm that compromised the structure of the maize canopy, which led 
to a decrease in the crop’s chlorophyll levels. The impairment in the canopy of maize uncovered 
the underlying soil surface, which consisted of damaged and decaying maize leaves. This 
situation created spectral confusion, due to the combined reflectance of the soil and rotting 
leaves captured by the MicaSense Altum camera, which made it difficult for the model to 
accurately identify the existing variations in chlorophyll. This challenge arose because the 
prevailing brown hue from the ageing leaves and soil led to several bands and vegetation 
indices being obscured, due to the reduced chlorophyll levels, while wavelengths like the red 
band reflected at much higher levels (Brewer et al. 2022).  

6.4.3 Estimation of the taro and sweet potato canopy chlorophyll content at different 
phenological stages 

The estimation of the CCC of sweet potatoes and taro was optimal during the mid-vegetative 
stages, with an RMSE of 42.3 and 15.8, and an rRMSEs of 9.2% and 14.5%, respectively. For 
sweet potatoes, the most vital predictor elements, according to their significance, were the 
spectral reflectance of CVI, SRI, NGRDI and NDVIrededge (Figure 6.3b). Similarly, for taro, the 
key variables were ExG, NDVIrededge, NIR, CCCI and GCI, in order of significance. The NIR 
and red-edge regions were highlighted as the key wavelengths for predicting the chlorophyll 
content in the model, as they correlated with those of healthier plants (Chang-Hua et al. 2010, 
Ansar and Muhammad 2020, Brewer et al. 2022). The red-edge wavelength is particularly 
sensitive to vegetation that has an elevated chlorophyll level, nitrogen content and biomass, 
which make it more effective for predictions in these cases (Brewer et al. 2022). In addition, 
the optimal influence of the Near-Infrared (NIR) region may be attributed to the fact that plants 
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with high chlorophyll concentrations tend to reflect highly in such regions (Broge and Leblanc 
2001, Sankaran et al. 2013). Consequently, the vegetation indices acquired from NIR and red-
edge are key areas that diminish the impacts of atmospheric interference, the variations in 
visible light, the diverse background influences and the geometric layout of a scene, when 
contrasted with the traditional bands (Curran et al. 1990, Goodbody et al. 2020). Therefore, 
the NIR and red-edge wavelengths enhanced the accuracy of predicting the sweet potato and 
taro chlorophyll, since the sparse foliage density during the early growth stage did not 
overwhelm the sensor and lead to spectral confusion during the image capture.  

Moreover, the superior accuracies that are seen in the models for sweet potatoes and taro during 
the mid-vegetative stage can be linked to the specific physiological and structural traits of these 
crops at this growth period. The mid-vegetative stage represents an optimal phase for canopy 
development, which is characterised by dense, uniform foliage and increased chlorophyll 
concentrations. These factors synergistically enhance the signals that are captured by remote 
sensing tools, while reducing the effects of noise from the non-vegetative components, such as 
the soil or sparse vegetation (Prabawardani 2007, Lencha et al. 2016, Kunz et al. 2024). The 
increased chlorophyll concentrations at this phase enhance the near-infrared reflectance, which 
reduces the reflectivity in the red region of the electromagnetic spectrum. These spectral traits 
have a strong association with the health of the vegetation and canopy attributes, which 
facilitates more precise estimates of essential biophysical parameters, such as the CCC (Pinty 
et al. 2009, Brewer et al. 2022). An important element that leads to the improved performance 
of the model at this stage is the development of robust canopies in both crops. By the mid-
vegetative stage, the leaves have grown to form a thick and consistent layer that effectively 
conceals the soil beneath. This coverage of the canopy diminishes the impact of soil 
reflectance, which can interfere with the spectral signals received by remote sensing devices. 
In addition, the uniformity of the canopy decreases the variability in reflectance that might 
occur due to uneven or incomplete coverage, thus improving the reliability and consistency of 
the data that are collected (Prabawardani 2007, Din et al. 2017, Yang et al. 2022).  Furthermore, 
the combination of a dense canopy, a consistent leaf coverage and a heightened chlorophyll 
concentration leads to a better signal-to-noise ratio. This enhancement ensures that the spectral 
information captures the vegetation signal more accurately, while reducing interference from 
unrelated factors, like the bare soil or environmental artefacts. By decreasing such interference, 
the models gain clearer and more accurate input data, which is crucial for reliable predictions 
(Brewer et al. 2022, Kapari et al. 2024).  

During the early and mid-vegetative stages, taro and sweet potatoes exhibited their highest 
levels of chlorophyll. During these stages, the plants are engaged in active photosynthesis, 
which results in a maximum leaf chlorophyll content, which strengthens and simplifies the 
detection of the reflectance signal. This is particularly important because spectral indices like 
NDVI, CVI and GCI are responsive to variations in the chlorophyll level. At the early to mid-
vegetative stages, chlorophyll absorption in the red spectrum and reflectance in the near-
infrared (NIR) range are most effective for capturing the Canopy Chlorophyll Content (CCC). 
As the plants progress to the later stages, there is a decline in chlorophyll levels, due to 
senescence, while the levels of other pigments, like carotenoids, may rise. These alterations 
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can shift the spectral reflectance, which complicates the accurate assessment of the chlorophyll 
content, thus diminishing the effectiveness of the regression models (Song and Wang 2022). 

The low prediction accuracies of the model during the late vegetative phase may be linked to 
the detrimental impact of a hailstorm that compromised the taro and sweet potato canopy 
structure, which led to a decrease in the crop's chlorophyll concentration. The canopy suffered 
physical deterioration, by revealing the underlying soil that was covered in deteriorated and 
decayed crop leaves. The exposure resulted in spectral confusion because of the blending of 
the reflectance from soil and decaying leaves captured by the MicaSense Altum camera, which 
impeded the model's capacity to identify the differences in the chlorophyll levels. The dominant 
brown hues from the senescing leaves and soil led to the absorption of several VIs and bands 
because of the low chlorophyll levels, while wavelengths like the red band had significantly 
higher reflections. Nevertheless, a noticeable drop in the NDVI values before the hailstorm was 
apparent and it correlated with the reduction in chlorophyll. This could be attributed to the crop 
redirecting its nutritional resources and energy towards fruit development (Walker et al. 2018, 
Brewer et al. 2022), which corresponded with the observed decrease in chlorophyll 
concentration. 

6.4.4 Comparing the leaf and canopy chlorophyll content estimations 

In the estimation of chlorophyll content, the CCC estimations were notably more accurate than 
the LCC estimations, with R2 values of 0.9 and 0.1, respectively. This is because CCC offers a 
more comprehensive and precise depiction of the chlorophyll content at a canopy level, 
compared to estimates based on individual leaves (Halme et al. 2019, Le Saint et al. 2024). 
CCC estimations utilise remote sensing technologies, such as hyperspectral and multispectral 
imaging, to capture the chlorophyll signals from entire canopies. This approach integrates the 
spatial variability, which provides a more comprehensive representation of chlorophyll content 
over large areas (Narmilan et al. 2022). The use of vegetation indices, including the Normalised 
Difference Vegetation Index (NDVI) and the Chlorophyll/Carotenoid Index (CCI), improves 
the accuracy by reducing the impact of environmental factors, such as soil reflectance and 
atmospheric conditions (Gao et al. 2023). A wealth of research has provided substantial 
evidence that VIs are highly correlated with various vegetation parameters, including 
structural, phenological and biophysical attributes like LAI (Potithep et al. 2013, Cao et al. 
2017, Xing et al. 2019). Moreover, CCC estimations consider the structural characteristics of 
the canopy, such as the LAI, the distribution of leaf angles and the density of the canopy. These 
characteristics affect how light is absorbed and reflected within the canopy, which enables 
remote sensing models to incorporate three-dimensional complexity (Yang et al. 2022). This 
capacity to model the canopy structure and merge the spatial data results in the enhanced 
accuracy of CCC estimations, when compared to the LCC methods. Furthermore, the accuracy 
of CCC estimations is also affected by the observation scale. At a canopy level, the 
measurements combine the chlorophyll signals from many leaves, which lessens the influence 
of localised anomalies and outliers. On the other hand, LCC estimations concentrate on single 
leaves, which makes them more vulnerable to variability and less indicative of the total 
chlorophyll content in a plant or ecosystem.  
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6.5 Conclusion 

This research sought to predict and monitor the spatial fluctuations of the LCC and CCC of the 
neglected and under-utilised taro and sweet potato crops, by utilising data from remote sensing 
derived from drones in smallholder croplands, using a Random Forest regression. Therefore, 
based on the results of the research, it was determined that:  
 

• accurate CCC prediction accuracies were generated over the mid-vegetative 
development phase stages for both taro and sweet potato crops, based on UAV-derived 
NIR and red-edge wavelengths;  

• accurate LCC prediction accuracies were generated over the late vegetative 
development stage for sweet potatoes, and the mid-vegetative growth stage for taro, 
based on UAV-derived SR1, NDVI and ExG wavelengths;  

• combining bands, traditional vegetation indices and chlorophyll vegetation indices 
results in optimal prediction accuracies for the CCC of taro and sweet potatoes, 
compared to using these variables separately.   

• CCC exhibits better model estimations, when compared to LCC, for both taro and sweet 
potato crops 
 

Given that the canopy chlorophyll content has been extensively shown to serve as an indicator 
of crop health, the results of the research suggest that data derived from drones could be 
accurately employed to assess the overall health condition of taro and sweet potatoes in 
smallholder croplands, with notably enhanced spatial precision. The advancements in precision 
technology offer cost-effective and precise methods for smallholder farmers to enhance their 
decision-making and manage their agricultural practices. Multispectral UAV systems provide 
spatially-detailed and almost instantaneous information to assess the condition of crops by 
measuring the chlorophyll, a key biochemical indicator. Moreover, the Random Forest model 
showed a relatively-high level of accuracy in predicting the chlorophyll levels on smallholder 
farms. Thus, multispectral UAV technology serves as a valuable tool for smallholder 
agriculture, and it equips farmers with an insight into crop growth patterns that are tailored to 
specific temporal and spatial requirements, which leads to better management and increased 
productivity.   
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7 EVALUATING DRONE-BASED REMOTE SENSING FOR 
MONITORING THE SOIL WATER CONTENT AND LEAF 

CHLOROPHYLL IN TARO (COLOCASIA ESCULENTA) ACROSS 
PHENOLOGICAL STAGES 

7.1 Introduction  

Food insecurity has been intensifying and remains a global concern. Agriculture is the 
backbone of food security; however, as the population continues to grow, so does the demand 
for food. Climate change poses a threat to the existing agricultural systems. Erratic weather 
events, such as droughts or flooding, have led to a reduction in the crop yield, which further 
exacerbates the food insecurity issues (Ngcamu and Chari 2020). Erratic weather conditions 
affect the soil moisture content, which plays an important role in influencing the health and 
overall productivity of crops. The literature shows that the soil moisture content is one of the 
most important parameters affecting the crop yield and overall productivity (Zhao et al. 2021, 
Furtak and Wolińska 2023, Kumar et al. 2024). This poses a challenge to regions such as 
southern Africa, which is impacted by high climate variability and which, in turn, induces 
extensive variations in the amount and pattern of precipitation and soil moisture (Fahad et al. 
2017). This affects 70% of the smallholder croplands in Africa, where rainfed crop farming is 
conducted, which makes them prone to the impacts of climate change (Nyoni et al. 2024). 
Maintaining optimal moisture levels is important for the crop yield and for ensuring food 
security, especially in smallholder croplands where water and resources are limited. However, 
there are very limited spatially-explicit methods of accurately assessing the linkages between 
soil moisture and crop productivity in near-real-time.  

Soil moisture stress occurs when there is not enough water available in the soil to support the 
photosynthetic process, which affects the optimal growth of plants (Fu et al. 2022). The 
morphology and physiological functions of plants change under soil moisture stress (Vennam 
et al. 2023). This includes stunted growth, a reduction in photosynthetic activities, wilting, 
lower crop yields and an increase in their susceptibility to pests (Ahluwalia et al. 2021, Vennam 
et al. 2023, Muhammad et al. 2024). According to Vennam et al. (2023), plants can adapt to 
soil moisture stress, depending on the duration, growth stage and severity of the water stress. 
For instance, during the vegetative and tasselling stages, moisture stress results in a reduced 
plant height and it affects leaf development and reproduction (Cakir 2004). To combat the 
impact of climate variability and soil moisture stress, smallholder farmers are adopting NUS, 
such as taro, which has the capability to thrive under drought conditions that are associated 
with high soil moisture stress. One of the most effective, yet indirect, ways of assessing soil 
moisture is through the chlorophyll content in crops, such as taro (Li et al. 2018, Li et al. 2023). 
Chlorophyll is the green pigment of plants that is responsible for photosynthesis, and it is quite 
sensitive to the availability of soil water  (Kancheva et al. 2014). A low soil moisture results in 
plants experiencing water stress, which leads to a lower chlorophyll content (Kancheva et al. 
2014, Parkash and Singh 2020). Therefore, monitoring the chlorophyll levels in ‘climate smart’ 
crops, such as taro, may reveal more about the field’s moisture conditions. For example, crops 
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that reflect lower chlorophyll levels in a field could indicate that there is less soil moisture; 
therefore, a decision can be made on whether to irrigate the field and enhance its overall growth.  

Soil moisture stress and its interaction with the productivity elements of such crops as taro, 
particularly the chlorophyll content, is traditionally and non-invasively measured by using 
instruments that include the Konica Minolta SPAD 502 plus and the soil moisture probe. 
Although these instruments are highly accurate, they are point-based, time-consuming and 
monotonous (Nduwamungu et al. 2009). Furthermore, these methods are often unable to 
capture the spatial variability of soil moisture across the fields, as they are limited in scope 
(Rasheed 2022). There is therefore a need for the spatially-explicit and accurate assessment of 
linkages between the soil moisture and crop productivity in near-real-time.  

The literature demonstrates that remote sensing technologies can be effectively used to 
accurately assess the soil moisture content and its linkage to the chlorophyll content of a crop 
(Ma et al. 2020). For instance, Ma et al. (2020) utilised a combination of Sentinel-1 SAR and 
Sentinel-2 multispectral imagery to estimate the soil moisture, with an Root Mean Square 
Errors (RMSEs) ranging from 0.039 to 0.078 m3/m3 and R2 ranging from 0.47 to 0.67. 
However, these sensors are limited, in terms of their relatively coarse spatial and temporal 
resolution (Bukowiecki et al. 2021). They cannot capture the finest details and have a much 
longer revisit time, which makes them less suitable for monitoring crops in smallholder 
croplands, which are small, heterogenous and highly fragmented (Feng et al. 2024). Therefore, 
there is a need for remote sensing technologies that can provide high spatial and temporal 
resolution data that are suitable for accurately monitoring variations in the soil moisture content 
and chlorophyll content of crops, such as taro, in smallholder croplands across their different 
phenological stages.   

