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ABSTRACT 

Agriculture is the cornerstone of global food security, serving as humanity’s principal source 

of sustenance and the primary supplier of critical crops. A crucial challenge facing society is 

ensuring food security for a rapidly growing population, projected to exceed nine billion by 

2050. With limited opportunities to expand arable land, improving agricultural productivity has 

become indispensable to meet escalating global food demand. Thus, there is a need for robust, 

precise, holistic agricultural intelligence systems to monitor and optimise crop production. This 

is particularly so, in regions characterised by heterogeneous smallholder farming systems 

dominated by mixed cropping. The ability to identify and monitor individual crop types is 

fundamental for optimising resource allocation, informing targeted interventions, and 

ultimately enhancing agricultural productivity. Unfortunately, the use of traditional ground-

based methods for crop identification has been deemed labour-intensive, time-consuming, and 

spatially limited, rendering them inadequate for large-scale or frequently updated crop 

assessments. Thus, the efficacy of remote sensing technologies has been proven in acquiring 

synoptic and multi-temporal data that is crucial for agricultural monitoring and management. 

 

Among the suite of remote sensing platforms, unmanned aerial systems (UASs) have garnered 

significant attention due to their capacity for near-real-time data acquisition at high spatial 

resolutions. Equipped with increasingly sophisticated yet miniaturised and lightweight sensors, 

UAS offers a flexible and cost-effective alternative to traditional aerial and satellite imagery, 

particularly for localised agricultural applications. The advancements in geospatial 

technologies have facilitated critical data collection on various farm tasks, with crop 

discrimination and classification as key focus areas. However, despite the evident potential of 

UAS in agriculture, several bottlenecks have been identified, including lack of comprehensive 

information regarding optimal UAS configuration, sensor characteristics tailored for specific 

crop discrimination, and robust data processing and analytical methodologies applicable across 

diverse cropping systems. Given this background, this study sought to (i) systematically review 

the current state, challenges and opportunities in the application of unmanned aerial systems 

for crop discrimination, (ii) determine the optimal field parameters, specifically the number of 

crop species and crop row widths, that facilitate accurate crop discrimination and (iii) develop 

techniques that distinguish crop types in a mixed cropping setting, owing to the flexibility and 

cost-effectiveness of UASs particularly for localised agricultural applications.  
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This thesis addresses the overarching challenge of achieving accurate and reliable crop 

discrimination, explicitly focusing on the prevalent mixed-cropping system of maize (Zea 

mays) and soybean (Glycine max), which are of significant economic and nutritional importance 

in regions of sub-Saharan Africa. The thesis focused on multiple investigations employing a 

range of remote sensing data modalities and analytical techniques to tackle the complexities 

inherent in distinguishing spectrally and structurally similar crops within heterogeneous 

agricultural environments. The first objective was to systematically review the current state, 

challenges and opportunities in the application of unmanned aerial systems for crop 

discrimination. This was followed by examining the spectral separability of maize and soybean 

across different growth stages using hyperspectral data. Thirdly, the thesis evaluated the utility 

of spectral, textural and morphological features derived from UAS-based RGB imagery to 

distinguish maize and soybean from other objects. This was followed by developing a novel 

technique for shadow detection in RGB datasets. Lastly, the thesis developed a hybrid approach 

by integrating segmentation and pixel-based classification to provide a comprehensive 

understanding of effective remote sensing strategies for enhanced crop discrimination in mixed-

cropping systems. The ultimate goal is to contribute to advancing precision agriculture 

practices, particularly in resource-constrained settings, where accurate and timely information 

on crop distribution is paramount for sustainable agricultural development. 

 

This explores different facets of crop discrimination in mixed-cropping systems, which are a 

characteristic of smallholder farming systems in most developing countries. The second 

objective sought to investigate the spectral separability of maize and soybean at different 

phenological stages based on field experiments. To achieve this, hyperspectral data spanning 

the visible to near-infrared spectrum (400–1100 nm) were employed to evaluate the spectral 

signatures of these two crops across five critical growth stages. The integration of statistical 

analysis (ANOVA), distance (Jeffries-Matusita distance) and divergence metrics (Transform 

Divergence, Kullback-Leibler Divergence), and machine learning algorithms (Partial Least 

Squares-Discriminant Analysis (PLS-DA)) provided a robust framework for optimising band 

selection and identifying critical phenological stages for discrimination. The key findings of 

this study revealed that peak spectral separability occurred during the reproductive stages (85–

110 days after planting), with the red spectral region (600–700 nm) exhibiting maximum 

divergence, attributed to differences in chlorophyll dynamics. Notably, PLS-DA achieved near-

perfect classification accuracy (100% F1-score) at the mid-grain filling stage (DAP 85), 

highlighting the efficacy of leveraging red-edge (680–750 nm) and near-infrared (700–1100 
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nm) bands during this period. Conversely, minimal separability was observed during early 

vegetative stages due to spectral overlap. This research underscores the need to consider 

phenological timing and specific spectral regions for effective crop discrimination using 

hyperspectral data, offering valuable insights for designing targeted remote sensing surveys. 

 

The third objective leveraged the increasing accessibility and affordability of UAS-based RGB 

imagery to evaluate the utility of spectral, textural, and morphological features for 

distinguishing maize and soybean in a mixed-cropping environment. High-spatial-resolution 

RGB images were captured during the tasselling stage of maize (48 days after planting) using 

a DJI Matrice 300 drone. Due to persistent cloud cover and rainfall during the summer, data 

acquisition was constrained; consequently, only DAP48 observations were obtained during the 

reproductive and maturity stages. By extracting a comprehensive set of 26 variables 

encompassing spectral indices, textural features, and morphological transformations, the study 

employed a random forest (RF) algorithm for supervised classification. The results 

emphatically demonstrated the superior performance of morphological features, achieving the 

highest classification accuracy (0.93) and F1-score (92%), followed by a combination of 

textural and morphological features. Spectral features alone proved to be the least effective. 

Morphological features, capturing canopy structure and plant geometry, outperformed spectral 

and textural traits, highlighting the limitations of spectral-only approaches in mixed-cropping 

systems. Although these features focusing on the structural and geometrical features of maize 

and soybean were successful, the results revealed that RGB datasets in smallholder farms were 

compromised by shadows, which disproportionately increase spectral overlap. 

 

To address the problem of shadows that are prevalent due to mixed cropping with varying plant 

heights, particularly in smallholder farming systems, the fourth objective developed a novel 

hue-intensity-green-blue (HIGB) difference technique. The performance of this new technique 

was rigorously compared against established methods (C3 and normalised saturation-value 

difference index) using RGB datasets from experimentally manipulated maize and soybean 

mixtures. The HIGB technique, based on the differences between hue and intensity and the 

green and blue channels, consistently outperformed the benchmark models (C3 and NSVDI) 

across various shadow conditions, achieving overall accuracies ranging from 77% to 95%. This 

robust performance, even in scenarios with dark or obscured shadows, underscored the practical 

utility of the HIGB technique for improving the reliability of crop discrimination efforts using 

RGB imagery. The HIGB technique performs robustly under varying lighting conditions, 
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underscoring its value as a critical preprocessing tool for improving crop discrimination. 