The recent advances in remote sensing technology, particularly using UAVs, which are widely 
known as drones, have demonstrated promising potential for spatially quantifying aspects of 
precision agriculture, such as soil moisture stress, and its linkage to crop productivity elements, 
such as the chlorophyll content (Ndlovu et al. 2021, Brewer et al. 2022, Brewer et al. 2022). 
These technologies are suitable for high-throughput remote sensing-based phenotyping in 
smallholder croplands because they fly at lower altitudes, they capturing ultra-high spatial 
resolution data that are suitable for soil and crop productivity assessments (Zhang et al. 2021). 
Furthermore, UAVs can capture near-real-time remotely-sensed data at user-defined spatial 
and temporal resolutions, on a field scale. They are relatively more affordable and time-
efficient, which makes them a suitable technology for settings, such as smallholder croplands, 
where resources are limited and the fields are small and fragmented. For example, Ge et al. 
(2021) demonstrated that UAV-acquired hyperspectral data could estimate the agricultural soil 
moisture content at optimal accuracies (with an R2

 of 0.921 and an RMSE of 1.943). Despite 
their capabilities, UAV-borne sensors have not been utilised to their fullest potential in 
mapping the soil moisture content, in relation to productivity elements, such as the chlorophyll 
content of neglected and under-utilised crops, such as taro. Therefore, there is a need to further 
explore their potential in assessing the soil moisture content and chlorophyll content of taro in 
smallholder croplands. The remote sensing the of soil moisture content and the chlorophyll 
content of taro contributes towards optimising its agricultural productivity in smallholder 
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croplands. Indirectly, this work contributes towards addressing the grand global challenges of 
poverty, food and nutrition insecurity, particularly in sub-Saharan Africa, where food shortages 
are a looming concern. This aligns with the objectives of Sustainable Development Goals 1 
and 2.   

7.2 Methods and Materials 

7.2.1  Field data collection  

The study area was divided into multiple sampling plots to ensure the accurate collection of 
data and for soil moisture variation purposes. The soil moisture content and chlorophyll were 
monitored throughout the different phenological stages. The field data were collected on 16th 

December 2022, 08th January, 11th April and 02nd June 2023. Points were sampled at random 
within the experimental field, and a Trimble hand-held GPS was used to record the location of 
these points. The soil moisture measurements were taken by using the HH2 hand-held Moisture 
Meter with the ThetaProbe ML3. The HH2 Moisture Meter is equipped with Frequency 
Domain Reflectometry technology (FDR) to accurately and quickly measure the soil moisture 
content (Tapia et al. 2019). The HH2 probe was inserted into the soil across the different 
sampling plots to ensure representative sampling. The probe transmits electromagnetic pulses 
into the soil, and the time it takes for the pulses to return is proportional to the amount of 
moisture present (Tapia et al. 2019, Loconsole et al. 2025). The chlorophyll content was 
measured by using the Soil and Plant Analyser Development (SPAD) 502 plus chlorophyll 
meter. The meter is put directly onto the leaf, and the light that is reflected is used to determine 
the chlorophyll, as unitless values (Masemola et al. 2025). The unitless values measured by the 
meter are then converted to the chlorophyll content, as in (Brewer et al. 2022), based on the 
model by Markwell et al. (1995)The readings were conducted on a single leaf of each plant, to 
avoid any external light (Melash et al. 2023). The sampled data for both the soil moisture and 
chlorophyll content were captured in a Microsoft Excel spreadsheet against the coordinates of 
each sampling point and converted into point maps. The point maps were overlaid with the 
image and its derivatives.  

7.2.2 Spectral variables used for the prediction of the soil moisture content and 
chlorophyll content of taro crops  

In order to accurately predict the soil moisture content and the chlorophyll content, a 
combination of UAV-derived spectral bands and VIs were used. The spectral signatures of the 
soil moisture content and the chlorophyll content were extracted from the reflectance values. 
Vegetation Indices (VIs) were calculated by using the spectral bands (Table 7.1). The spectral 
data were overlaid with the field-collected point data on the soil moisture and chlorophyll 
content to develop the predictive models.  
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Table 7-1List of vegetation indices used in modelling the soil moisture and chlorophyll content  
Vegetation Index  Abbreviation   Formula   Reference   
Normalised  
Difference  
Vegetation Index  

NDVI  (NIR - Red) / (NIR + Red)  
  

 (Giovos,  
Tassopoulos et al. 
2021, Ji, Pan et al.  
2021)  

Soil Adjusted  
Vegetation  
Index  

SAVI  (1 + 0.5) (NIR – RED) 
(NIR + RED + 0.5)  
  

/  (Zhen, Chen et al.  
2021)  

Normalised  
Difference Water 
Index  
  

NDWI  (GREEN – NIR) / (GREEN  
+ NIR)  
  

(Pizarro Carcausto, 
Pricope et al. 2023, 
Patil, Jagtap et al.  
2024)  

GNDVI  GNDVI  (NIR + GREEN) / (NIR – 
GREEN)  
  

(Pizarro Carcausto,  
Pricope et al. 2023)  

Normalised  
Difference Red-
Edge  
  

NDRE  (NIR - Red-edge) / (NIR + 
Red-edge)  
  

(Voitik,  
Kravchenko et al.  
2023)  

Chlorophyll  
red-edge  
  

Clred-edge  ((NIR / Red-edge) – 1)  
  

(Giovos,  
Tassopoulos et al.  
2021)  

Chlorophyll  
green  
  

Clgreen  ((NIR / GREEN) – 1)  
  

(Kurbanov  and  
Zakharova 2020)  

Chlorophyll  
Vegetation Index  
  

CVI  (NIR*RED) / (GREEN²)  
  

(Gao, Yan et al.  
2024)  

Modified  
Chlorophyll  
Absorption in  
Reflectance  
Index  

MCARI  ((Red-edge  –  RED) 
 –  
0.2(Red-edge  - 
GREEN))(Red-edge / RED)  

(Giovos,  
Tassopoulos et al.  
2021)  

Enhanced  
Vegetation Index  

EVI  2.5 × (NIR - Red) / (NIR  
6 × Red - 7.5 × Blue)   

+  (Zeng, Hao et al.  
2022)  

Transformed  
Vegetation Index  
  

TVI  0.5(120(NIR − GREEN)  
200(RED − GREEN))  

−  (Marques, Pádua et 
al. 2023)  

Photochemical  
Reflectance Index  
  

PRI  (GREEN  – 
 BLUE)  
(GREEN + BLUE)  
  

/  (Marques, Pádua et 
al. 2023)  

Simple Ratio  
   

SR  NIR / RED  
  

 (Kurbanov  and  
Zakharova 2020)  

Canopy  
Chlorophyll 
Content Index  

CCCI  (NIR – Red-edge) / (NIR + 
Red-edge) / ( NIR – RED) /  
(NIR + RED)  

(Aslan, Sabanci et 
al. 2024)  
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7.2.3 Statistical analysis  

Exploratory assessments were conducted to assess the magnitude of association between the 
soil moisture and chlorophyll content by using the Pearson correlation test. The Random Forest 
(RF) algorithm was then used to predict the soil moisture and chlorophyll content of crops 
across different phenological stages, by using remotely-sensed data in RStudio Version R i386 
4.1.3. RF is a machine learning algorithm that uses multiple decision trees to accurately predict 
and obtain results (Belgiu and Drăguţ 2016, Sheykhmousa 2020). RF was chosen and used in 
this study because it is a very robust and versatile algorithm, which uses the bootstrap 
aggregating approach and splits variables randomly from the training data (Sheykhmousa 
2020). RF is useful for predicting continuous variables, such as the soil moisture and 
chlorophyll content. The algorithm constructed decision trees, each using subsets of the 
spectral features (bands and vegetation indices) that were chosen randomly, and then their 
results were averaged to generate a prediction (Manafifard 2024). More specifically, the 
variables used in generating models included UAV-derived bands, particularly blue, green, red, 
red-edge, NIR and thermal bands. The VIs were chosen, based on their performance in the 
literature (Brewer et al. 2022, Abrahams et al. 2023, Buthelezi et al. 2023). Before predicting 
the soil moisture and chlorophyll content, the data were split into two subsets: 70% for training 
the models and 30% as testing data for evaluating the model’s performance.   

7.2.4 Accuracy assessment  

The accuracy assessment of the soil moisture and chlorophyll content prediction models was 
assessed, based on the Root Mean Square Error (RMSE), the Relative Root Mean Square Error 
(rRMSE) and the coefficient of determination (R²), based on the training and testing data. The 
RSME is commonly used as a quantitative measure of the differences between the observed 
and predicted values. R² is commonly used to assess the goodness of fit in a model (Wu et al. 
2023). The rRMSE is commonly used to assess the performance of predictive models. 
Interpreting the statistical metrics involved evaluating how well the model predictions match 
the observed data. Lower RMSE and rRMSE values indicate a better model performance, and 
an R² value closer to 1 indicates a strong relationship between the predicted and observed 
values (Chicco et al. 2021).  

7.3  Results  

7.3.1 Descriptive statistics  

Table 7.2 shows the variation of soil moisture and chlorophyll content across the four 
phenological stages. At the early establishment stage (16 Dec 2022), the soil moisture content 
had a moderate mean of 13,64% and a standard deviation of 2.46, while the chlorophyll had a 
mean of 48,48 and a standard deviation of 11.65. The mean of the soil moisture then increased 
to 20,40% and a standard deviation of 6.16, while the chlorophyll content exhibited a mean of 
45.43 and standard deviation of 14.72 during the establishment stage on the 08th January 2023.  
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Then the mean of the soil moisture content decreased during the vegetative stage to 12.04% 
and a consistent standard deviation of 2.96 on the 11th of Apr 2023. Meanwhile, chlorophyll 
had the highest variability in this stage, with a standard deviation of 17.56 and a mean of 
47.03%. The mean of the soil moisture content then increased to 18.8%, with a standard 
deviation of 5.47, while the chlorophyll content exhibited a mean of 62.28%, with a standard 
deviation of 12.05, during the late vegetative stage on the 2nd of June 2023.   

Table 7-2 Descriptive statistics of soil moisture content and chlorophyll across different 
phenological stages  

Phenological stage  variable  Minimum   Maximum   Mean   Standard 
deviation  

Early 
Establishment  

 SMC  
Chlorophyll  

 10  
23.9  

 21.1  
78.2  

 13.64  
48.48  

 2.46  
11.65  

Late Establishment    SMC  
Chlorophyll  

 9.8  
19.9  

 33.4  
84.8  

 20.40  
45.43  

 6.16  
14.72  

Early Vegetative   SMC  
Chlorophyll  

 6.1  
10.4  

 24.9  
94.9  

 12.04  
47.03  

 2.96  
17.56  

Late Vegetative   SMC  
Chlorophyll  

 9.6  
29.3  

33.4  
89.8  

 8.8  
62.28  

 5.74  
12.05  

  

In evaluating the magnitude of the relationship between the soil moisture content and the 
chlorophyll content, the Pearson correlation test showed that there were statistically significant 
correlations (p < 0.05) between the soil moisture content and the chlorophyll content across all 
the phenological stages. During the early establishment stage (Week 5), the association 
between the soil moisture content and chlorophyll content was significant (R² = 0.64, r = 0.80, 
p < 0.05) (Figure 7.1a). The establishment stage (Week 8) also showed a significant association 
between soil moisture content and chlorophyll content of taro crops (R² = 0.67, r = 0.82, p < 
0.05). The vegetative exhibited an R² of 0.64, an r of 0.81, and a p < 0.05 (Figure 7.1(c). 
Similarly, a significant association between the soil moisture content and chlorophyll content 
was noted during the vegetative stage (R² = 0.61, r = 0.78, p < 0.05).  
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Figure 7-1 Correlation between the SMC and chlorophyll for (a) establishment stage in 
week 5, (b) establishment stage in week 8, (c) vegetative week pink and (d) late 
vegetative stage 

7.3.2 Comparing the performance of bands, vegetation indices and combined data in 
estimating the soil moisture and chlorophyll content 

The UAV bands outperformed the VIs in predicting the chlorophyll content of taro crops across 
the growing season. For example, the UAV bands showed an R² value of 0.67 and an RMSE 
of 12.09 for 08 Jan 2023, whereas the VIs exhibited a higher rRMSE of 18.35%. The UAV 
bands provided better results for chlorophyll predictions, especially in the late vegetative state 
(02 June 2023), where the R² was 0.90, and the RMSE was 4.24. It can be noted that the 
combination of both the UAV bands and VIs did improve the model accuracies. However, the 
combination did not outperform UAV bands alone, but often matched the performance of the 
UAV bands. It can be said that the VIs exhibited better accuracies during the early growth 
stages, particularly in predicting SMC, but they underperformed for chlorophyll. On the other 
hand, the UAV bands were consistent throughout the phenological stages in the prediction of 
of both SMC and chlorophyll. The results suggest that UAV bands are more reliable for 
monitoring crop health attributes.  