Furthermore, the thesis proposed an alternative light intensity ratio-based (LIRB) approach for 

shadow removal using RGB imagery. This method is applicable in areas where shadow pixels 

are sparse; however, it did not fully meet expectations. The approach struggled to reconstruct 

or eliminate dense shadows, resulting in the introduction of blurry artefacts. These artefacts 

significantly compromised the overall objective of accurately detecting actual crop acreage 

within a mixed cropping system. 

 

By understanding the limitations of LIRB, the last chapter focused on developing a hybrid 

classification framework integrating region-based segmentation and pixel-based machine 

learning. This approach was proposed to tackle the spectral and structural complexity of 

heterogeneous agro-ecological landscapes by focusing on vegetation pixels only. This method 

leverages simple linear iterative clustering (SLIC) superpixels to group spectrally similar pixels 

into meaningful and targeted regions, followed by extracting texture and structural features 

from these segments. These multi-faceted features were then used to train robust machine 

learning classifiers: Random Forest and Extreme Gradient Boosting. The experimental results 

demonstrated remarkably high detection accuracy, with precision, recall, and F1-scores 

exceeding 0.98 for both classifiers. Feature contribution analysis revealed that mean intensity 

and standard deviation features derived from SLIC were the most influential, followed by 

textural and morphological traits. Integrating diverse features substantially reduced error rates 

from 8% (SLIC-only) to 1% with multi-feature integration, demonstrating the synergistic 

benefits of combining segmentation, feature fusion, and ensemble learning. This research 

strongly suggests the benefits of employing such a robust hybrid approach, combining the 

strengths of segmentation and pixel-based methods and advanced machine learning classifiers 

to achieve scalable and high-resolution crop mapping in complex agricultural environments.  

 

In conclusion, these findings provide actionable strategies for mapping and monitoring crops 

in smallholder systems, where technical and financial constraints limit multispectral adoption. 

By prioritising accessible RGB sensors, simple algorithms, and phenological timing, this work 

supports scalable precision agriculture in developing countries, ultimately aiding food security 

and sustainable land management. The research highlights the importance of considering the 

phenological stage and leveraging specific spectral regions, as demonstrated by the 

hyperspectral analysis. It also underscores the significant role of morphological features 

derivable from UAS-based RGB imagery for effective crop differentiation. Finally, the 
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proposed hybrid segmentation-classification approach showcases the potential for integrating 

diverse features and advanced machine learning algorithms for achieving high accuracy in 

heterogeneous landscapes. The collective insights from these investigations contribute 

significantly to precision agriculture, offering valuable methodologies and findings that can be 

further developed and implemented for improved crop monitoring and management, especially 

in resource-constrained agricultural systems prevalent in regions like sub-Saharan Africa (SSA) 

and similar environments worldwide. Future research should focus on translating these ground- 

and UAS-based insights to satellite platforms, enabling broader regional scalability while 

maintaining accuracy in complex cropping systems. Further research could also focus on 

integrating these diverse approaches, exploring the transferability of these techniques across 

different crop types and geographical locations, and developing user-friendly tools for practical 

implementation by agricultural stakeholders. 

 

Keywords: Spectral overlaps; heterogeneous agro-ecological landscapes; feature extraction; 

classification accuracy; multi-feature integration 
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CHAPTER 1 : GENERAL INTRODUCTION 

1.1 Introduction  

Agriculture is an important driver of economic growth, particularly in developing countries, 

through the creation of employment and serving as a primary source of income and food 

production (Onyeaka et al., 2024; Pawlak & Kołodziejczak, 2020; Rafael, 2023; Runganga & 

Mhaka, 2021; Woodhill et al., 2022). In most developing regions, food systems are heavily 

reliant on a limited number of staple crops that account for approximately 75% of human 

caloric intake. Key examples include maize, soybean, rice, and wheat, which are cereal crops 

that not only serve as dietary staple foods across various global regions but also constitute 

major sources of calories. In sub-Saharan Africa (SSA) and Latin America, maize (Zea mays) 

is one of the most grown crops, accounting for nearly 60% of total crop production and energy 

requirements. Similarly, leguminous crops such as soybean, cowpea, mung bean, lima bean, 

faba bean, etc., are essential because they enhance soil nitrogen content and simultaneously 

improve farm-level economic returns. These crops are thus indispensable components of 

smallholder agricultural systems across diverse agro-ecological landscapes. 

 

In most developing countries, a major future challenge is ensuring food security for a 

continuously expanding global population. With rising population pressures and fragmented 

landholdings, the potential for cropland expansion remains extremely limited. Consequently, 

the growing demand for food must be met by improving agricultural productivity rather than 

expanding farmland. Crucially, this challenge must be addressed within the context of 

smallholder farming systems, which dominate the agricultural landscape in various developing 

regions. Smallholder farmers represent over 60% of the rural population (Gebregergis, 2016; 

Shoko et al., 2015). This is particularly true in nations like Zimbabwe, where smallholder 

farming is the backbone of the rural economy.  

 

Globally, smallholder farms contribute more than 70% of the world's food supply while 

occupying less than 30% of agricultural land (Mutanga et al., 2017; Rahman, 2014; Stutsel et 

al., 2021). In SSA, Latin America and parts of Asia, smallholder farms underpin the livelihoods 

of approximately 2.5 billion people, many of whom rely primarily on subsistence agriculture 

to meet daily nutritional needs. Despite their critical contribution to food security, smallholder 

agricultural activities are constrained by limited access to capital, poor infrastructure, retained 
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seed use, inadequate mechanisation, erratic climatic conditions, pest and disease outbreaks, and 

minimal access to advanced agricultural technologies. Moreover, with rising population 

pressures and fragmented landholdings, the potential for cropland expansion remains 

extremely limited. Consequently, the growing demand for food must be met by improving 

agricultural productivity rather than expanding farmland. 

 

These persistent challenges threaten the broader societal objectives of improving food, income, 

and nutrition security (Makate et al., 2016; Scoones et al., 2011). In response, smallholders in 

Zimbabwe have adopted various resilience strategies, including mixed farming, agroforestry, 

crop rotation, the cultivation of drought-resistant crops, and mixed/intercropping systems 

(Wolmer and Scoones, 2000; Mwanyumba et al., 2010; Slingerland, 2000; Moyo, 2011). Such 

adaptive strategies reflect a pragmatic response to biophysical and socio-economic constraints 

and highlight the cleverness of smallholder systems in confronting complex agricultural 

challenges. 