7.3.3 Estimating soil moisture and chlorophyll content at different phenological stages  

Figures 7.2 and 7.3 show the accuracies obtained in estimating both the soil moisture content 
and the chlorophyll, based on UAV bands, Vegetation Indices (VIs), as well as a combination 
of both. UAV bands provided better prediction accuracies for the chlorophyll content. The first 
establishment stage had an R2 of 0.88, an RMSE of 1.67 and an rRMSE of 11.94%, based on 
the Thermal, Red, Green, NIR, Red-Edge and Blue spectral variables, in order of importance. 
The chlorophyll content was optimally estimated, based on the combined data only during the 
first vegetative stage, with an R² value of 0.8, an RMSE of 13.69 and an rRMSE of 26.57, 
based on SR, CCCI, NDVI, TVI, SAVI, EVI, PRI, Red, NIR, NDWI, Blue, MCARI, NDRE, 
Red-Edge, Thermal, Green, CVI, GNDVI, Clred-edge and Clgreen, as the optimal spectral 
variables, in order of importance (Figure 7.3c). Meanwhile, the SMC was optimally estimated 
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by using the combined data across all phenological stages, except for the second vegetative 
stage. The stage which exhibited the optimal soil moisture content estimation was during the 
establishment stage (an R2 = 0.88, an RMSE =1.25% and an rRMSE = 8.91) based on Red-
Edge, Thermal, Red, TVI, MCARI, NDVI, SAVI, SR, Clred-edge, EVI, NDRE, NIR, GNDVI, 
NDWI, GREEN, BLUE, CVI, PRI and Clgreen, in order of importance (Figure 7.2c). 
Meanwhile, chlorophyll content was optimally estimated during the vegetative growth stage of 
taro to an R2 of 0.9, an RMSE of 4.24 and an rRMSE of 6.72%, based on Clred-edge, Red-
Edge, SR, TVI, MCARI, NIR, PRI, SAVI, Red, EVI, NDVI, NDRE, CCCI, Blue, Thermal, 
GNDVI, NDWI, CVI, Clgreen and Green as the optimal spectral variables, in order of 
importance. 
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Figure 7-2 Soil moisture content for the  (a) Establishment Stage (i), (b) Establishment 
Stage (ii), (c) Vegetative stage (i), (d) Vegetation Stage (ii) and their associated 
variable importance  
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Figure 7-3 Chlorophyll content accuracies for (a) Establishment stage (i), (b) 
Establishment stage (ii), (c) Vegetative stage (i), (d) Vegetation stage (ii) and 
their associated variable importance 

7.3.4 Spatial variation of soil moisture content and chlorophyll content at different 
growth stages  

Figures 7.4 and 7.5 illustrate the spatial distribution of the soil moisture content and chlorophyll 
content across the four phenological stages of taro crops. It can be observed that SMC was 
higher in both the establishment stages and lower in the vegetative stages, whereas the 
chlorophyll was higher in the late vegetative stage and lower in the establishment stages.  
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Figure 7-4 Spatial variation of soil moisture content at different growth stages (a) 

establishment (i), (b) establishment (ii), (c) vegetative (i), (d) vegetative (ii)   
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Figure 7-5 Spatial variation of chlorophyll content at different growth stages (a) 
establishment (i), (b) establishment (iii), (c) vegetative (i), (d) vegetative (ii)   

7.4 Discussion   

The objective of this work was to test the utility of UAV-acquired data in predicting the SMC 
and chlorophyll content across the smallholder taro croplands at different phenological stages.  

7.4.1  Association between the soil moisture content and chlorophyll  

A significant association between the SMC and chlorophyll across the different phenological 
stages of sweet potato and taro crops was observed in this study (Figure 7.1). This suggests that 
a low soil moisture is associated with less chlorophyll content. Soil moisture is critical for 
photosynthetic processes and the health of a plant (Gavrilescu 2021). When there is limited 
moisture in the soil, plants fail to draw up the water and nutrients required for photosynthesis. 
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Generally, this is often associated with chlorosis and reduced photosynthesis, as the leaves turn 
yellow (Gholamin and Khayatnezhad 2020). This implies that the chlorophyll content could be 
used as a surrogate measure to infer the soil moisture content. A few studies have demonstrated 
the linkage between the SMC and chlorophyll content. For example, the study by Gholamin 
and Khayatnezhad (2020) demonstrated the effects of the SMC on chlorophyll, and the results 
showed a decline in the maize yield in instances where there was low soil moisture. Sun et al. 
(2023) focused on how spinach responds to different moisture contents in soil under irrigation; 
the results indicated high chlorophyll levels where there was adequate soil moisture. The least 
optimal estimation of SMC was observed in both the vegetative stages with SR, SAVI, EVI, 
TVI, Clred-edge, NIR, NDVI, Red, Red-edge, PI, RED, PRI, MCARI, Thermal, NDRE, CCCI, 
CVI, Green, GNDVI, Blue and NDWI as optimal spectral variables, in order of their 
importance (Figure 7.3(c)(d)). For chlorophyll, the least optimal estimations were observed in 
the early establishment, with Red-Edge, Thermal, Red, TVI, MCARI, NDVI, SAVI, SR, CCCI, 
Clrededge, EVI, NDRE, NIR, GNDVI, NDWI, Green, Blue, CVI, PRI and Clgreen as optimal 
spectral variables, in order of their importance (Figure 7.2).  

7.4.2 Optimal estimation of soil moisture and chlorophyll across the phenological 
stages  

The results of this study showed that the optimal estimation of SMC was achieved during the 
early establishment stage (16 December 2022) based on the Red-Edge, Thermal, Red, TVI, 
MCARI, NDVI, SAVI, SR, Clred-edge, EVI, NDRE, NIR, GNDVI, NDWI, GREEN, BLUE, 
CVI, PRI and Clgreen as optimal spectral variables, in order of importance (Figure 7.2a). This 
could be explained by the fact that crops are still young and highly responsive to soil moisture 
content variations at the establishment stage (Ge et al. 2021, Zhao et al. 2021). In addition, 
variables such as Red-edge, Red, Thermal, NDVI and SAVI are very sensitive to moisture and 
may reflect highly (Liu et al. 2021). Red-edge and NIR bands can detect variations in the 
chlorophyll levels and even changes in the plant structure, which are indicators of the moisture 
content (Giovos et al. 2021). The chlorophyll content was optimally estimated during the late 
vegetative stage of taro, based on Clred-edge, Red-Edge, SR, TVI, MCARI, NIR, PRI, SAVI, 
Red, EVI, NDVI, NDRE, CCCI, Blue, Thermal, GNDVI, NDWI, CVI, Clgreen and Green as 
the optimal prediction variables, in order of importance (Figure 7.3d). This could be attributed 
to the fact that taro crops are well-developed in this stage and therefore exhibit high chlorophyll 
levels (Melash et al. 2023). The variables have the capability of detecting chlorophyll and 
differentiating chlorophyll levels, based on the plant density. The chlorophyll content in the 
vegetative stage is consistent, which makes it easy for these spectral bands and indices to detect 
any variations (Kancheva et al. 2014, Li et al. 2023, Wu et al. 2023, Lao et al. 2024).  

7.4.3 Comparative performance of bands, vegetation indices and combined data sets 
in estimating the soil moisture and chlorophyll across the phenological stages  

The findings of this study showed that there were no significant differences between the 
performance of all variables combined and bands, when estimating the soil moisture and 
chlorophyll content. This could be explained by the fact that incident energy from the sun 
interacts directly with the soil and crop foliage before it is captured by the sensor as reflectance. 
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This explains why bands are more robust, when compared to vegetation indices. Despite the 
renowned performance of vegetation indices in mapping other fields and crop attributes, in this 
study, they did not optimally estimate the soil moisture content and chlorophyll content. This 
could be explained by the fact that the vegetation indices could be generating redundant 
information, resulting in lower accuracies, due to their failure to estimate the soil moisture 
content.   

7.4.4 Implications of the study 

UAV-borne sensors are becoming important tools for precision agriculture. They provide 
opportunities for smallholder farmers to improve their crop health and to develop water 
management strategies. By mapping the soil moisture and chlorophyll content variations across 
different phenological stages, farmers can make timely and data-driven decisions to enhance 
their crop productivity and food and nutrition security. The results of this study can be used by 
farmers to develop and promote climate adaptation.  

7.5 Conclusion  

The objective of this study was to predict the soil moisture content and chlorophyll content 
across the different phenological stages of taro crops in smallholder croplands. Grounded on 
the findings of this study, it can be concluded that:  

• the soil moisture content could be optimally estimated during the early establishment 
stage, based on Red-Edge, Thermal, Red, TVI, MCARI, NDVI, SAVI, SR, Clred-edge, 
EVI, NDRE, NIR, GNDVI, NDWI, GREEN, BLUE, CVI, PRI and Clgreen as the 
optimal spectral variables, in order of importance; 

• the chlorophyll content may be optimally estimated during the late vegetative stage, 
based on Clred-edge, Red-Edge, SR, TVI, MCARI, NIR, PRI, SAVI, Red, EVI, NDVI, 
NDRE, CCCI, Blue, Thermal, GNDVI, NDWI, CVI, Clgreen and Green as the optimal 
spectral variables, in order of importance; and 

• there was a significant positive correlation between the soil moisture and chlorophyll 
content across all the growth stages of taro. This suggests that the chlorophyll content 
may be utilised as a proxy for assessing the soil moisture content.  

The findings of this study imply that UAV-acquired data can optimally estimate the SMC and 
chlorophyll content across different phenological stages by using specific spectral bands and 
vegetation indices. These findings pave the way towards the operationalisation of the UAV 
remote-sensing-based high-throughput phenotyping of crops in smallholder croplands. In the 
long run, this technology could be effectively used to optimise agricultural production. 
Increasing agricultural production will assist in achieving the objectives of the Sustainable 
Development Goals Numbers 1 and 2, by advocating a reduction in hunger, food and nutrition 
insecurity and ending poverty, especially in the majority of the world, including sub-Saharan 
Africa.   
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8 ESTIMATING THE TARO BELOW-GROUND BIOMASS IN            
SMALLHOLDER CROPLANDS USING UAV MULTISPECTRAL 

IMAGERY 

8.1 Introduction 

Agricultural production plays a crucial role in feeding the rapidly-growing world population 
(Awad 2019). By 2050, the crop yields in sub-Saharan African (SSA) countries will need to 
double, in order to meet the national food demand, and the irrigation water will need to increase 
by 40% to 50% (Abbas et al. 2020). Maize and wheat are among the most widely-cultivated 
food crops in SSA and they are all high-water-demand crops. As a result, their capacity to 
sustain a continued increase in yield is proving to be limited and more difficult, as a result of 
the increasing climate variability and frequent drought episodes (Kavhiza et al. 2022). 
However, tuber crops such as taro, are some of the most widely-grown traditional food crops 
in SSA, as they are rich in carbohydrate nutrients and are highly adaptable to extreme weather 
conditions, such as droughts (Vitor et al. 2019, Chimonyo et al. 2020). More specifically, taro 
has the potential to produce high yields, which makes it a promising smart future crop for 
addressing the looming food and nutrition insecurity and it will contribute immensely towards 
improving the resilience of the food systems in SSA (Kunene et al. 2022). There is a need to 
understand the biomass dynamics of taro across the growing season, in order to optimise the 
productivity and yields. More specifically, understanding the spatial and temporal variations 
of taro’s AGB and its relationship to the yield is important for developing and implementing 
site-specific crop management measures to improve crop production. The existing methods of 
measurement, such as cutting and weighing, are invasive and traditional. Furthermore, these 
traditional approaches tend to be costly, labour-intensive and destructive, while yield prediction 
depends largely on on-site visits, which can be subjective, inaccurate and labour-intensive. In 
this regard, there is a need to establish comprehensive, spatially-explicit techniques for the 
monitoring and early detection of taro’s productivity dynamics, in order to initiate remedial 
actions for optimising its yield production. 

Remote sensing has been demonstrated to be an efficient alternative approach for measuring 
the growing season crop canopies and to provide information on the spatial variability of the 
crop AGB and yield. The Above-Ground Biomass (AGB) is closely related to a crop’s health 
and its nutritional status; however, it is often hypothesised and unclear as to whether there is a 
tangible relationship between AGB and the Below-Ground Biomass (BGB)/yield. As 
demonstrated in the literature, AGB can be used as an indicator of a crop’s growth status (Li et 
al. 2020, Liu et al. 2021). However, the remote sensing systems capture data on the crop’s 
canopy cover and less often on the BGB (i.e. the tuber), which is the critical component of 
taro’s productivity and yield. Since the tuber grows in the soil, it would require ground-
penetrating sensors to acquire data, which makes it complex to establish accurate models, 
especially for fragmented and heterogeneous smallholder croplands. UAV-borne multi-
spectral sensors are capable of acquiring data on the AGB, which is a significant agronomic 
parameter in characterising the growth, development and nutritional status of a crop. Such data 
is generally used to evaluate the crop growth and estimate the yield, especially in smallholder 
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croplands (Buthelezi et al. 2023). In this regard, the fast, non-destructive and accurate 
monitoring of the temporal and spatial dynamic variations in the AGB and BGB of taro is 
essential for facilitating the use of multispectral data for their estimation. 

Furthermore, machine learning algorithms, such as Random Forest, support vector machines 
and multiple linear regressions have been proven to be instrumental in characterising the crop 
biomass and yield (Li et al. 2020, Liu et al. 2021). The Random Forest ensemble has been 
widely proven to outperform the other two aforementioned algorithms (Liu et al. 2021, Liu et 
al. 2022). Hence, it is anticipated that the combination of UAV-derived VIs and the robust 
Random Forest regression could produce accurate results to quantitatively assess the 
relationship between the AGB and BGB taro. Therefore, this study aimed to test the use of 
UAV multi-spectral remotely-sensed data in estimating the AGB and BGB of taro. The specific 
objectives of this study were: (1) to explore and assess the relationship between the AGB and 
BGB of taro, and (2) to identify the optimum phenological stage for the prediction of BGB 
before harvest. 

8.2 Materials and Methods 

8.2.1 Study area 

This experiment was conducted in a smallholder farm located in Swayimane, a communal area 
within the uMshwathi Municipality, north-east of Pietermaritzburg, KwaZulu-Natal, South 
Africa. The details of Swayimane and the experimental fields are outlined in Chapter One. 

8.2.2 Field sampling and taro above-ground biomass and below-ground biomass/yield 
measurements 

Field visits were conducted on 8 January 2023, 11 April 2023 and 14 July 2023 at the study 
site during the establishment stage (58 days after planting, or DAP), at the vegetative stage 
(DAP = 154) and at the mature stage (DAP = 249), respectively. A stratified random sampling 
method was used to generate a total of 80 random sampling points within the taro field plot. 
This method was selected because it provides a representative sample of the study area. A 
Trimble hand-held Global Position System (GPS) with a sub-metre accuracy was used to 
navigate to these randomly generated sample points within the plot. The biomass and yield data 
of taro were measured by harvesting the crops at the 80 sampling points. Sampling was 
conducted between 12:00 and 14:00, in order to coincide with the image acquisition. The crop 
samples were then oven-dried at 70°C until a constant Dry Weight (DW) was reached 
(approximately 48 h for AGB and 72 h for BGB) (Mhango et al. 2021). The DW was obtained 
by using a calibrated scale with a 0.5 g measurement error. The DW of the ABG and BGB taro 
was then integrated with the GPS location and converted into a point map that was overlaid 
with the UAV multispectral images of the study area. 