1.2 Mixed cropping systems in smallholder farms  

Given the dual pressures of a persistently rising global population and increasingly restricted 

opportunities for expanding arable land, mixed cropping systems are anticipated to play a 

progressively vital role in bolstering global food production in developing regions. Within the 

context of smallholder farming, two predominant cropping strategies are frequently adopted: 

mixed cropping and inter-cropping (FAO, 2017; Gebregergis, 2016; Handique et al., 2020; 

Maurice et al., 2015; Richard et al., 2017). For the purpose of this study, both systems will be 

collectively referred to as mixed cropping. It is defined as the simultaneous cultivation of two 

or more crop varieties or species on the same land area within a specific period (Figure 1-1) 

(Gebregergis, 2016; Lobell, 2013). This agricultural practice presents a sustainable and 

effective strategy for enhancing soil productivity, managing pests and diseases, minimising 

reliance on chemical inputs, mitigating the risks associated with single crop failure, and 

stabilising income variability (Lin, 2013). By optimising the utilisation of physical space and 

temporal resources, mixed cropping maximises production per unit area over time, 

concurrently enhancing both crop yield and quality (Ndakidemi, 2006). Furthermore, it offers 

a significant degree of insurance against crop failure and can provide lodging resistance to 

vulnerable crops. Makate et al. (2016) observed that mixed cropping systems exhibit greater 

agronomic stability and resilience, notably through the reduction of weed and insect pressures. 
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cereal crops such as maize, sorghum, rice, millet, and wheat are normally mixed together in a 

single field with leguminous crops such as soybean, groundnuts, roundnuts, and cowpeas. Of 

particular interest in an African context is the soybean, which is increasingly recognised as a 

crucial crop for future food security, offering a diversification strategy away from maize 

monoculture and traditional cash crops like cotton and tobacco (Scoones et al., 2018). Soybean 

hold a significant socio-economic importance in numerous developing countries, serving as a 

source of cash income, crude oil, soybean meal for stock feed, and refined cooking oil, while 

also enhancing the yields of intercropped species and demonstrating competitiveness in global 

markets (Henrique et al., 2015; Maasdorp & Titterton, 1997; Chisango, 2018). To optimise 

resource use and enhance production, smallholder farmers frequently interplant soybean with 

other crops, such as maize, leveraging the legume's capacity to increase soil nitrogen through 

microbial processing of crop residues. This combination of crops has been shown to produce 

higher overall grain yields compared to sole cropping (Makate et al., 2016; Ndakidemi, 2006; 

Ngongoni et al., 2007). Farmers employ various spatial configurations for mixed cropping 

settings, including planting soybean between rows of maize or dedicating specific field sections 

to maize and others to soybean monoculture. Diverse crop combinations, such as maize, 

groundnuts, roundnuts, sorghum, pumpkin, and soybean, may also be planted in varying 

proportions within the same field, with some farmers adopting row planting while others prefer 

less structured patterns (Kuri et al., 2014; Maasdorp & Titterton, 1997; Richard et al., 2017; 

Zhou et al., 2018). 

1.3 Remote sensing application in agriculture 

Effective crop monitoring and management within these complex mixed cropping systems are 

paramount to ensuring high yields and promoting sustainable farming practices. However, 

traditional methods for crop mapping and monitoring relying on manual field scouting and 

visual inspections are often labour-intensive, time-consuming, and prone to human error (Alves 

et al., 2020; Chandler et al., 2003). These traditional methods are inherently inefficient, often 

requiring specialised expertise and access to laboratory-based post-processing equipment, 

thereby limiting their practicality for widespread or timely application in under-resourced 

environments. A promising approach to address these challenges lies in the transformation of 

agricultural systems through the integration of geospatial technologies. Remote sensing, being 

a major element of these geospatial technologies, offers a practical and economical means for 

mapping and monitoring crops at different scales. This approach provides non-destructive 

techniques for assessing vegetation conditions and valuable insights into plant health, crop 
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stress, and yield estimation. However, the effective utilisation of remote sensing for crop 

mapping and monitoring in the diverse agricultural landscapes of Africa presents significant 

challenges. Consequently, there is a critical need to prioritise the development of reliable 

agricultural production mapping and monitoring systems tailored to these heterogeneous agro-

ecological environments. 

Currently, there is an increasing demand for reliable, accurate, and comprehensive agricultural 

technologies for crop mapping and monitoring. These technologies are valuable input for 

agricultural management and have found many applications in agriculture, namely, crop 

acreage (Dadhwal et al., 2002; Löw, 2013; Shoaib, 2023) and yield (Aparicio et al., 2000; 

Campbell & Fearns, 2018; Ferencz et al., 2010; Rahman, 2014), in a spatially explicit and 

temporally regular process. Despite remote sensing’s crucial role in agricultural monitoring, 

global trends have shown that traditional crop monitoring methods using satellite imagery and 

ground surveys struggle to address some challenges, such as crop discrimination in 

heterogeneous agricultural landscapes.  

Freely available satellite imagery, such as Sentinel-2 MSI and Landsat series with 10 m and 

30m spatial resolution, respectively, provides consistent coverage but lacks the spatial 

resolution to discriminate crops within smallholder mixed fields, where intra- and inter-row 

spacing is typically less than 1 m  (Beach et al., 2020; Neetu & Ray, 2019). At 10m spatial 

resolution, a single Sentinel-2 MSI pixel may encompass multiple crop types, bare soil, and 

weeds, making spectral separation difficult. Conversely, unmanned aerial systems can achieve 

ground sampling distances of 5 cm or finer, capturing within-row crop structure and enabling 

more precise classification. (Prins & Van Niekerk, 2020; Wang et al., 2018). 

These satellite datasets are normally interrupted by cloud cover, which frequently disrupts 

temporal consistency (Aguilar et al., 2015; Bell et al., 2020; Islam et al., 2021). On the other 

hand, ground surveys, though accurate, are labour-intensive, costly, and impractical for large-

scale mapping. This leaves smallholder farmers with inadequate tools to identify and map crop 

types in these heterogeneous agricultural landscapes. However, spatially explicit monitoring of 

mixed crop fields requires routinely updated information on the identity of constituent crops 

and their spatial distribution as input. This underlines the need for developing accurate and 

effective methods to map crop types and determine their spatial extent using emerging 

geospatial technologies to serve as a decision support tool. 
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1.4 Unmanned aerial systems (UAS) in agriculture 

Given that most agricultural activities are conducted by small-scale private smallholder 

farmers, there is a substantial demand for affordable, low-cost autonomous platforms that can 

be deployed to enhance agricultural productivity and operational efficiency. Unmanned aerial 

systems, commonly known as drones, offer a significant advancement in how agricultural 

activities are monitored and analysed (Malveaux et al., 2014; Stehr, 2015). The drone 

technology offers a critical intermediary solution between the broad-scale synoptic capabilities 

of satellite remote sensing, which lack plot-level precision (Noble & Brown, 2009; Peña-

Barragán et al., 2008; Smith & Blackshaw, 2017) and the highly detailed, yet spatially limited, 

insights provided by ground-based surveys (Table 2-1). 

Additionally, unlike satellite imagery, which is constrained by fixed revisit cycles and 

atmospheric interference, UAS provides on-demand, centimetre-scale spatial resolution, 

enabling detailed monitoring of crop health and in-field variability. Furthermore, equipped with 

RGB, multispectral, hyperspectral, thermal and LiDAR sensors, UAS platforms can acquire 

sub-decimetre spatial resolution imagery, which is highly suitable for plot-level data collection. 

These plot-level measurements enable the detection and monitoring of crop variability, plant 

health status, and field conditions at an unprecedented granularity. 

Various studies have indicated that relying on satellite imagery for crop discrimination is often 

constrained by significant delays in data acquisition and availability (Adão et al., 2017), 

limiting the timeliness of critical agricultural decision-making. Unlike satellite remote sensing, 

which is also constrained by orbital cycles, weather conditions, and resolution limitations, UAS 

have been deployed as needed to capture timely datasets for crop mapping and monitoring, 

including scouting (Ehmke, 2013), spraying (Castaldi et al., 2017; Ehmke, 2013; Meivel et al., 

2016; Zhao et al., 2022), and most importantly, health assessment (Mahajan & Raj, 2016), yield 

estimation (Maimaitijiang et al., 2020), weed (Beeharry & Bassoo, 2020;  Lambert et al., 2018; 

Peña et al., 2013) and disease detection (Amarasingam et al., 2022; Kitpo & Inoue, 2018).  