8.2.3  UAV platform, image acquisition and processing 

The DJI Matrice 300 series (M300) and the MicaSense Altum imaging sensor were used to 
acquire multispectral images covering the taro field (Figure 8.1a). The specifications of the 



132 
 

M300 are detailed in Table 8.1. The Altum camera consists of a thermal and five visible and 
near infrared spectral channels that specifically acquire data in the blue (475 nm), green (560 
nm), red (668 nm), red-edge (717 nm), NIR (840 nm) and thermal (8-14 nm) at a ground-
sampling distance of 9.6 cm per pixel at a flight height of 100 m (Figure 8.1b). The key 
advantage of this imaging platform is its ability to capture synchronised thermal and 
multispectral data simultaneously in an automated manner. A shapefile of the study area that 
was digitised in Google Earth Pro was imported into the M300’s hand-held console to 
automatically determine a flight path plan, based on the area and the provided flight height 
(Figure 8.1c). To calibrate for any variations in the incidental atmospheric conditions, a 
calibration reflectance panel was used (Figure 8.1d). This was done by capturing the image of 
the reflectance panel before and after capturing the data, by using the UAV across the growing 
stages. The automated flight missions were conducted on cloudless days and at low wind 
speeds, between 10:00 and 12:00 local time. This was done to minimise the variation in 
illumination and solar zenith angle (Raeva et al. 2019). The flight path was set up to have an 
80% forward overlap and an 80% side overlap, which was deemed to be sufficient to generate 
high-quality mosaics. The captured images were recorded in a 16-bit local digital memory card 
in raw Geographic Tagged Image File Format (GeoTIFF) for further post-georeferencing and 
mosaicking. An ortho-mosaic of the captured imagery was generated and pre-processed by 
using the Pix4D Fields photogrammetry software. 

Table 8-1  DJI M300 UAV specifications 
Parameter Specification 
UAV type Rotary wing 
Weight ~ 4.53 kg 
Size 887 (width) x 880 (length) x 378 (height) 
Flight Duration 55 min 
Maximum speed 27 m/s 
Maximum altitude 7 000 m 
Company Da-Jiang Innovations 
Location Shenzen, Guangdong, China 
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Figure 8-1 a) Matrice 300 UAV integrated with the Altum sensor serving as the imaging 
platform used in this study, b) the Altum camera, c) the calibrated reflectance 
panel and d) the flight path plan for the study image 

 

8.2.4 Statistical analysis and model development for biomass and yield prediction 

8.2.4.1 Establishing the relationship between AGB and BGB 

Correlation analyses were conducted to test and establish whether there were significant 
relationships between the AGB and BGB at the selected growth stages within the growing 
season. A Pearson product-moment correlation test was conducted by following a 
Kolmogorov-Smirnov (K-S) normality test, which indicated that the data did not significantly 
deviate from the normal distribution (P > 0.05). Pearson’s correlation coefficient (r) was used 
to assess the magnitude of association between the two biomass variables. The correlation 
coefficient is a scale that measures the strength of a linear association between the variables. It 
ranges between -1 and +1, with -1 to -0.49 indicating a weak negative correlation, while -0.5 
to -0.99 indicates a strong negative correlation, 0 to +0.49 a weak positive correlation and +0.5 
to +1.0 a strong positive correlation. 

8.2.5 Selection of Vegetation Indices 

The pre-processed multispectral bands were used to compute the vegetation indices (Aliche et 
al.). Vegetation Indices (VIs) were used to augment the spectral bands in predicting the AGB 
and BGB of taro. Table 8.2 illustrates the VIs in this study and their respective formulae. These 
VIs were selected for this study based on their direct and indirect correlation with the plant 
biomass, as detailed in the literature (Elmetwalli et al. 2014, Abou Ali et al. 2020). The 
prepared multispectral imagery data were then overlaid with the point data with the measured 
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AGB and BGB, in order to extract the spectral signatures from each sampling point. The 
spectral signatures were exported as points and used in the statistical prediction procedure. 

Table 8-2 List of vegetation indices used in the modelling of AGB and BGB and related 
source references 

Index Full Name Formula Reference 
NDVI Normalised 

Difference 
Vegetation Index 

NIR – Red/NIR+ 
Red 

(Tan et al. 2020) 

ENDVI Enhanced 
Normalised 
Difference 
Vegetation Index 

((NIR + Green) – 
(2*Blue)) / ((NIR + 
Green) + (2*Blue)) 

(Dhau et al. 2018) 

NDRE Normalised 
Difference Red-Edge 
Index 

NIR – Red-edge / 
NIR + Red-edge 

(Sibanda et al. 2017) 

NDWI Normalised 
Difference Water 
Index 

Green – NIR / Green 
+ NIR 

(Ndlovu et al. 2021) 

SR Simple Ratio NIR/R (Brewer et al. 2022) 
SAVI Soil Adjusted 

Vegetation Index 
((NIR – Red) / (NIR 
+ Red + 0.5)) * (1.5) 

(Al-Gaadi et al. 
2016) 

OSAVI Optimised Soil 
Adjusted Vegetation 
Index 

(NIR – Red) / (NIR 
+Red + 0.16)  

(Al-Gaadi et al. 
2018) 

 

8.2.6 Taro AGB and BGB prediction and accuracy assessment 

To explore the use of UAV-acquired, remotely-sensed data in predicting the AGB and BGB of 
taro, the extracted data, characterised by the 80 samples of the crop’s spectral signature (a 
combination of bands and VIs data), were randomly split into the training (70%) and validation 
(30%) datasets, respectively, for each growth stage. The Random Forest (RF) algorithm was 
adopted and used in this study because it is a robust, nonparametric statistical technique that 
uses a bagging-based approach to build an ensemble of regression trees, while ranking the 
important variables that produce an independent measure of prediction error (Adam et al. 
2014). RF was conducted in R statistical software. In R, the number of decision trees (ntree) 
and the number of predictor variables tested for the best split when growing the trees (mtry) 
parameters, were optimised by using the doBest function. The function selected the ntree and 
mtry parameters with the lowest RMSE, to determine the most influential parameters. These 
parameters were tuned to 500 for ntree and 3 for mtry. Test data were used to assess the 
accuracy of the predictive models. Performance indicators, which include the coefficient of 
determination (R2), the Root Mean Square Error (RMSE) and the Relative Root Mean Square 
(rRMSE) were determined and used to assess the accuracy of each model. More specifically, 
R2 was used to measure the magthe nitude of variation between the measured and predicted 
AGB and BGB, while the RMSE was used to assess the magnitude of error between the field 
samples and the modelled AGB and BGB. The rRMSE was used to compare the performance 
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of the models across the different predictor variables. To compute rRMSE, the RMSEs from 
each model were normalised by using the mean of each variable,variable andressed as a 
percentage. RF Gini impurity index was employed to select optimal spectral features for the 
estimation of the AGB and BGB.  

8.3 Results 

8.3.1 Descriptive analysis of AGB and BGB 

Significant variations were observed in the ABG and BGB of taro across the growing season. 
Table 8.3 presents the descriptive statistics of AGB and BGB. The averages for AGB and BGB 
were 22.91 g and 30.38 g during the establishment stage, 54.21 g and 106.22 g during the 
vegetative stage and 2.54 g and 129.12 g during the maturity stage, respectively.  

Table 8-3 Descriptive statistics of the AGB and BGB across selected growth stages of taro 
Growth Stage Parameter Min Max Mean Median Std 
Establishment  AGB 6 146.2 22.91 16.6 21.72 
 BGB 0 133.8 30.38 21.95 33.38 
Vegetative  AGB 27.1 413.8 54.21 44 44.31 
 BGB 12.9 374.5 106.22 113.3 73.25 
Maturity  AGB 2 6 2.54 7.5 27.26 
 BGB 10.4 445.5 129.12 83.2 79.95 

8.3.2 Correlation analysis between the AGB and BGB of taro 

Strong positive correlations were observed between the AGB and BGB during the 
establishment, vegetative and maturity stages of the growing season (Figure 8.2). During the 
establishment stage, there was a significant (p < 0.05) positive correlation coefficient of 0.81, 
while 0.55 and 0.81 were observed between AGB and BGB for the vegetative and the mature 
growth stages, respectively. This suggests that there is a positive relationship between the AGB 
and BGB. However, during the vegetative stage, the relationship between the AGB and BGB 
was relatively weaker in relation to the establishment and maturity stages. 

 

Figure 8-2 Correlation between the measured AGB and BGB at the a) establishment stage 
(DAP =58), b) vegetative stage (DAP =154) and c) maturity stage (DAP = 249) 
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8.3.3 Predicting the AGB and BGB of taro using the Random Forest regression 
ensemble 

When estimating the AGB, the maturity model demonstrated the highest prediction accuracy 
(R2 = 0.94 and RMSE 0.14 g/m2), with SAVI and the thermal band being the most optimal 
estimation spectral variables. This was followed by the vegetative model. with an R2 of 0.72 
and an RMSE of 10.85 g/m2, with SAVI and OSAVI being the most influential predictor 
variables. The prediction accuracy decreased slightly for the establishment growth stage model 
(an R2 of 0.90, an RMSE of 13.91 g/m2), thus making the maturity model the most optimal for 
the prediction of AGB (Figure 8.3). At the maturity stage, SAVI and Thermal proved to be the 
most suitable AGB predictor variables (Figure 8.3). 



137 
 

 

Figure 8-3 Relationship between the predicted and observed AGB in the (a) establishment 
stage, (b) the vegetative stage, and (c) the maturity stage of taro derived from a 
combination of bands and Vis, using the RF algorithm and the model variable 
importance scores 

 

When predicting the BGB, the establishment stage model produced a model with a prediction 
accuracy with an R2 of 0.92 and an RMSE of 16.06 g/m2. The optimal model for estimating the 
BGB was established during the vegetative growth stage, which exhibited an R2 of 0.96 and 
the lowest RMSE of 7.26 g/m2 (Figure 8.4). The most suitable predictor variables during the 
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establishment and maturity stages included SAVI and OSAVI (Figure 8.4). At the vegetative 
stage, the red-edge, ENDVI and NDRE were the most influential predictor variables, in order 
of importance. The BGB prediction accuracies drastically depreciated for the maturity growth 
stage, which exhibited an R2 of 0.93 and an RMSE of 21.35 g/m2, based on OSAVI, thermal, 
and SAVI, in order of importance.  

 

Figure 8-4 Relationship between the predicted and observed BGB in the (a) establishment 
stage, (b) vegetative stage and (c) maturity stage of taro derived from a 
combination of bands and Vis, using the RF algorithm and the model variable 
importance scores 
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When comparing the performance of the AGB and BGB models across all the growth stages, 
the results did not show significant variations (Figure 8.5 ). For instance, when estimating the 
biomass at the establishment growth stage, the AGB model exhibited the poorest prediction 
accuracy with an rRMSE of 28.54%, followed by an improvement in the BGB model with an 
rRMSE of 27.08% (Figure 8.5). Similarly, the most optimal model for estimating the biomass 
during the vegetative stage was the AGB model with an rRMSE of 20.21%, followed by the 
BGB model, with a rRMSE of 25.13% (Figure 8.5). During the maturity stage, the AGB model 
yielded the most optimal biomass prediction accuracy, with an rRMSE of 11.29%, followed by 
a drop in the AGB model (25.58%) (Figure 8.5).  

  

Figure 8-5 Comparison of accuracies ((a) rRMSE & (b) RMSE) derived in estimating the 
AGB and BGB of taro using UAV-acquired remotely-sensed data 

8.3.4 Modelling the spatial distribution of the AGB and BGB of taro 

The spatial distribution of AGB and BGB was estimated based on the optimal models. Figure 
8.6 illustrates the spatial distribution of taro’s AGB and BGB. It can be observed that the AGB 
is relatively low during the establishment stage, followed by an increase in the vegetative stage 
and a decrease during the maturity stage. Compared to the AGB, the BGB is also low at the 
establishment stage, lower than the AGB, followed by an increase during the vegetative and 
maturity stages, and resulting in a high BGB at the last two stages. 
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Figure 8-6 The spatial distribution of the modelled AGB (a, c and e) and BGB (b, d and f) 
of smallholder taro crops 

8.4 Discussion 

The study aimed to test the utility of UAV multi-spectral remotely-sensed data in estimating 
the AGB and BGB of taro. In doing so, we assessed the relationship between taro’s AGB and 
BGB and identified the optimum phenological stage for the prediction of BGB before harvest. 
It is evident that the AGB and BGB of taro varied over the phenological stages, and Random 
Forest could discern the optimal growth stage for estimating the BGB of taro before the harvest. 
The biomass variations of taro over the growing season are useful for estimating the 
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productivity status of the smallholder crop field. In this regard, our findings can assist in 
management strategies that are aimed at improving taro production. 