Numerous studies have demonstrated the value of UAS-derived data for improving operational 

efficiencies, optimising input application, and enhancing overall farm profitability in such 

contexts. This capacity for rapid, localised deployment is further enhanced by the relatively 

low cost and accessibility of UAS platforms compared to traditional manned aerial surveys, 

positioning them as a viable technology for crop mapping and monitoring across phenological 
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stages. Overall, UAS platforms have substantially reduced the costs associated with in-field 

surveys and manual observational experiments, making them suitable for crop discrimination 

in a heterogeneous agricultural environment. 

1.5 Adaptation of UASs for effective crop discrimination in smallholder farms 

Smallholder farmers contribute significantly to global food production, yet they remain 

disproportionately underserved in terms of access to modern agricultural technologies and 

scientific knowledge (Shoko et al., 2015). Furthermore, in various developing regions, 

agricultural productivity remains insufficient and inadequate to provide food to their 

population, primarily due to a lack of reliable crop statistics, particularly in heterogeneous agro-

ecological landscapes. To improve the availability of these crop statistics, there is a need for 

proper management of the infield variations of crops. As such, accurate, reliable, and up-to-

date information on infield variation or specific crops in a mixed cropping field is critical for 

effective resource allocation, yield forecasting, and sustainable agricultural development. Due 

to the majority of smallholder farmers being poor (Sibanda & Murwira, 2012; Rudel et al., 

2016)There is an urgent need to find and adapt precise and cost-effective modern technologies, 

such as operational UAS systems, that are capable of generating reliable information in 

complex, mixed cropping environments (Lu & Weng, 2007). 

Although remote sensing has been used extensively in developed countries dominated by 

monoculture (Baret et al., 1987; Marino & Alvino, 2018; Feng et al., 2014; Danner, 2017; 

Asner, 1998; Melesse et al., 2019; Tian et al., 2011), its application in SSA is constrained by 

several factors, including small and ill-defined crop boundaries, different cropping systems, 

spatial heterogeneity of agro-ecological landscapes, and the spectral similarity of co-located 

crops. These constraints are further compounded by the coarse spatial resolution of widely 

accessible satellite platforms, such as Sentinel and Landsat. These traditional remote sensing 

technologies are poorly suited for discriminating crops in fields with high spatial and spectral 

heterogeneity. As a result, research in crop discrimination needs to focus on low-cost 

technologies that can be employed to counter the above challenges and reduce spatial 

uncertainty in crop statistics. 

Further complications arise due to environmental variability (Noble & Brown, 2009), spectral 

similarities (Vaiphasa et al., 2007; Hatfield et al., 2008; Beyer et al., 2015), overlapping 

phenological stages, and the unregulated number and spatial configuration of crops within a 

field (Bégué et al., 2018). As illustrated in Figure 1-1, the number of crops in a mixture may 
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vary depending on the growing period of the constituent crops, and there is no limit set on the 

number of crops that can be grown, leading to convoluted spectral responses that reduce 

classification accuracy. The application of UASs as a means to identify specific crops in a 

mixed cropping system requires high accuracy and reliability by the data analysed 

quantitatively (Arafat et al., 2013; Richard et al., 2017). 

Though different methods at a regional scale avail vital information about crop statistics, a 

number of them are not suitable when trying to understand complex mixed cropping patterns 

that are usually found under smallholder environments. For use in smallholder environments, 

there is an extra need to work with data that is affordable, but the spatial resolution is usually 

coarser and has a problem of mixed pixels. For example, using satellite data from Sentinel and 

Landsat that have a spatial resolution of 10 to 60 meters with broad spectral bands might not 

provide desirable crop discrimination accuracy in a mixed cropping field. This occurs due to 

the inconsistency of pixel sizes of satellite images and patches of mixed crops, due to a 

considerable limitation of the spatial resolution. As a result, one pixel may have several crops, 

resulting in mixed pixels, which could affect the accuracy of crop discrimination. Although 

Sentinel and Landsat series can provide historical data and multispectral imagery, mixed crops 

in fragmented agro-ecological landscapes are difficult to distinguish from satellite sensors 

because their spatial resolutions are still not enough for a mixed crop analysis (Yang et al., 

2019). 

In addition to contributors to the mixed pixel problem, heterogeneity of agro-ecological 

landscapes, the total number of crops in a field, the cropping pattern, and the field size have an 

impact when selecting the spatial resolution for discrimination of crops. As can be seen from 

Fig. 1-1, an increase in the number of mixed crops also implies an increase in the crop 

identification complexity, and this has an effect on the spectral response within a pixel. As the 

number of crops increases, the pixel size remains the same, hence creating a mixture of spectral 

responses, resulting in a mixed pixel problem. In other instances, high spatial resolution sensors 

are used to provide adequate spatial information of fragmented agro-ecological landscapes, but 

the problem of different growing stages, the total number of crops in a mixture, and distance 

between different species of crops is difficult to follow due to high costs and lack of equipment 

that can be used to handle such data. In such cases, it is crucial to understand the extent of high-

resolution sensors that are suitable for the identification of specific crops in a mixed field. 
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In contrast to satellite imagery, UASs can be adjusted to suit ground and local weather 

conditions to counter cloud cover challenges and can collect ad hoc data (Yang et al., 2019). 

Also, the use of UASs in conjunction with cutting-edge machine learning algorithms allows 

for modest, accurate, and versatile surveillance tools in smart farming (Sandino, Pegg, et al., 

2018). Furthermore, UASs have high spatial resolution that ranges from sub-meter to 

centimetre level, depending on the flight altitude (Yang et al., 2019; Floreano & Wood, 2015; 

Lausch et al., 2018). UASs equipped with different sensors to collect RGB, thermal, 

hyperspectral, multispectral, and light detection and ranging (LiDAR) data have been used 

successfully. Barbedo (2019) used UASs for stress detection and quantification on crops for 

the management of water, diseases, nutrition deficiencies, and pests, while Chianucci et al. 

(2016) employed UASs to estimate canopy cover in beech forest using a 16 MP Canon Power 

Shot/ELPH 110 RGB camera. Matese and Di Gennaro (2018) employed three different sensors 

(Canon EOS M 10 RGB camera, Tetracam ADC Snap multispectral camera, and a thermal 

camera FLIR TAU II 320) mounted on a UAS platform to characterise vine vigour, water 

stress, and missing plants, while others focused on biomass and height in crop plants (Sandino, 

Pegg, et al., 2018). Hence, UASs offer novel opportunities to discriminate mixed crops with 

more spatially accurate information.  

Although these systems have been used successfully, especially in fields that cover extensive 

areas with low spatial frequency, there is a need to nurture and improve the knowledge about 

the discrimination of crops in heterogeneous agro-ecological landscapes using UASs’ high 

spatial resolution data from the affordable RGB sensors. In this study, there were four major 

obstacles that hindered the accurate estimation of a specific crop area in mixed fields:  

➢ Firstly, we did not know the effect or impact of the total number of crops in a given 

field on the classification accuracy, 

➢ Secondly, very little is known about the magnitude of mixed crop complexity that can 

be discriminated using remotely sensed data from UASs,  

➢ Thirdly, there is a lack of knowledge in the quantification of crops in a heterogeneous 

agro-ecological landscape using remotely sensed data from UASs, and  

➢ Finally, limited research exists that has been carried out to determine what influences 

the possible discrimination of crops using state-of-the-art machine learning algorithms. 

Given the gaps mentioned above, the purpose of this study was to investigate the usefulness of 

the RGB sensor and to develop techniques that can precisely and accurately identify crop types 
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in heterogeneous agro-ecological landscapes dominated by mixed crops. As such, there was a 

need to (i) determine the impact of crop diversity on classification accuracy, (ii) examine the 

limits of UAS in resolving complex crop mixtures, and (iii) determine optimal quantification 

methods for crops in heterogeneous landscapes. 

1.6 Objectives of the study 

The aim of this study was to develop techniques that attempt to improve mapping and spectral 

discrimination of maize and soybean in heterogeneous agroecological landscapes. The specific 

objectives of the study were as follows:  

i. To systematically review the current state, challenges and opportunities in the 

application of unmanned aerial systems for crop discrimination, with a particular focus 

on smallholder farms and heterogeneous agro-ecological systems. 

ii. To investigate the spectral response characteristics of maize and soybean across distinct 

phenological stages using hyperspectral data, and to determine the stage(s) at which 

spectral separability is maximised for effective crop discrimination. 

iii. To develop and validate machine learning algorithmic approaches for accurately 

distinguishing crop types in mixed cropping systems using UAS-derived imagery. 

iv. To quantify the influence of crop diversity and row spacing on classification accuracy 

using UAS-based imagery in fragmented agricultural landscapes. 

v. To evaluate the efficacy of integrating object-based image analysis with machine 

learning algorithms in enhancing the classification accuracy of UAS imagery for crop 

discrimination. 

1.7 Research Questions 

In light of the knowledge gaps highlighted above, this thesis identifies the areas that form the 

basis for research needs and motivation to address the following key issues with explicit 

research questions: 

i. What is the current state of research on applying UAS in crop discrimination, 

particularly in smallholder and heterogeneous agro-ecological systems? 

ii. How do the spectral responses of maize and soybean differ across various phenological 

stages, and at which stages do these differences become most significant for effective 

crop discrimination? 
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iii. Which algorithmic approaches can be developed to accurately distinguish crop spectral 

responses in a mixed cropping field using UAS-based imagery? 

iv. What are the optimal parameters in terms of crop diversity and row spacing that enable 

accurate crop discrimination using UAS-derived imagery in fragmented agricultural 

landscapes? 

v. How does the combination of object-based image analysis and machine learning 

algorithms improve the classification accuracy of UAS imagery for crop 

discrimination? 

1.8 Study Area 

The study area for this research is located at Panmure Research Station under Shamva District. 

The district is situated in the Mashonaland Central Province of Zimbabwe, approximately 90 

kilometres northeast of the capital city, Harare. The research station is located between 

31.623614° and 31.624355°, and between -17.268046° and -17.268073° (Figure 1-2). Shamva 

District is occupied by both lowland and mountainous regions in the Mazowe valley. The 

choice of this particular site is because the landscape is characterised by fragmented landscapes 

that represent different spatial patterns of agricultural production systems in the northern parts 

of Zimbabwe. The district features both agricultural and mining activities, with heterogeneous 

field configurations typical of northern Zimbabwe.  

 

In general, the district is one of the warmest in Zimbabwe, with average temperatures typically 

varying between 12°C to 31°C and rarely falling below 10°C or rising above 34°C (© 

WeatherSpark.com). Unlike most parts of the province, the average rainy season is normally 

from October to April, which lasts for approximately 6.5 months with a mean annual 

precipitation of 850mm. These climatic conditions are favourable for most crops, including 

maize, wheat, rice, cowpeas, soybean and groundnuts. The crops are usually sown between 

October and January, with the harvests between April and July. Most of the farmers in this 

region normally practice mixed cropping systems with varying growing periods. 
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Figure 1-2: Location of the study area at Panmure Research Station in Shamva 

District, Zimbabwe 
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1.9 Outline of Thesis 

To achieve the main objectives of this study, the thesis is organised as a collection of 5 

papers. Of these 5 papers, two papers have already been published, two are in review, and one 

is in the preparation phase. In total, this thesis comprises seven Chapters. The first chapter is 

the general introduction, followed by five chapters that form stand-alone papers, while the last 

chapter contains a synthesis of the research work. Each Chapter comprises an individual 

“Introduction”, “Materials and Methods”, “Results” and “Discussion” section. The stand-alone 

chapters have their own style, according to the corresponding journal. Although attempts were 

made to conform to a general style in the thesis, there may be some overlapping and repetition 

in some of the sections. Although the published papers, as well as manuscripts, include other 

authors, my contribution was greatest and appropriate to being the first author in all cases.  

Chapter One: Provides the synoptic view of the research background and general statement 

of the problem, ideas, motives, and justification for the study. It also outlines the objectives 

and structure of the thesis. 

Chapter Two: It details a state-of-the-art systematic review of progress on the application 

of unmanned aerial systems for crop discrimination in smallholder farming systems, focusing 

on trends, technical challenges and opportunities. The review chapter highlights the challenges 

faced by technical researchers and smallholder farmers when selecting optimal unmanned 

aerial systems for crop discrimination in highly fragmented and heterogeneous agricultural 

landscapes. The factors include drone and sensor characteristics, features, feature extractors, 

classifiers, feature selection methods and operations procedures. The research gaps and 

challenges in the application of unmanned aerial systems for crop discrimination in smallholder 

farming systems are introduced. 

Chapter Three: The chapter focused on identifying optimal spectral bands and regions for 

distinguishing between maize and soybean using hyperspectral data. It assessed the 

discriminating power of hyperspectral data by statistically comparing the mean reflectance of 

maize and soybean across the 350-1100 nm spectral range, determining wavelengths and 

spectral regions with significant differences (p < 0.001 and p < 0.005), and evaluating which 

band combinations and spectral regions yielded the lowest misclassification rates for crop 

discrimination. This analysis also sought to pinpoint the specific growth stage(s) where the 



14 

 

spectral signatures of these two crops exhibit the greatest degree of separability, thus 

identifying the optimal time(s) for effective crop discrimination at the leaf level. 

Chapter Four: This chapter aimed to develop and validate whether a random forest 

classifier (RF) can accurately distinguish crop types in mixed cropping systems using UAS-

derived imagery at the canopy level. In this chapter, the work presented in Chapter 3 is to 

determine the optimal field parameters, specifically the number of crop species and crop row 

widths, that facilitate accurate crop discrimination using UAS data and the RF algorithm in 

fragmented agricultural landscapes. 

Chapter Five: In this chapter, a novel method for shadow identification and removal was 

developed using spectral and geometric properties, which significantly enhanced the accuracy 

of crop discrimination by eliminating the impact of shadows on imagery. A Hue-Intensity-

Green-Blue (HIGB) difference technique was proposed to address the shadow effect problem, 

normally when using RGB data. 

Chapter Six: This chapter focused on developing a hybrid classification framework 

integrating region-based segmentation and pixel-based machine learning to tackle the spectral 

and structural complexity of heterogeneous agro-ecological landscapes. This method used 

Simple Linear Iterative Clustering (SLIC) superpixels to group spectrally similar pixels into 

meaningful and targeted regions, followed by the extraction of texture and structural features 

from these segments. These multi-faceted features were then used to train two machine learning 

classifiers: Random Forest and Extreme Gradient Boosting. 