8.4.1 Characterising the taro AGB and BGB across the growing season using UAV-
derived data 

The findings of the models in this study performed well throughout the growth stages. The 
establishment stage yielded an RMSE of 13.91 g/m2, an R2 of 0.90 and an rRMSE of 28.54% 
for AGB, and an RMSE of 16.06 g/m2, an R2 of 0.92 and an rRMSE of 27.08% for BGB. These 
results were based on SAVI, OSAVI, thermal and NIR, as the most influential variables. 
Specifically, these variables were identified as crucial in the model’s prediction of AGB and 
BGB at this stage, because of their ability to surpass the variable background effects. The 
establishment stage (58 DAP) is normally characterised by a small leaf area and adventitious 
root production (Prikaziuk et al. 2022). This causes some limitations when monitoring the early 
stage by using remote sensing, where areas with a low canopy cover can be misinterpreted due 
to the soil background effect, which varies with the soil texture, organic matter and moisture 
(Jasim et al. 2020, Elsayed et al. 2021).  Thus, NIR, SAVI and OSAVI facilitated the optimal 
taro AGB and BGB prediction at this stage. Low biomass concentrations were associated with 
the crop establishment stage in this study. The leaf-area index was low, resulting in higher 
photosynthetic rates in the crop and facilitating high reflectance in the NIR region. The low 
foliage density of the establishment growth stage did not saturate and cause spectral confusion 
of the sensor during image acquisition. Furthermore, the relationship between the biomass, NIR 
and its derived vegetation indices has been noted to be critical in crop production assessments 
(Atanasov et al. 2025).During the vegetative growth stage, the major variables of importance 
were derived from the red, red-edge and NIR regions; however, the green waveband was also 
identified as a significant contributor to the model estimation. This is attributed to the high 
biomass accumulation and an increase in the leaf-foliage density (Moussa Kourouma et al. 
2021). The AGB rapidly increased at this stage, from a mean of 22.91 g/m2 during the 
establishment stage, to 54.21 g/m2 during the vegetative stage. Similarly, the BGB also rapidly 
increased at this stage from a mean of 30.38 g/m2 during the establishment stage, to 129.12 
g/m2 during the vegetative stage. Moreover, the red, red-edge, and NIR wavelengths are 
sensitive to plants with high biomass and chlorophyll content concentrations, and they are thus 
better predicted by using these wavebands (Li et al. 2021). A high photosynthetic activity rate 
and chlorophyll content are usually observed during this growth period, thereby enhancing the 
response of the red-edge and NIR bands, which are most sensitive to chlorophyll. 
Consequently, the predictor variables sensitive to changes in chlorophyll content may be useful 
to define management strategies and to explore the productive potential of taro, as this crop 
responds well to intensive management practices. In addition, the NIR regions strongly 
influence the prediction of biomass, as it is sensitive to the high foliar reflectance induced by 
the pigment concentrations of the plant canopy structure (Ramírez et al. 2014). Furthermore, 
the literature has stated that a moderate-to-high increase in biomass during tuber growth results 
in sensitivity in the red and green bands (Vitor et al. 2019). This also explains why the green 
band was identified as a variable that was significantly important only during the vegetative 
growth stage.  
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Meanwhile, low AGB concentrations and high BGB concentrations were associated with the 
mature growth stage. This is where tuberisation increases the root mass until the end of the 
shoot growth. Thereafter, the nutrients in the leaves are transported to the tuberous roots until 
leaf senescence (Wang et al. 2021). At the end of this growth stage, the rainfed field reached 
senescence and its leaf area was reduced after yellowing and leaf fall, thereby decreasing the 
canopy reflectance. This explains the importance of SAVI, OSAVI and the thermal band in 
predicting taro’s AGB and BGB at this stage. Although SAVI and OSAVI are composed of the 
same spectral bands as NDVI, they have a factor to correct the soil background effect. During 
this growth stage, there were regions in the production field with a higher proportion of exposed 
soils, which explains the higher importance of these predictor variables, compared to the others. 
Furthermore, tuberisation is strongly associated with canopy growth and, in turn, it can be 
influenced by environmental factors, such as the temperature and the availability of water and 
nutrients, which explains the importance of the thermal band, which is sensitive to surface heat 
and moisture content (Al-Gaadi et al. 2018).  

8.4.2 The most optimal stage and variables for the prediction of taro’s BGB yield 

To identify the most optimal stage for the prediction of taro’s BGB, based on taro’s AGB, the 
correlation between AGB and BGB and the model accuracies and their variations were 
considered. At the establishment stage, the best-fit model was the AGB model, followed 
closely by the BGB model, with SAVI, OSAVI, NIR and the thermal band being the most 
important variables for biomass prediction at this stage. The significance of these variables in 
the prediction model of taro’s AGB at this stage can be attributed to the fact that this is the 
initial stage of the crop, where the crop canopy is significantly low, which results in significant 
soil exposure (Ma et al. 2021). This then results in SAVI and OSAVI being crucial for 
suppressing the soil background effects and a high reflectance of the soil in the NIR and thermal 
wavelengths.  

At the vegetative stage, the best-fit model was again the AGB model, followed closely by the 
BGB model. The most influential predictor variables for biomass prediction at this stage were 
the red-edge band and ENDVI. The influence of these predictor variables in biomass prediction 
at this stage could be explained by the good relationship between ENDVI, the biomass and 
yield at mid-density canopies before saturation (Mhango et al. 2021). Furthermore, the 
literature highlights that the red-edge band relates to chlorophyll, which directly relates to the 
biomass and yield (Sibanda et al. 2015, Nyawade et al. 2021). Mid-density canopies are 
generally characterised by high biomass concentrations, which equate to high chlorophyll 
concentrations and which are sensitive to the red-edge waveband (Sibanda et al. 2019). Lastly, 
at the mature stage, the best-fit model was the AGB model, followed at a distance by the BGB 
model, with SAVI, OSAVI and the thermal band being critical in the prediction of biomass at 
this stage. The influence of these variables could be attributed to the fact that, at this stage of 
the crop, the leaves have reached senescence, and most have fallen off, which results in 
significantly low leaf foliage and thus soil exposure. In this regard, SAVI and OSAVI were 
critical for eliminating this soil background effect.  
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Overall, the vegetative state (154 DAP) proved to have higher prediction accuracies for AGB 
and BGB, and it had less variation between the AGB and BGB model accuracies, when 
compared to the establishment and mature stages of the crop. Based on our findings, this is the 
most optimal stage at which the taro yield could be predicted before harvesting. Estimating the 
yield at this stage may seem premature, since taro harvesting occurs towards the end of the 
maturity stage. However, it is promising since, as stated above, the state of the crop at the 
establishment stage determines its subsequent growth and yield (Li et al. 2021). The most 
significant variables for the optimal yield model were the red edge band and ENDVI. This 
reveals that the key wavelengths for yield prediction are located across the visible and near 
infrared range. The findings of this study are in line with those of Li et al. (2020) and Tedesco 
et al. (2021), who demonstrated the use of variables derived from the visible and near infrared 
regions of the electromagnetic spectrum in estimating the AGB and yield of potato crops. 

8.4.3 Implications of the findings 

Taro is a promising smart future crop for addressing the looming food and nutrition insecurity, 
as it has the potential to produce high yields and can contribute immensely to improving the 
resilience of food systems in SSA. However, the crop is a NUS in most of SSA. Thus, such 
findings demonstrate the use of precision agricultural technologies (i.e. UAVs), which can 
facilitate improved taro production. Specifically, using UAV-derived data to monitor the 
biomass dynamics of taro across the growing season will help to remotely identify areas with 
a higher incidence of roots that will be economically important, which consequently implies 
higher yields, and those requiring intervention. The growth dynamics could also assist in 
determining the most appropriate time to start harvesting, when considering the workforce that 
is available. Therefore, near-real-time UAV technology is beneficial in taro production as it 
allows for rapid and informed decision-making to limit further crop deficit issues. 

8.4.4 Limitations and recommendations 

Despite the high spatial resolution offered by the UAV onboard sensor, its spectral resolution 
limited the choice of spectral derivatives that could be generated to optimise the model’s 
accuracy. A higher spectral resolution allows for more precise spectral extraction, especially 
during the establishment and maturity growth stages, when the crop canopy cover is low and 
there is a significant presence of soil, and moreover, when there is a presence of weeds. There 
is a need for future studies to consider other approaches when generating yield prediction 
models, such as masking or image segmentation. This may result in improved model 
performance and more detailed map outputs of biomass across the field. Nonetheless, the 
application of UAV-derived data, in conjunction with the RF algorithm, proved to be 
instrumental in assisting taro farmers in near-real-time, to make the necessary management 
decisions. 

8.5 Conclusion 

This study aimed to test the use of UAV multi-spectral remotely-sensed data in estimating the 
AGB and BGB of taro, with the following specific objectives: (1) to explore the utility of using 
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UAV image data in assessing and characterising the relationship between taro’s AGB and 
BGB, and (2) to identify the optimum phenological stage for the prediction of BGB before 
harvest. The following conclusions were drawn: 

• UAV image data can be used to assess and characterise the relationship between the 
AGB and BGB of taro; 

• There is a positive relationship between taro’s AGB and BGB across the growing 
season; and 

• UAV-derived data optimally predicted taro’s BGB before the harvest, at the vegetative 
stage. 
 

The characterised variations in AGB and BGB can assist farmers and decision makers in 
identifying deficits in crop production within the field, in order to adjust their farming practices 
and achieve maximum farm productivity. These findings highlight the applicability of UAV 
multi-spectral image data in the prediction of the BGB, as well as the use of UAV systems to 
optimise crop production through precision farming on smallholder farms, which is crucial for 
poverty alleviation and improving food and nutritional security. 

  



145 
 

9 INTEGRATING IMAGE SEGMENTATION AND LEAF AREA 
INDEX WITH UAV MULTISPECTRAL DATA TO IMPROVE 
TARO YIELD PREDICTION ON SMALLHOLDER FARMS 

9.1 Introduction 

Taro is one of the most important traditional staple food crops grown on smallholder farms in 
Asia, the Pacific Islands and the Caribbean. It is extensively cultivated on a subsistence scale 
to ensure household income generation and food security, particularly in disadvantaged 
communities (Moussa Kourouma et al. 2021). However, smallholder farmers generally lack 
adequate the resources and information to optimise their agricultural productivity. Thus, it is 
imperative to provide them with innovative, effective and low-cost solutions to optimise their 
productivity and to produce increased and healthy taro yields. The early prediction of the taro 
yield could assist smallholder farmers to identify yield deficits at an early stage, which would 
allow them to implement the necessary remedial solutions to optimise their production. Yield 
prediction is commonly dependent on subjective, inaccurate and labour-intensive ground-based 
visits (Li et al. 2021). Remote sensing, on the other hand, has been proven to be a useful 
alternative for monitoring the growing season crop canopies and for providing information on 
the spatial variability of a crop yield. More specifically, UAV-based imaging is a low-cost 
solution that can be used for yield prediction. For instance, Li et al. (2021) improved the 
prediction of the potato yield by using UAV-derived data in conjunction with cultivar 
information. Moreover, Sun et al. (2020) predicted the potato yield by using UAV-based 
hyperspectral imagery and machine learning.   

In comparison to the ground-based and satellite-based remote sensing techniques, UAV-based 
imaging offers satisfactory temporal, spatial and spectral resolution data (Yin et al. 2023). 
Thus, using UAV-derived data could assist in achieving timely and accurate taro yield 
predictions. UAV imaging methods for crop yield prediction are commonly based on broad-
band Vegetation Indices (VIs), such as the Normalised Difference Vegetation Index (NDVI) 
(Tedesco et al. 2021). Although these VIs are related to the yield, some of them can be affected 
by other factors, including the soil background, light conditions and the presence of weeds, 
which results in low prediction accuracies, especially during the early stages of the growing 
season, where the crop is characterised by a low canopy cover (Luo et al. 2020, Liu et al. 2021). 
Consequently, improving the accuracy of these prediction models remains a challenge to their 
operational use. An alternative solution that has been demonstrated to be effective in 
eliminating the soil background and weed effects, while improving the prediction accuracy, 
has been the incorporation of VIs. These include the Soil Adjusted Vegetation Index (SAVI), 
the Optimised Soil Adjusted Vegetation Index (OSAVI), the Excess Green Index (ExGI) and 
the Excess Red index (ExRI), which are designed to address the influence of the soil brightness 
in areas where the vegetation cover is low. Another alternative approach includes incorporating 
image enhancement techniques (Kastens et al. 2005). Image segmentation techniques, or 
colour indices, have the great potential of circumventing the soil background noise, while 
minimising the impact of the light conditions, which significantly improves the crop signals 
and the associated prediction accuracies. For instance, Woebbecke et al. (1995) proposed the 
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Excess Green (ExGI) and Excess Red (ExRI) indices for enhancing the detection of plant pixels 
in digital images. These indices leverage the distinct reflectance properties of green plants in 
the visible (red and green) spectrum, which optimises the discrimination of live plants from 
non-plants. Zeng et al. (2021) demonstrated that the wheat yield could be optimally estimated 
by using colour indices during the flowering stage (R2 = 0.93, RMSE = 32.18 g/m2) by using 
UAV-acquired remotely-sensed data. Although these colour indices have been demonstrated 
to be effective in detecting and mapping various crop elements, their application in the yield 
mapping of NUS, such as taro, remain underexplored. 

Moreover, yield mapping is generally associated with the crop canopy cover parameters, which 
include the Leaf Area Index (LAI), for optimising the prediction accuracies (Sun et al. 2020). 
The relative contribution of canopy cover traits, such as LAI, has not been extensively explored 
in taro crop production. Recent studies on incorporating multi-source data in the yield 
prediction of other tuber crops have achieved better results than studies that are based on 
remotely sensed data alone (Li et al. 2021, Mhango et al. 2021, Tedesco et al. 2021).  

Other than the ultra-spatial resolution of UAV-acquired remotely-sensed data, in conjunction 
with image enhancement techniques and multisource data, machine learning algorithms have 
been demonstrated to be effective in optimising the prediction accuracies of crop yields in 
smallholder croplands (Sibanda et al. 2023). In particular, Random Forest has been extensively 
demonstrated to be robust and effective in optimising yield estimation accuracies (Ramos et al. 
2020, Li et al. 2021, Cheng et al. 2022). For instance, Li et al. (2021), demonstrated that 
combining high spatial-resolution UAV images and cultivar information, using machine 
learning algorithms, can significantly improve potato yield prediction. However, the 
capabilities of Random Forest in estimating the taro yield in smallholder croplands still needs 
to be explored. 

In this regard, using multisource data in conjunction LAI data could assist in optimising the 
yield forecasting techniques for fragmented and heterogeneous smallholder farmers, by 
building models of area-specific inputs that are relevant to a crop of interest that has influential 
crop traits. This is critical and urgently required, in order to achieve resilient and timely crop 
early warning systems. Therefore, this study aimed to test the potential of UAV-derived data, 
in concert with image segmentation and LAI, in predicting the taro yield in smallholder 
croplands. The specific objectives of this study were:  (1) to predict and characterise the taro 
yield by using UAV-acquired data and image segmentation; (2) to evaluate the potential of 
improving taro yield mapping by incorporating LAI into the model. 

9.2 Materials and Methods 

9.2.1  Image acquisition and pre-processing 

The study area and the experimental fields are detailed in Chapter One. Multi-spectral and 
thermal imaging data were obtained under clear sky conditions on the 11th April 2023, 
approximately 154 Days After Planting (DAP) during the vegetative stage of the crop. The 
vegetative stage was chosen because of the strong correlation between the above-ground 
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biomass of tuberous crops during this period and their final yield, as was proven in the literature 
(Wang and Rosen 2003, Tanabe et al. 2019, Vitor et al. 2019). The image was taken by a 
lightweight UAV (DJI Matrice 300 series) (Figure 9.1a) equipped with the MicaSense Altum 
imaging sensor (Figure 9.1b) at a flight altitude of 100 m, which is equivalent to a spatial 
resolution of 9.6 cm/pixel. The flight survey was configured with an 80% side and an 80% 
forward overlap. Radiometric and geometric corrections were applied to the raw image strips 
by using corresponding onboard navigation information and in-situ grey-white reflectance 
calibration panels for each flight, in order to produce georeferenced reflectance images. The 
imagery and corresponding Position and Orientation System (POS) data were used to generate 
an ortho-mosaic image of the site by using the Pix4D software.  