Finally, Chapter Seven provides a comprehensive synthesis of the key findings derived 

from the study. It presents a critical discussion of the results in relation to the overarching 

research objectives, highlighting the capabilities and implications of UAS-based crop mapping 

within smallholder agricultural systems. Additionally, it outlines prospective research 

directions and methodological advancements necessary to enhance the application of UAS 

technologies for agricultural monitoring and crop discrimination in heterogeneous agro-

ecological landscapes. 
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CHAPTER 2 : LITERATURE REVIEW 

This chapter is based on: 

 

Mafuratidze, P., Mutanga, O., and Masocha, M. (2024). Application of unmanned aerial 

systems for crop discrimination in smallholder farming systems: a systematic review of trends, 

technical challenges and opportunities. Transactions of the Royal Society of South Africa, 1–

22. https://doi.org/10.1080/0035919X.2024.2409629 
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ABSTRACT 

Unmanned aerial systems (UASs) are progressively being employed in an array of agricultural 

activities, as they come equipped with a controllable platform necessary for near-real-time data 

acquisition. The UASs are composed of aerial vehicles with mounted small-sized and 

lightweight sensors. Because of these impressive advancements in geospatial technologies, the 

collection of important data to achieve various agricultural applications, such as crop 

discrimination/classification, is increasingly being done using UAS-based remote sensing 

technologies. While they prove to be cost-effective, autonomous, and flexible in agricultural 

applications, a key bottleneck in such research was the lack of relevant information relating to 

UAS types and sensor characteristics, as well as data processing and analytical methods that 

are applicable for crop discrimination. The review presents the technical characteristics of UAS 

and sensors and discusses various classification approaches in different cropping systems. 

Overall, the potential application of UASs for crop mapping and monitoring on heterogeneous 

smallholder farms is progressing slowly because of technical challenges, operational costs, 

differing cropping systems, complex classification algorithms, environmental factors, and 

restrictive policies and regulations, especially in developing countries. Subsequently, research 

should prioritise developing simple algorithms that can accurately extract crop statistics from 

high-spatial resolution RGB imagery collected by UAS platforms. This will enable effective 

mapping and monitoring of crops grown in mixed cropping systems. 

Keywords: crop discrimination, mixed cropping systems, smallholder farms, unmanned aerial 

systems, heterogeneous landscapes  
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2.1 Introduction 

Crop discrimination in mixed cropping systems has complex and far-reaching problems in 

agriculture. They often face challenges in estimating essential statistical information about 

constituent crops in a mixed-crop approach. As such, remotely sensed data has been accepted 

as a cost-effective alternative for extracting vital agricultural information. Popular applications 

of this technology include crop mapping and monitoring, assessment of crop damage, and 

mapping in-field variation (Candiago et al., 2015; Soria-Ruiz and Fernandez-Ordonez, 2017).  

The physical basis for remote sensing is that all vegetation, including crops, contains the same 

essential components, such as chlorophyll, that influence spectral reflectance (Gracia-Romero 

et al., 2017a; Hegarty-Craver et al., 2020; Nhamo et al., 2018; van der Merwe et al., 2020). 

Nevertheless, the spectral curves of various plants exhibit subtle but detectable differences 

related to variations in leaf pigments, cell structure, and water content (Curran, 1989; Berni et 

al., 2009; Feng et al., 2022). Under field conditions, the confounding effects of soil reflectance 

and background noise limit the capability of remote sensing to retrieve desired agricultural 

statistics from imagery.  

Various remote sensing platforms have been employed to acquire the desired information on 

agriculture; however, each platform has its drawbacks. For example, satellite data needs to be 

validated via information from other sources, such as ground-based measurements, to be 

meaningful (Mancini et al., 2019). Also, clouds mainly affect satellite data in the growing 

season; as such, the usability of the images is limited (Matese et al., 2015). Furthermore, the 

fixed-time acquisition of satellite data may negatively affect the reliability of the information 

when monitoring specific phenological stages for target crops. Most importantly, satellites are 

costly to build, launch into space, operate, and maintain; therefore, it is not effective when 

targeting small crop fields (Matese et al., 2015; Arafat et al., 2013; Psirofonia et al., 2017).  

The critical question arising from the preceding discussion is to what extent recent trends in 

remote sensing, particularly the increased use of manned aircraft for earth observation, address 

the above challenges. Table 2-1 shows a comparison of the spatial, spectral, temporal, and 

flight deployment attributes among various remote sensing systems utilised in crop 

discrimination. Manned aircraft have inherent advantages, such as increased payload capacity, 

fine spatial resolution, flexibility, endurance, and the acquisition of images in relatively 

extensive areas in a short period. This makes them useful in agriculture for the foreseeable 
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is an increasing demand for such UAS systems that acquire images at low altitudes, thereby 

producing images with high spatial resolution at a relatively low operational cost in near real-

time (Hunt Jr & Daughtry, 2018).  

Given the challenges above, there is a need to investigate the use of UAS-based remotely 

sensed data on smallholder farms, mainly focusing on the trends of sensor and camera types, 

as well as crop discrimination/classification methods. As such, the aim of this paper is to 

conduct a review of the application of UAS-based remotely sensed data in smallholder farms, 

focusing particularly on applications directed at extracting specific crop information in mixed 

cropping systems. This study aims to address the subsequent research questions:  

i. Which types of UAS technologies are used in heterogeneous smallholder farming 

environmental settings, and what suite of characteristics, including the type of 

unmanned aerial vehicles and sensors, make such technologies relevant?   

ii. What is the effectiveness of UAS adoption in crop mapping and monitoring in 

smallholder farming environments?  

iii. What are the existing vital challenges and opportunities for UAS in crop mapping and 

monitoring?  

To address these questions, a comprehensive analysis of the available published literature was 

carried out. Section 2 reports 1) the techniques used to search for and locate relevant previous 

studies focusing on databases, and 2) the criteria used to exclude other studies deemed 

inapplicable. The subsequent sections present current information that includes types, system 

characteristics, platforms, and payloads of UAS. This article ends by evaluating and 

interpreting the key results, discussing the current restrictions of UAS, and proposing guidance 

for future research. The review did not address the history of UAS, since it has been covered 

extensively in various studies (Radoglou-grammatikis et al., 2020; Tsouros et al., 2019). 

Instead, our emphasis was on UAS technologies and their application in crop discrimination, 

particularly on smallholder farms.   
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2.2 Research methodology 

This review paper is based on a systematic mapping study (van Tulder et al., 2003) to offer a 

systematic assessment of the application of UAS in crop mapping and monitoring. As such, we 

worked on reviewing previous studies systematically to identify the types of UAS technology, 

the challenges and opportunities, the type of application that is currently being done, and the 

limitations of the use of UAS in smallholder farms. Using a systematic review approach was 

preferred since it provided a more extensive inventory of the literature. 