 

Figure 9-1 a) DJI Matrice 300 platform, and b) Micasense Altum multispectral and thermal 
sensor 

9.2.2  Field crop assessment 

Field measurements were conducted on the 11th of April 2023 and 14th of July 2023 during the 
vegetative stage and harvesting period, respectively, to provide ground truth data. Eighty plants 
were randomly selected across the experimental plot. The LAI was measured by using the 
LiCOR plant analyser, and the yield was measured by harvesting the crop. The corresponding 
dry weight was obtained after the fresh samples were oven-dried at 70°C until a constant dry 
weight was reached (approximately 72 h). The yield data were measured by weighing the total 
weight of each of the 80 collected taro tubers. 

9.2.3  Image processing and data extraction 

To extract the spectra that corresponded to the taro canopy, and to segment the image between 
the soil, weeds and taro, it was necessary to create a taro crop mask. In order to achieve this, a 
binary mask image was generated by segmenting the taro canopy from the soil background and 
weeds. The Excess Green (ExG), Excess Red (ExR)and Excess Green minus Excess Red 
(ExGR) colour indices were computed and compared. The ExR index was ultimately used as a 
robust index that facilitated a contrast enhancement between the taro canopy and the soil 
background, as well as the weeds: 

ExR = 1.4 x (R – G) / (G + R +B)     (1) 
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where R, G and B are the reflectance intensities in the red, green and blue regions, respectively. 
The Otsu thresholding method (Otsu 1979) was applied to convert the ExG greyscale image to 
a binary image, with zero value assigned to soil background and weeds, and the spectra were 
extracted from the non-zero pixels (taro mask) as a region of interest.  

9.2.4  Vegetation indices 

VIs are mathematical transformations of the spectra at predefined wavelengths. With the use 
of multi-spectral sensors, many broadband VIs have been developed in recent years for 
estimating the biophysical parameters of crops. Several vegetation indices have been applied 
to tuber crops for estimating their leaf area index, chlorophyll content, biomass and yield (Liu 
et al. 2021, Nyawade et al. 2021, Yang et al. 2022, Yu et al. 2023). Based on these studies, 11 
vegetation indices (Table 9.1) that showed a good correlation with the biophysical parameters, 
crop yield and the biomass of tuber crops, were selected for use in this study. 

Table 9-1 List of vegetation indices used in the modelling of yield and related source 
references 

Index Full Name Formula Reference 
NDVI Normalised 

Difference 
Vegetation Index 

NIR – Red/NIR+ 
Red 

(Tan et al. 2020) 

ENDVI Enhanced 
Normalised 
Difference 
Vegetation Index 

((NIR + Green) – 
(2*Blue)) / ((NIR + 
Green) + (2*Blue)) 

(Dhau et al. 2018) 

NDRE Normalised 
Difference Red-Edge 
Index 

NIR – Red-edge / 
NIR + Red-edge 

(Sibanda et al. 2017) 

NDWI Normalised 
Difference Water 
Index 

Green – NIR / Green 
+ NIR 

(Ndlovu et al. 2021) 

SR Simple Ratio NIR/R (Brewer et al. 2022) 
SAVI Soil Adjusted 

Vegetation Index 
((NIR – Red) / (NIR 
+ Red + 0.5)) * (1.5) 

(Al-Gaadi et al. 
2016) 

OSAVI Optimised Soil 
Adjusted Vegetation 
Index 

(NIR – Red) / (NIR 
+Red + 0.16)  

(Al-Gaadi et al. 
2018) 

 

9.2.5 Data analysis 

The RF algorithm was used to predict taro yield because of its simplicity and robustness, which 
enables it to perform well, despite the sample size (Gómez et al. 2019, Sun et al. 2020). The 
RF ensemble is a machine learning algorithm that builds multiple trees on a subset of samples 
from the training data, by using bootstrap aggregation (Li et al. 2020). Decision trees are grown 
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to their threshold through a randomised subset of predictors (UAV image data), and each node 
is split by using random subsets of input variables. Moreover, the RF algorithm can rank the 
predictor variables, from the most to the least influential, in the prediction model, based on the 
sum of the reduction in Gini impurity across the nodes of the feature (Liu et al. 2022). 
Specifically, the R statistical software was used to develop three RF regression models through 
numerical inputs. Before running the RF algorithm, the data (n = 80) were split into training 
and test groups, with a split ratio of 70:30. The training data were used to train the models, 
while the testing data were used to validate the derived models. In tuning, the mtry, which is 
the number of variables that are randomly sampled as candidates at each split, and the ntree, 
which is the number of trees to grow, were used in this study to train each model. All the models 
were user-defined and fine-tuned to an optimal 150 trees and three variables. These 
hyperparameters were attained for numerous iterations. Although a similar number of ntree 
and mtry were used for all the models, the model calibration and validation were stage-specific. 

9.2.6 Accuracy assessment of taro yield 

Accuracy assessments were conducted to evaluate the performance of the regression models of 
the predicted yield. The accuracy metrics that were used were the coefficient of determination 
(R2), the Root Mean Square Error (RMSE) and the Relative Root Mean Square Error (rRMSE). 
The R2 measured the variation between the measured and predicted yield. The RMSE assessed 
the error magnitude between the field measurements and the modelled yield outputs, while the 
rRMSE evaluated the accuracy of the model, and it was used to compare the performance of 
the two regression models. The rRMSE is calculated by normalising the mean of each variable 
RMSE value, and it is expressed as a percentage, where lower percentages are considered to 
be more accurate  (Yadav et al. 2021). 

9.2.7 Comparing the performance of different datasets  

In order to predict the taro yield, a comparative analysis of the performance of three datasets 
was conducted. The first model was developed by using predictor variables that were based on 
the multispectral and thermal bands and vegetation indices derived from the unsegmented UAV 
image. This was done to test the potential of the vegetation indices that were targeted at 
correcting the influence of soil brightness in areas where the vegetation cover was low or non-
existent. The second model was developed by using predictor variables, based on the 
multispectral and thermal bands and vegetation indices derived from the segmented AV image. 
This model was sought to assess the potential of image segmentation for improving the yield 
forecasts. The final model was computed from UAV-acquired multispectral bands and 
vegetation indices that were derived after image segmentation and combined with LAI. This 
model sought to evaluate the strength and potential of ultra-high spatial resolution UAV-
acquired data, in concert with the image segmentation and Leaf Area Index (LAI), for 
improving the yield prediction of tuber crops.   
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9.3 Results 

9.3.1  Ground truth data 

The minimum, maximum, mean and standard deviation of the yield data are shown in Table 
9.2. Significant variations were observed in the taro yield across the plot. The average for the 
taro yield was 166.67g. The minimum and maximum yields were 71.47g and 523.1g, 
respectively.  

Table 9-2 Descriptive statistics of taro yield 
Parameter Min Max Mean Median Std 
Yield 71.47g 523.1g 166.67g 139g 81.34 

 

9.3.2 Evaluation of taro yield regression models 

When predicting the taro yield, RF Model 3 demonstrated the highest prediction accuracy (R2 

= 0.90 and RMSE 10.29 g/m2) with the LAI, red-edge and NIR bands being the most optimal 
predictor variables. RF Models 1 and 2 also produced satisfactory results with an R2 of 0.90 
and 0.92, and an RMSE of 39.7 g/m2 and 23.63 g/m2, respectively with red, red-edge, NIR, 
ExR, ExGR and LAI being the most influential predictor variables (Figure 9.2).  
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Figure 9-2 Prediction of taro yield using UAV image data from (a) unsegmented image, 
(b) segmented image, (c) segmented image and LAI, and (i, ii and iii) are the 
associated variable importance scores 

9.3.3 Mapping the spatial distribution of the taro yield 

The spatial distribution of the taro yield was predicted, based on the most optimal model, i.e. 
the RF model. The modelled yield ranged from 71 g/m2 to 401 g/m2. Figure 9.3 illustrates the 
spatial distribution of taro yield. It can be observed that the yield is relatively lower on the 
upper portions of the plot (the south portion of the plot map), followed by an increase in the 
mid- and lower portions (the mid- and north portions of the plot map) of the plot.  
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:  

Figure 9-3 Spatial distribution of modelled taro yield 

9.4 Discussion 

The objective of this study was to determine the potential of UAV-derived data, in concert with 
image segmentation and LAI, for predicting the taro yield in smallholder croplands. To address 
this overarching aim, the prediction performance of segmented data, in concert with LAI, was 
compared with that of unsegmented data. 

9.4.1 Prediction of taro yield in smallholder croplands 

In this study, the taro yield was optimally estimated to an RMSE of 1029 g/m2 based on the 
LAI, combined with the red-edge, NIR and red bands derived from a segment UAV-acquired 
multispectral image. The optimal performance of LAI could be explained by the fact that it is 
one of the principal components of a plant that is central to the process of photosynthesis, yet 
it is directly correlated with biomass accumulation. In particular, the LAI regulates the 
capability of a crop to intercept sunlight, which drives photosynthesis. With regard to tuber 
crops, photosynthetic efficiency directly regulates the accumulation of biomass in the tubers 
up to the mature phenological stage. Therefore, a higher LAI often positively correlates with a 
higher biomass and tuber yield. Generally, aa high foliage coverage and development (LAI) 
suggest efficient carbon assimilation, which directly contributes to tuber growth (Li et al. 
2023). In a related study, Luo et al. (2020) demonstrated that the optimal combination 
weighting method, combined with LAI, estimated the potato yield better (with an adjusted R2  
value of 0.8333, and the estimation error of about 8%), when compared to other models. They 
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indicated that the inclusion of LAI in their model significantly improved the accuracy in 
predicting the yield of potato crops, because the saturation phenomena of the spectra were 
reduced.  

Meanwhile, the optimal performance of the red-edge NIR and red sections of the 
electromagnetic spectrum could be attributed to the foliar attributes of the crops across the 
different stages. The edge section of the electromagnetic spectrum is renowned for being highly 
sensitive to subtle changes in the canopy architecture of crops and plants. For chlorophyll 
content, the absorption in the red section of the electromagnetic spectrum increases and the 
red-edge inflexion point gravitates towards the longer wavelengths, in relation to biomass 
accumulation. Meanwhile, as the foliage density increases (LAI), the reflectance in the near 
infrared and red-edge energy is also incrementally scattered by the leaves, which optimises the 
spectral signal of crops in the red-edge region and increases its sensitivity to changes in the 
LAI. In another related study, Li et al. (2020) showed that the combination of the robust 
Random Forest regression ensemble with the UAV-acquired red-edge spectral derivatives 
improved the estimation of both above- and below-ground biomass of potatoes with a 
coefficient of determination (R2) > 0.90. 

9.4.2 Assessing the impact of image segmentation on prediction accuracies 

When comparing the effect of segmentation on the estimation of the taro yield, a prediction 
accuracy improvement to a magnitude of 3.59 g/m2 was observed, when the image was 
segmented. This indicates that segmentation significantly improves the estimation of the taro 
yield. This could be explained by the fact that segmentation optimises the spectral signature of 
crops by excluding the non-crop regions on the image, thereby exclusively offering the data 
from the crops, which enhances the model’s performance. Comparatively, an unsegmented 
image tends to be impacted by noise from other background features, including noise, which 
taints the spectral signature of crops and reduces the model’s performance in predicting the 
crop yield. The results of this study are consistent with those of  Li et al. (2020), who 
demonstrated that image segmentation significantly improved the estimation accuracy of 
potato yields. 

The incorporation of LAI as a predictor variable among the spectral variables derived from a 
segmented ultra-high spatial resolution UAV-acquired image, significantly improved the yield 
prediction accuracies of taro with a magnitude of 13.34 g/m2. This could be attributed to the 
combination of the pure crop signatures from segmentation with the foliage density data, which 
is strongly correlated with a crop’s biomass accumulation. Subsequently, the magnitude of 
agreement between the taro yield and its predictor variables is extensively magnified, which 
reduces errors, while it significantly improves the prediction accuracy (Li et al. 2020, Luo et 
al. 2020). 

9.4.3 Implications of the study 

The results of this study suggest that the segmentation of UAV-acquired remotely-sensed data, 
in concert with machine learning algorithms and the biophysical elements of crops, such as 
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LAI, has great potential for predicting the yield of tuber crops during the growing season in 
smallholder crops at near-real-time. This implies that the use of these techniques could 
facilitate improved and accurate yield forecasting, which could indirectly optimise crop 
production, in the light of the current climate change and food insecurities. However, in this 
study, a limited number of phenological stages were considered for estimating the yield. This 
may not adequately represent the variability and contribution of the changes in the canopy traits 
across the growing season. Thus, it is recommended that a further analysis of the model’s 
performance should be undertaken in the future, by using more crop canopy traits as input 
variables. 

9.5 Conclusion 

The study tested the potential of UAV-derived data, in concert with image segmentation and 
LAI, for improving the early prediction of the taro yield in smallholder croplands, by using the 
Random Forest regression algorithm. The findings of this study concluded that: 

• the taro yield can be optimally predicted by using Random Forest in concert with the 
red, red-edge and NIR bands derived from a segmented high spatial resolution UAV-
acquired image, and combined with LAI in smallholder croplands; and 

• image enhancement techniques, such as segmentation, combined with data on the crop 
canopy architecture, can significantly improve the accuracy in predicting the tuber yield 
of taro crops in smallholder croplands. 

The findings of the study demonstrate that precise UAV crop phenotyping and advanced image 
enhancement techniques, which are time- and cost-effective, are suitable for smallholder 
farmers and could improve informed decision-making and agricultural productivity in climate-
vulnerable regions. Specifically, UAV image data, LAI and the image segmentation technique 
are spatially explicit and provide near-real-time data for understanding crop productivity. This 
approach potentially overcomes some of the limitations that are associated with the prediction 
of crop yield, by using satellite-borne remotely-sensed data. 
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10 GENERAL DISCUSSION, CONCLUSIONS AND 
RECOMMENDATIONS 

The human population in South Africa is anticipated to rapidly increase to between 79 and 87 
million by 2050, which will intensify such challenges as food and nutrition security, water 
scarcity and land resources. This implies that South Africa will need to produce at least one-
third more food, in order to feed the rapidly-growing population. The growing population, 
combined with climate change and land degradation, will place increased pressure on the 
already-limited water resources. Furthermore, climate variability and frequent droughts 
associated with El Niño-Southern Oscillation (ENSO), are already impacting mainstream 
crops, such as maize (Pretorius and Geyser 2025). However, some of our most resilient crops 
are also the most neglected. Sorghum, cowpea, amaranth, sweet potatoes and taro are naturally 
tolerant to both droughts and floods. Their champions are smallholder farmers, who rely on 
this inherited wisdom. The challenge, and the opportunity, is for modern science to fully catch 
up to their potential.  