2.2.1 Literature Search 

To obtain relevant literature, we adopted the Preferred Reporting Items for Systematic Review 

and Meta-Analysis Protocols (PRISMA 2020)(Page et al., 2021) procedures, as shown in 

Figure 2-1. An extensive search of various sources of literature was conducted to minimise 

unbiased samples from both specialist peer-reviewed published and unpublished papers 

(Onyango et al., 2021; van Tulder et al., 2003) between 2010 (because UAS studies were very 

few earlier, and this period aligns with the most recent and comprehensive data availability) 

and April 2023. Search terms or related keyword phrases and controlled vocabulary (Jaén-

Carrillo et al., 2020) that complement our topic were derived from the research's primary 

objective and consultation with experts in the subject area. The carefully selected relevant 

keywords that constitute parameters of the objective of the study were; i) subject (‘drones’, 

‘unmanned aerial vehicles’, ‘UAV’, ‘unmanned aerial system’, ‘UAS’), ii) adjective 

(‘farming’, ‘small-scale’, ‘smallholder’, ‘agriculture’, ‘crop’, ‘mixed cropping’, ‘weed’ and 

‘inter cropping’), and iii) verb (‘identification’, ‘discrimination’, ‘detection’, ‘health’, ‘stress’, 

‘yield’, ‘hectarage’/’acreage’).  

Boolean operators ‘OR’ and ‘AND’ were employed to reduce false positives (Bramer et al., 

2018; Salvador-Oliván et al., 2019). The Boolean operator ‘OR’ was used between ‘drones’, 

‘unmanned aerial vehicles’, ‘UAV’, ‘unmanned aerial systems’, and ‘UAS’ since they are used 

interchangeably in the literature. This was also the same for ‘farming’, ‘agriculture’, ‘crop’, 

and ‘plant’. Keywords such as identification’, ‘discrimination’, ‘health’, ‘stress’, ‘yield’, and 

‘hectarage’/’acreage’ were selected to obtain an overview of crop management strategies using 

UAS. Most importantly, the authors used interchangeable keywords to obtain the relevant 

literature for this study. The systematic search targeted the most popular online databases, 
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2.3 Progress in Using UAS Technologies in Crop Discrimination/Classification 

2.3.1 Published articles, trends, and keywords analytical outcomes 

UAS systems offer a non-destructive option for obtaining automatic measurements of 

biophysical and biochemical properties of crops. Characterisation of crops, primarily through 

analysing spectral responses, has arguably been the most critical application of UAS in 

agricultural production. The quality of the image or reflectance measured determines whether 

this application has been a success or a failure. This information acquired by the UAS systems 

can be used for decision making to mitigate problems encountered. Up to now, UAS systems 

have become an effective way to produce ground information swiftly and have been 

successfully employed in crop discrimination. Figure 2-2 shows that there has been an 

exponential increase in the number of publications in the crop mapping and monitoring field 

in the last decade. However, the figure depicts a slight decrease in 2019, probably because of 

the lockdown caused by the outbreak of COVID-19. However, the period between 2020 and 

2022 indicates that the publication of articles nearly doubled in contrast to the previous era, 

except for 2018. 

 

Figure 2-2: Frequency of published articles on the application of UAS in crop mapping 

and monitoring. 
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To understand the relationship among the selected articles, the articles were subjected to 

qualitative and quantitative analysis using VOSviewer software version 1.6.20 

(https://www.vosviewer.com). The maps created based on bibliographic and text data were 

carried out to visualise the keyword co-occurrence as well as to analyse the content and 

connectedness using titles, abstracts and keywords data from the extracted literature (Van Eck 

& Waltman, 2010).  

 

Figure 2-3: The current perception of crop discrimination of mixed crops in smallholder 

farms from VOSviewer. 

Using titles, abstracts and keywords in the VOSviewer software to evaluate the current 

perceptions in crop discrimination under mixed cropping systems, five clusters were produced, 

as shown in Figure 2-3. The first cluster, which is the red, is characterised by terms such as 

“crop row”, “object”, “feature”, “aerial imagery”, “classifier” and “algorithm”. This cluster 

highlights stages that are critical in crop discrimination, which affect overall accuracy. The 

second cluster is the green, which consists of “need”, “change”, “crop yield”, “UAV”, 
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“sorghum” and “lai” (leaf area index). These linkages demonstrate the need for and 

effectiveness of unmanned aerial systems in crop discrimination, focusing on changes in 

spectral responses of important crops. Thirdly, the blue cluster had “maize”, “wheat”, 

“variation”, “water stress”, “effects”, “index”, “Sub-Saharan Africa” (SSA) and “plot” as its 

key terms. The information obtained from this cluster shows that there are certain aspects that 

must be considered or have an effect in terms of crop variation. Each crop species has different 

biochemical and biophysical characteristics that must be observed. This cluster has also shown 

that mixed cropping systems are mostly practised in Sub-Saharan Africa. The fourth cluster in 

orange included key terms such as “region”, “effectiveness” and “hyperspectral images”, which 

shows the effectiveness of hyperspectral remote sensing in small regions with high frequency. 

Finally, the yellow cluster is characterised by key terms such as “experimental result”, “growth 

stage”, “performance”, and “CNN”. These terms relate to the accuracy assessment of 

algorithms for crop discrimination at various growth stages in an experimental setup. 

 

Figure 2-4: Co-occurrence network of the keywords that appeared at least five times 

within the final from VOSviewer. 



26 

 

Figure 2-4 demonstrates that words such as “UAV”, “precision agriculture”, remote sensing”, 

“agriculture”, “maize”, “machine learning”, “random forest” are among the top ten keywords 

that were selected with a frequency of ≥5 from 382 keywords.  In conclusion, the results from 

VOSviewer software clusters highlighted key stages for crop discrimination with the presence 

of keywords from “crop row”, “planting methods”, “sensors”, “crop growth stages”, “crop 

species”, “data acquisition”, “feature extraction” and “classifiers”. It is important to note that, 

between 2017 and 2021, there is a noticeable change in terms of keywords. The blue cluster 

between 2017 and 2019 shows that most studies were mainly focusing on crop ‘monitoring’ 

using ‘feature extracted’ from multispectral’ sensors. From 2019 to 2021, they shifted to using 

‘vegetation indices’ for ‘phenotyping’ of ‘maize’ and ‘wheat’. To improve crop discrimination, 

it is worth noting that between 2021 and 2023, studies were now utilising classification 

techniques such as ‘semantic segmentation’, ‘random forest’, as well as ‘deep learning’ 

algorithms. 

2.3.2 Spatial distribution of published articles 

 

Figure 2-5 : Worldwide distribution of UAS-based remote sensing studies on crop 

discrimination at country level (from 2012 to 2023). 
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Several studies have been carried out worldwide (Figure 2-5) in applying UAS in agriculture 

using a wide variety of cameras and sensors, and the results are promising. At a national level, 

various studies were carried out in thirty-six different countries across the globe. In particular, 

China had the highest number of published articles, with 21%, followed by Spain (10%). 

Whereas the United States of America and Zimbabwe had 6%, South Africa (4%), Tanzania 

and India (3%), Italy, Ghana, Pakistan, Brazil, Spain, Taiwan and the United Kingdom (2%) 

and the rest had a few studies on crop discrimination. At the continental level, the literature 

showed that the application of UAS systems had been predominantly in Asia (mainly China 

and Pakistan) with 35% of the studies, 27% in Africa, 23% in Europe, 10% in North America, 

4% in South America and 1% in Australia. Of the 27% of studies conducted in Africa, only 

three studies explicitly focused on crop discrimination within smallholder farming systems. 