Despite being subjected to droughts, climate variability and change, which drastically impact 
their productivity, smallholder farms play a critical role in global food production, by 
producing about 70-80% of the world's food (Ricciardi et al. 2018). There is a critical gap 
between the diverse reality of smallholder farms and the generic guidelines that are meant to 
support them. To build real climate resilience, precise and timely field data are necessary. 
Traditional crop monitoring is slow and subjective, while satellite imagery is often blurry or 
too costly to capture the fine details of these heterogeneous and fragmented landscapes. 
Therefore, there is an urgent need to develop time-efficient and spatially explicit approaches 
for high-throughput phenotyping. This would enable the precise monitoring of the crop health, 
water use and yield forecasts, in order to support on-farm decision-making and optimise 
production in the light of climate variability and change. 

Proximal remote sensing by means of UAV-based high-throughput phenotyping platforms has 
become a cost-effective, rapid and efficient approach for acquiring high-resolution crop data. 
These platforms have demonstrated considerable potential for the characterisation of neglected 
and under-utilised species (NUS)(Ndlovu et al. 2021, Ndlovu et al. 2025). The proposed 
project leveraged UAV-derived imagery, in combination with crop simulation models, to 
assess the crop health and estimate yields of selected NUS, namely sweet potatoes, taro and 
Bambara groundnuts, within smallholder farming systems. The near-real-time monitoring of 
the crop–soil water status will facilitate drought assessments and it will support informed 
irrigation management. In addition, this study will build on WRC Project No. K5/2717//4, 
which focused on estimating the green water use of maize by integrating UAV-based 
phenotyping to enhance precision agriculture applications in smallholder environments. This 
project aimed to assess the application of unmanned aerial vehicle high-throughput 
phenotyping of Neglected and Under-utilised crop Species (NUS) (taro and sweet potatoes) for 
their improved water use and productivity on smallholder farms. In order to achieve the 
overarching objective, this project set out the specific objectives below: 
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1) to review the literature on the utility of earth observation data in characterising the 
productivity of Neglected and Under-utilised crop Species on smallholder farms; 

2) to map the spatial distribution and health of neglected and under-utilised crop 
species using UAV data on smallholder farms; 

3) to assess the relationship between NUS crop productivity variations and edaphic 
factors (i.e. soil moisture temperature and salinity) on smallholder farms; 

4) to evaluate the utility of unmanned aerial vehicle platforms in quantifying the 
spatial and temporal variability of the canopy crop water status and yield by NUS 
crops on smallholder farms; and 

5) to assess the potential of unmanned aerial vehicle high-throughput phenotyping data 
in estimating the yield of NUS crops on smallholder croplands. 

10.1 General Discussion 

A systematic review of the literature was undertaken on the progress, challenges, gaps and 
opportunities associated with using drone-derived remotely-sensed data to map the spatial 
distribution and health of NUS crops, in order to specifically address Objective 1; however, a 
notable imbalance was found in the literature. While several studies have focused on assessing 
crop health and productivity, very few have mapped where these crops are spatially located. 
The findings implied that overall, research on the NUS remains limited, compared to the 
research on staple crops. This gap is partly explained by the high costs of drones and pilot 
licensing, a shortage of trained personnel and the restrictive regulations. Despite these barriers, 
the review highlights the strong potential of UAVs to deliver detailed, timely and reliable 
spatial data for the monitoring of crops. The findings stress an urgent need to integrate drone 
technology into smallholder farming systems. Doing so, would equip farmers with the skills to 
operate drones and to interpret the data, which would lead to better on-farm decisions and 
increased productivity. Beyond the farm-scale benefits, the wider adoption of drones for NUS 
could help to sustain indigenous food systems and cultural heritage, to support gender equality, 
since women often manage these crops, and to empower smallholder farmers as the custodians 
of agricultural biodiversity. Ultimately, this study frames drone technology as not just a 
technical tool, but as a catalyst for ecological, social and cultural resilience in farming 
communities.  

In order to specifically address Objective 2, the study compared the machine learning 
algorithms (Gradient Tree Boosting, Random Forest and Support Vector Machine) for mapping 
sweet potatoes and taro in smallholder fields by using UAV data. It was found that Gradient 
Tree Boosting performed best, particularly when using vegetation indices derived from the 
Red-edge and NIR bands, rather than the raw spectral bands. The resulting maps provide 
accurate, field-scale data that support targeted farm management and the creation of reliable 
agricultural landcover maps for improving food security in sub-Saharan Africa.  

In order to specifically address Objective 3, the project explored the utility of drone data and 
Random Forest regression to predict the chlorophyll content of taro and sweet potato crops in 
smallholder systems. The findings indicate that combining multispectral bands and vegetation 
indices, particularly from the NIR and red-edge regions, enables the accurate prediction of the 
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canopy chlorophyll content, which is a key health indicator, during the key vegetative stages. 
These results confirmed the viability of drone-derived data as a precise, high-resolution tool 
for monitoring the health and condition of these under-utilised crops. In addition, this project 
demonstrated that UAV data can effectively predict the soil moisture and chlorophyll content 
in taro crops at specific growth stages, with the optimal estimation of soil moisture in the early 
establishment phase and the estimation of chlorophyll in the late vegetative stage, using key 
spectral bands and indices. A significant positive correlation was found between these two 
parameters, which indicates that the chlorophyll content can act as a reliable proxy for soil 
moisture. These findings highlight the practical utility of drone-based remote sensing for 
precise, stage-specific crop- and soil moisture-monitoring in smallholder farming systems. 

In order to specifically address Objective 4, this project aimed to assess the use of thermal 
remote sensing and index-based segmentation techniques for predicting the canopy Equivalent 
Water Thickness (EWTcanopy) of taro crops on smallholder farms. The findings revealed that 
an integrated approach, using UAV-based thermal and multispectral data, combined with the 
ExGR segmentation method, provided the most accurate estimates of the taro water status. 
Notably, the exclusion of thermal data reduced the prediction accuracy, while segmentation 
effectively isolated the crop canopies from soil interference. The most influential spectral 
regions for modelling the EWTcanopy were the near-infrared, red-edge and thermal bands. 
These results highlight the significant potential of UAV remote sensing to deliver timely, high-
resolution insights into the crop water status, which offers a practical tool for water 
management in smallholder systems that are cultivating neglected and under-utilised species, 
such as taro. In addition, the project explored the use of UAV thermal-multispectral data and 
deep learning to assess the water status of taro crops on smallholder farms. The results were 
highly promising, as they demonstrated that combining thermal and multispectral data can 
optimally estimate the key crop water indicators, including the equivalent water thickness, fuel 
moisture content, stomatal conductance and canopy temperature, with a very high accuracy (R² 
> 0.91). Integrating raw spectral bands with thermal and spectral indices proved to be the most 
effective modelling approach, as it showcases a practical and precise method for monitoring 
taro health.  

In order to specifically address Objective 5, when assessing the potential of unmanned aerial 
vehicle high-throughput phenotyping data for estimating the yield of NUS crops, the project 
demonstrated that UAV multispectral data can reliably estimate both the above- and below-
ground biomass in taro crops. It revealed a positive correlation between the two across the 
growing season and it identified the vegetative stage as being optimal for predicting the below-
ground yield before harvest. These findings highlight the practical value of UAVs for precision 
farming, which will enable smallholders to monitor their crop performance, adjust their 
practices, and ultimately enhance their productivity, food security and livelihoods. Finally, the 
project also confirmed that UAV-derived data, when combined with image segmentation and 
the Leaf Area Index (LAI), can effectively provide early and accurate predictions of the taro 
yield. Using the red, red-edge and NIR spectral bands with a Random Forest model, this 
approach overcomes the limitations of satellite data by delivering timely, high-resolution 
insights. This cost-effective method equips smallholder farmers with precise, field-scale 



158 
 

information to improve their decision-making and boost their productivity in climate-
vulnerable regions. 

10.2 Limitations 

While this project established significant insights on drone remotely-sensed data high-
throughput phenotyping of the neglected and under-utilised taro and sweet potato crops, its 
findings were shaped by numerous methodological and contextual constraints, namely: 

The limited scope of the crop assessment: The project was constrained to only two crop species 
(taro and sweet potatoes) and it did not differentiate between the varieties within these species. 
This limits the understanding of varietal-specific traits, resilience and performance. 

The limited analytical methodology: The classification and modelling procedures were 
restricted to standard machine learning algorithms within the Google Earth Engine platform. 
The project did not explore, or leverage, more advanced computational techniques, such as 
deep learning or artificial intelligence, which could improve the accuracy and scalability. 

The lack of an integrated data synergy: There was a missed opportunity to synergise high-
resolution drone (UAV) data with freely-available, moderate-resolution satellite data (e.g. 
Sentinel-2, Landsat). This limits the ability to effectively upscale the findings from a field plot 
to a regional landscape. 

The incomplete seasonal and phenological data: The analysis did not fully capture the crop 
traits across all key phenological stages, particularly during early establishment and late 
maturity. This was mainly due to bad weather conditions, a shortage of pilots, and technical 
repairs to the drone. This gap reduces the robustness and seasonal accuracy of the yield 
estimation models. 

The sensor and data quality constraints: The Altum MicaSense sensor is limited in its spectral 
resolution. During the critical growth stages with sparse canopy cover, the project was limited 
by the spectral resolution of the sensors that were used and the lack of advanced data processing 
(e.g. vegetation-soil masking) to filter out weeds. This challenge mostly affected the 
discrimination of crops and yield modelling. 

10.3 General Conclusion 

Based on the systematic review, this study concludes that drone technology holds significant 
potential for advancing the research on Neglected and Under-utilised Species (NUS) crops, 
particularly in mapping their spatial distribution - an area that is currently lacking in the 
literature. However, its widespread adoption is hindered by the high costs, regulatory barriers 
and a shortage of technical skills, especially within the smallholder systems. Overcoming these 
challenges is essential, as integrating UAVs into farming practices would not only improve 
crop monitoring and productivity, but it would also empower communities, preserve the 
indigenous food systems and promote greater gender equity in agriculture. In mapping the 
spatial distribution and health of Neglected and Under-utilised crop Species by using UAV 
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data on smallholder farms, this study demonstrated that Gradient Tree Boosting is an effective 
machine learning algorithm for accurately mapping sweet potatoes and taro. These precise, 
field-scale distribution maps provide actionable data to support on-farm decision-making and 
the development of reliable agricultural landcover maps. Ultimately, this approach is a valuable 
tool for targeting interventions that can enhance food security and the sustainable management 
of under-utilised crops. The project also successfully demonstrates that integrating UAV 
thermal data with multispectral imagery and ExGR segmentation provides the most accurate 
method for estimating the taro water status on smallholder farms. Excluding thermal 
information reduces the accuracy, while the red-edge, NIR and thermal bands are critical for 
prediction. This approach offers a practical, high-resolution tool for real-time water 
management in under-utilised crop systems. The findings of the project also demonstrated that 
integrating UAV thermal data with multispectral imagery and ExGR segmentation provides 
the most accurate method for estimating the water status of taro on smallholder farms. 
Excluding thermal information reduces the accuracy, while the red-edge, NIR and thermal 
bands are critical for prediction. This approach offers a practical, high-resolution tool for real-
time water management in under-utilised crop systems. In mapping the crop productivity 
elements, such as chlorophyll, the findings of the project confirmed that drone-based remote 
sensing, combined with machine learning, provides a viable and precise method for monitoring 
the chlorophyll content, as a proxy for the health and productivity of under-utilised crops like 
taro and sweet potatoes in smallholder systems. Accurate predictions are achieved by 
integrating multispectral bands with vegetation indices, especially from the NIR and red-edge 
regions. This project also demonstrates that UAV-based remote sensing can effectively monitor 
both the soil moisture and chlorophyll content in taro crops across their growth cycle. The 
chlorophyll content serves as a reliable indicator of the soil moisture, which allows for the non-
invasive, real-time assessment of the crop and soil health. By identifying key spectral variables 
for each growth stage, this approach provides smallholder farmers with a practical tool for 
precision agriculture and informed water management. Based on the findings, this project 
conclusively demonstrates that multispectral imagery can reliably estimate taro biomass, which 
reveals a direct link between above- and below-ground growth and identifies the vegetative 
stage as being the best time to predict yield. Finally, the project illustrated that UAV-based 
monitoring, and integrating specific spectral data and image analysis, provides an early, 
accurate and practical yield prediction tool for taro, which will enable smallholder farmers to 
make better decisions and increase their resilience. 

Overall, the studies significantly addressed the overarching aim of the project by validating the 
precise UAV-based methods to map these crops, to monitor their water status and chlorophyll 
content, and to predict their biomass and yield. Collectively, this evidence establishes drone 
technology as a practical and transformative tool for smallholder agriculture. By generating 
precise, actionable data on the crop status and resource use, UAVs may enable farmers to 
optimise their water management and boost their productivity, which are foundational steps for 
improving their food security and climate adaptation. 
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10.4 Recommendations 

• Future projects must move beyond species-level mapping to conduct the varietal-level 
phenotyping of taro and sweet potatoes. Deploying UAVs to assess the distinct varieties 
will uncover critical differences in their canopy architecture, stress response and yield 
potential. These data are essential for developing targeted breeding programmes and 
providing farmers with evidence-based recommendations for the most resilient and 
productive varieties that are suited to their local conditions. 

• In order to accurately map the complex spatial patterns of NUS crops in Africa, the 
research must advance beyond basic machine learning. We recommend integrating big 
data analytics, including deep learning and AI, to process high-resolution UAV and 
satellite imagery. These advanced techniques are needed for automatically detecting the 
subtle spectral-spatial features of fragmented and highly-heterogeneous smallholder 
plots, which will significantly improve the classification accuracy and enable scalable, 
dynamic crop monitoring. 

• It is recommended that future projects should expand the geospatial modelling of the 
canopy water status as a proxy for crop water use in NUS crops (taro and sweet 
potatoes), to conduct systematic variety and water management trials. Current research 
lacks a direct comparison between irrigated and rainfed production across genetically-
diverse material. This gap hinders the identification of varieties that are inherently 
water-efficient, or best-suited to specific water regimes. Implementing targeted field 
studies that correlate canopy-level spectral data with actual water use and yield metrics 
will enable the development of variety-specific recommendations for optimising water 
use efficiency. 

• Future projects could enhance yield estimation models by integrating multi-temporal 
canopy data that span all the major phenological stages. The current models often rely 
on limited snapshots, and they miss the critical seasonal variability in canopy 
development. Incorporating a broader suite of traits across the growing season is 
essential for robust and accurate predictions. Therefore, future projects should 
systematically evaluate the predictive power of these new input variables, to determine 
their individual and synergistic value for forecasting the yield. 

• The yield model accuracy declines during the early and late growth stages, due to the 
sparse canopy cover and significant background interference from the soil and weeds. 
This could be addressed by integrating (1) sensors with a higher spectral resolution for 
precise spectral feature extraction, and (2) advanced data processing pipelines that 
feature vegetation-soil masking and image segmentation. These strategies will generate 
cleaner canopy data, enhance the predictive accuracy of a model, and support the 
creation of more reliable, high-resolution biomass and yield maps. 

• In order to fully realise the value of taro and sweet potatoes, future studies must link 
agronomic practice to nutritional outcome. We recommend pioneering research that 
models how nutrients in these crops accumulate, or vary, across the growing season, 
in direct response to their water use. This goes beyond traditional phenotyping to 
answer a vital question: how can we manage water to enhance the nutritional quality? 
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Closing this knowledge gap is essential for scientifically validating and marketing 
these NUS crops as truly sustainable, nutrient-optimised foods. 

• A significant opportunity remains to fuse drone-level detail with satellite-level 
coverage for the phenotyping of NUS crops. We recommend that future studies 
prioritise methodologies that integrate high-resolution drone data with the free, 
moderate-resolution time series from Sentinel-2 and Landsat. By building these 
synergies, researchers can create scalable models that translate precise, field-level 
observations into reliable landscape-level insights, which will dramatically improve 
crop monitoring and management for smallholder farmers.  
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Table S2.2 Band 5 JM distances 

    B5      
Taro SP NV SU BL BU M1 M2 

Taro 0 0.508 0.313 0.868 0.636 0.617 0.602 0.358 
SP 0.508 0 0.365 1.034 0.687 0.653 0.813 0.538 
NV 0.313 0.365 0 0.966 0.622 0.591 0.711 0.355 
SU 0.868 1.034 0.966 1.490 1.050 1.053 0.806 0.859 
BL 0.636 0.687 0.622 1.050 0 0.187 0.712 0.747 
BU 0.617 0.653 0.591 1.053 0.187 0 0.717 0.736 
M1 0.602 0.813 0.711 0.806 0.712 0.717 0 0.658 
M2 0.358 0.538 0.355 0.859 0.747 0.736 0.658 0 

 

Table S2.3 EXG index JM distances  
    

EXG 
    

 
Taro SP NV SU BL BU M1 M2 

    Taro  0 0.686 0.334 0.523 0.706 0.705 0.613 0.254 
SP 0.686 0 0.504 0.894 0.739 0.592 0.943 0.667 
NV 0.334 0.504 1.490 0.681 0.629 0.553 0.755 0.332 
SU 0.523 0.894 0.681 0 0.799 0.845 0.257 0.583 
BL 0.706 0.739 0.629 0.799 1.490 0.425 0.836 0.734 

    
B4 

    
 

Taro SP NV SU BL BU M1 M2 
Taro 0 0.963 0.699 0.783 0.836 0.849 0.694 0.770 

SP 0.963 0 0.606 0.841 0.605 0.472 0.736 0.549 
NV 0.699 0.606 0 0.698 0.574 0.531 0.401 0.470 
SU 0.783 0.841 0.698 0 0.517 0.688 0.802 0.607 
BL 0.836 0.605 0.574 0.517 0 0.361 0.749 0.318 
BU 0.849 0.472 0.531 0.688 0.361 0 0.734 0.22 
M1 0.69 0.736 0.401 0.802 0.745 0.734 0 0.676 
M2 0.77 0.548 0.470 0.607 0.318 0.22 0.676 0 
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BU 0.705 0.592 0.553 0.845 0.425 1.490 0.886 0.726 
M1 0.613 0.943 0.755 0.257 0.836 0.886 0 0.663 
M2 0.254 0.667 0.332 0.583 0.734 0.726 0.663 0 

 

 

 
Figure S2.1 Variable importance scores of (a) RF and (b) GTB with Dataset 1  

 

 
Figure S2.2 Variable importance scores of (a) RF and (b) GTB with Dataset 2 
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Figure S2.3 User and producer accuracies of (a) RF, (b) GTB and (c) SVM in conjunction 
with Dataset 1 
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Figure S2.4 User and producer accuracies of (a) RF, (b) GTB and (c) SVM in conjunction 
with Dataset 2  

 

 

 

Figure S2.5 Areal extents per class of (a) RF, (b) GTB and (c) SVM with Dataset 1 
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Figure S2.6 Areal extents per class of (a) RF, (b) GTB and (c) SVM with Dataset 2 
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Figure S2.7 NUS crop distribution maps of (a) RF (b) GTB and (c) SVM with Dataset 1 

 

 

 

  

 

Figure S2.8 NUS crop distribution maps of (a) RF (b) GTB and (c) SVM with Dataset 2  
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INFORMATION DISSEMINATION: COMPLETED, SUBMITTED 
AND PUBLISHED MANUSCRIPTS 

Research Articles for Publication 

To date, the following manuscripts have been generated and some published as a vehicle for 
information dissemination: 
 

• Ndlovu, H.S., Odindi, J., Sibanda, M. and Mutanga, O., 2026. Assessing neglected and 
underutilised taro crop water status using physiological indicators and UAV multi-
modal thermal-multispectral data. Precision Agriculture, 27(1), p.15. 

• Ndlovu, H.S., Odindi, J., Sibanda, M. and Mutanga, O., 2025. Enhancing the Estimation 
of Equivalent Water Thickness in Neglected and Underutilized Taro Crops using UAV 
acquired Multispectral Thermal Image data and Index-Based Image Segmentation. 
Remote Sensing Applications: Society and Environment, p.101758. 

• Ndlovu HS, Odindi J, Sibanda M and Mutanga O 2024. A systematic review on the 
application of UAV-based thermal remote sensing for assessing and monitoring crop 
water status in crop farming systems. International Journal of Remote Sensing 45 (15) 
4923-4960.https://www.tandfonline.com/doi/full/10.1080/01431161.2024.2368933  

• Ndlovu, H.S., Odindi, J., Sibanda, M. and Mutanga, O., 2025. Multi-temporal analysis 
of taro crop water stress using high-resolution thermal and multispectral proximal 
sensing for improved resilience of smallholder farming systems. Smart Agricultural 
Technology, p.101337. 

• Abrahams M, Sibanda M, Dube T, Chimonyo VGP and Mabhaudhi T 2023. A 
systematic review of UAV applications for mapping neglected and under-utilised crop 
species’ spatial distribution and health. Remote Sensing 15 4672. 
https://doi.org/10.3390/rs15194672 
 

 
Conference attendance: 

• Yola Kamteni (2025) Assessing the spatial variability of Neglected and Underutilized 
Crop Species (NUS) leaf and canopy chlorophyll content in Kwazulu-Natal smallholder 
farms using unmanned aerial vehicle (UAV)-based high-throughput phenotyping 26th 
WaterNet/WARFSA/GWPSA Symposium held online and at the Ciela Resort, Lusaka, 
Zambia, 29-30 October 2025 

• Mishkah Abrahams: Assessing the Potential of UAV Acquired Multispectral Imagery 
Combined with Machine Learning Techniques in Mapping the Spatial Distribution of 
Taro and Sweet Potatoes in Smaller Holder Farms. Institute for Water Studies (IWS) 
Open Day, 21 May 2025, University of the Western Cape, South Africa 

• Ndlovu HS, Odindi J, Sibanda M and Mutanga O (2024). Enhancing Taro Equivalent 
Water Thickness Estimation through Index-Based Image Segmentation using 
Unmanned Aerial Vehicle Multispectral Thermal Imagery. Proceedings of the 3rd 

https://www.tandfonline.com/doi/full/10.1080/01431161.2024.2368933
https://doi.org/10.3390/rs15194672
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African Conference on Precision Agriculture, 229-235. African Plant Nutrition 
Institute, Benguérir, Morocco. 

• Ndlovu HS, Odindi J, Sibanda M and Mutanga O (2024). Enhancing Taro Equivalent 
Water Thickness Estimation through Index-Based Image Segmentation using 
Unmanned Aerial Vehicle Multispectral Thermal Imagery. RCMRD International 
Conference. Regional Centre for Mapping of Resources for Development, Nairobi, 
Kenya. 

• Sibanda M, Bacela E, Mutanga O, Odindi J, Chimonyo VGP, Magidi J, Clulow A, 
Kunz R and Mabhaudhi T. Leveraging UAV Remotely Sensed Data to Estimate Crop 
Water Stress of Underutilized Taro Crops in Smallholder Croplands, 3rd Biennial 
Africa Climate Smart Agriculture Stakeholders Conference, 29-31 July 2024, Kigali, 
Rwanda. 

• Mishkah Abrahams 2024 Assessing the Potential of UAV Acquired Multispectral 
Imagery Combined with Machine Learning Techniques in Mapping the Spatial 
Distribution of Taro and Sweet Potatoes in Smaller Holder Farms. 3rd African 
Conference on Precision Agriculture (AfCPA) 3 December 2024 University of 
KwaZulu-Natal Pietermaritzburg, South Africa 

• Helen S Ndlovu 2024 Enhancing the Estimation of Equivalent Water Thickness in 
Neglected and Underutilized Taro Crops using UAV-acquired Multispectral Thermal 
Image data and Index-Based Image Segmentation 3rd African Conference on Precision 
Agriculture (AfCPA) 3 December 2024 University of KwaZulu-Natal 
Pietermaritzburg, South Africa 

• Siphiwokuhle Buthelezi 2024 Assessing the Utility of Image Segmentation Techniques 
and Leaf Area Index in Improving Taro Yield Prediction Based on UAV-Acquired 
Multispectral Data in Smallholder Croplands, 3rd African Conference on Precision 
Agriculture (AfCPA) 3 December 2024 University of KwaZulu-Natal 
Pietermaritzburg, South Africa 

• Reitumetse Masemola 2024 Assessing the potential of drone remotely sensed data in 
detecting the soil water content, and taro leaf chlorophyll content across different 
phenological stages, 3 December 2024, University of KwaZulu-Natal, 
Pietermaritzburg, South Africa 

• Sibanda M, Bacela E, Mutanga O, Odindi J, Chimonyo VGP, Magidi J, Clulow A, 
Kunz R and Mabhaudhi T 2024. Leveraging UAV Remotely Sensed Data to Estimate 
Crop Water Stress of Underutilised Taro Crops in Smallholder Croplands, 3rd Biennial 
Africa Climate Smart Agriculture Stakeholders Conference, 29-31 July 2024, Kigali 
Rwanda. 
 

Published Popular articles 

• Unlocking Precision Farming: How Drones Revolutionise the Mapping of Neglected 
and Under-utilised Crops like Taro and Sweet Potatoes in Smallholder Agriculture; 
Newsletter of the African Association for Precision Agriculture (AAPA) Newsletters, 
May 2025 
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https://paafrica.org/AAPA#:~:text=AAPA%20::%20AfCPA,Publishes%20a%20q
uarterly%20newsletter  
 

Session Chair 

• Mbulisi Sibanda Session Chair: Precision Agriculture: U.S. National Academy of 
Sciences U.S.-Africa Frontiers Symposium, February 18-20, 2025, Kigali, Rwanda 

 
  

https://paafrica.org/AAPA#:%7E:text=AAPA%20::%20AfCPA,Publishes%20a%20quarterly%20newsletter
https://paafrica.org/AAPA#:%7E:text=AAPA%20::%20AfCPA,Publishes%20a%20quarterly%20newsletter
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CAPACITY BUILDING REPORT 

This project's four-year budget included provisions to fund three full-time master's students. 
The following summarises capacity-building progress to date. 

Postgraduate student recruitment 

The project engaged one postdoctoral fellow. A portion of the fellow’s time was dedicated to 
the project as follows: 

• Dr Trylee Matrongera – GIS and Remote Sensing – Agroecological and Land Use 
Modelling 

The fellow was part of the project's capacity development initiative for Early Career 
Researchers (ECRs) at the University of KwaZulu-Natal, which aims to foster the next 
generation of researchers. Their defined role included organising field trips, acquiring UAV 
remote sensing data, co-supervising postgraduate students, and contributing to deliverable 
reports, all integral to their professional development.  

In line with the project’s capacity-building commitments, three master's candidates were 
recruited. Two graduated cum laude, while the third is submitting her thesis this year. 
Subsequently, a fourth MA student was recruited and supported for fieldwork. Recognising the 
strategic importance of increased postgraduate engagement, the project team included two 
female PhD students from the previous Flagship WRC Research Project (K5/2971//4). One of 
these students has graduated, while the other is expected to submit her thesis before the year's 
end. These doctoral candidates received partial funding from the National Research Foundation 
(NRF). Additionally, the first MA student, who completed her degree in 2023, was recruited 
as a PhD student. Overall, the postgrad students who were recruited under this project are: 

• Yola Kamteni (MA 1) (Completed in 2024 Cum laude) 
• Mishkah Abrahams (MA 2) (Completed 2024 Cum laude) (PhD 3) (Year 3) 
• Reitumetse Masemola (MA 3) (Completed Honours in 2024) (Year 2) (Submitting) 
• Dimpho Ndala (MA 4) (Year 2) (Submitting) 
• Snethemba Ndlovu (PhD 1) (Completed) 
• Siphiwokuhle Buthelezi (PhD 2) (Completing) (Year 4) 

 

Professional Advancement of the Project Leader 

Beyond student development, the Project Leader, a mid-career researcher, was also enhanced 
through this project. Their NRF rating improved from Y2 to C2, and they received a promotion 
at UWC from Senior Lecturer to Associate Professor following the graduation of the students 
from this project. 
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