 

Based on the reviewed articles, maize is the dominant crop and was researched by 28% of the 

total articles. This was followed by rice (8%), wheat (6%), unnamed crops (5%), sorghum 

(5%), sugarcane (4%), as well as cabbage, olive and pear with 3%. While the rest crops were 

researched by 1% as shown in Figure 2-6. Overall, cereal crops (maize, wheat, rice and 

sorghum) have the number of articles since they received substantial attention from the 

literature. Since most studies were conducted in developed countries, crops such legumes with 

less attention in terms of cash generation received less to no attention. Furthermore, the 

findings indicated that 90% of the cropping systems were monocultures, which are limited to 

developed countries. As a result, the findings show that there are limited to no studies focusing 

on other cropping systems such as intercropping, mixed cropping, etc. 
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In that regard, there are numerous UAS types. However, the most common primary types of 

UAS platforms are rotary-wings and fixed-wings (Figure 2-7), which have prevailed for recent 

crop mapping and monitoring applications. However, there are also hybrid systems, such as 

the hybrid VTOL, which is both fixed-wing and multirotor but has rotary and fixed-wing 

characteristics. These systems are not covered in this review, since they are far less frequent in 

most studies.  

The mostly employed UAS types are the rotary-wings, followed by fixed-wings. To show the 

superiority of rotary-wing aircraft, reviewed articles have shown that 76% of the researchers 

employed rotary-wing UAS to carry out their mission, while 12% used fixed-wing aircraft, and 

12% did not indicate the type of UAS used. Nevertheless, all of this comes at the expense of a 

smaller payload, rapid flight time, higher energy consumption, and frail wind resistance for 

rotary-wing aircraft. Furthermore, the results show that the widely used fixed-wing UAS 

platform is Sensefly eBee since it was employed in over 70% of the fixed-wing platform 

category. These fixed-wing vehicles use fixed and static wings that give thrust and 

aerodynamics using forward airspeed to generate lift in conjunction (Abdullahi et al., 2015), 

which allows them to maximise flight duration. Additionally, fixed-wing vehicles fly at higher 

speeds and altitudes, sometimes causing potential image blur, thereby making it difficult to 

obtain accurate information from these systems. Additionally, as stated by Astaoui et al. (2021), 

  

Figure 2-7: Side-by-side illustration of the wing designs of (a) rotary wings and (b) fixed 

wings UAS systems. The image (a) is courtesy of dji.com, and (b) is courtesy of 

newatlas.com. 
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crop characteristics, such as the severity rating of plants, height, plant centre, 

plant/weed detection, and leaf colour (Liu et al., 2021; Chen et al., 2017; Lambert et 

al., 2018; Hall et al., 2018). Most current UAS systems are incorporated with an RGB 

sensor, permitting near-real-time data acquisition controlled by the operator. RGB 

sensors are helpful in environments with a low frequency of features of interest, but 

will not be sufficient to correctly analyse important agro-parameters because of the 

fewer spectral bands in the visible wavelength (Murugan et al., 2017; Murrieta-Rico et 

al., 2016; Shi et al., 2016). Additional channels with higher sensitivity to plant 

biochemicals are required to address this limitation of RGB sensors. Channels such as 

near-infrared, which reach beyond visible light, are now preferred. 

 

ii. Multispectral and hyperspectral sensors: These are also the most deployed sensors 

(~20% of the reviewed articles) in crop mapping and monitoring studies. Spectral 

resolution and type of detector are the standard ways used to differentiate a 

multispectral sensor from a hyperspectral sensor. Multispectral sensors were the first 

to be invented, and they use red, green, blue, and near-infrared wavebands, usually 

ranging from 400nm to 1000nm of the electromagnetic spectrum (de Oca et al., 2018). 

These sensors are employed to obtain spectral characteristics of distinct features and 

have been deployed in agriculture to monitor plant health status, crop growth, estimate 

nutrient and water content, as well as other physiological traits (Psirofonia et al., 2017; 

Kumar et al., 2020; Na et al., 2017). For vegetation, the abrupt change in reflectance 

between the far end of the red band and the near-infrared band, often referred to as the 

red edge region (700nm to 850nm), has been used to calculate different spectral indices 

sensitive to various feature properties. Spectral responses are like fingerprints for 

plants. They are mathematical formulas that combine reflectance values from specific 

wavelengths. For example, the combination of the red and near-infrared parts of the 

spectrum exposes vegetation vigour. Furthermore, it was observed that spectral indices 

are highly correlated with green-leaf biomass (Mutanga et al., 2003) because of their 

high chlorophyll absorption in the visible region of the spectrum. 

 

Multispectral cameras are flexible and efficient; however, they are insufficient for 

specific quality attributes of crops because of multispectral sensors’ low spectral 

resolution and spectral range (de Oca et al., 2018; Raeva et al., 2019; Hassan-Esfahani 
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et al., 2014; Kulbacki et al., 2018; Comba et al., 2015). The specific quality attributes 

of crops include chemical properties such as pigments, nitrogen, chlorophyll, water, 

protein, xanthophylls, and carotenoids, which play a role in generating unique spectral 

signatures for different crops (Berni et al., 2009; Psirofonia et al., 2017). It is worth 

noting that biochemical properties are responsive to particular narrow bands of 

wavelengths across several segments of the electromagnetic spectrum (van der Merwe 

et al., 2020; Gago et al., 2015; Yong et al., 2016).  

 

The drawback of spectral indices with limited bands led to an increased demand for 

hyperspectral sensors with wavelengths ranging from 350 to 2500nm. This highlights 

the need for advanced remote sensing technologies, particularly those deployable on 

UASs, to capture detailed spectral information with an optimal number of channels. As 

such, hyperspectral sensors capture data in a much more detailed way by measuring 

light at many very narrow and closely spaced wavelengths (10nm to 20nm wide), 

creating a kind of continuous spectrum. This increase in data complexity allows for a 

more precise analysis of materials and their properties. (Ruiz-Altisent et al., 2010; Cao 

et al., 2020). In the past few years, hyperspectral sensors have been trending in crop 

mapping and monitoring, especially in acquiring diverse plant trait estimates such as 

nutrient content, water content, leaf area index, dry matter, plant stress, and other 

biological and physical characteristics of crops (Zheng et al., 2016; Chivasa et al., 

2019; Feng et al., 2022; Shu et al., 2021). This has resulted in a high spectral and spatial 

resolution that can accurately detect in-field crop variations (Tian et al., 2022; Xia et 

al., 2022). Nonetheless, the current challenges of mounting hyperspectral sensor 

payloads include being expensive, coupled with high data dimensionality, vast 

volumes of data output, low spatial resolution, and high-power requirements.  

 

iii. Modified Sensors: To improve spectral responses in features, some studies, such as 

by Hall et al. (2018), van der Merwe et al. (2020), and Wahab et al. (2018a), modified 

the normally blocked NIR channel. According to a study by Hall et al. (2018), they 

modified a normal red, blue, and green camera with the inclusion of NIR spectra for 

better classification results of maize in smallholder farming systems. To achieve higher 

classification performance, Hall et al. blocked the red band using a red filter, while the 

NIR-blocking filter was removed to record data using this same channel. Expectedly, 
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the classification accuracy was increased by an average of 10% after the substitution 

of NIR into the red channel. Likewise, Wahab et al. (2018b) in Ghana employed the 

same method of replacing the red band with a specialised filter that allows the camera 

to capture near-infrared (NIR) wavelengths, beyond the range of human vision, on a 

GoPro Hero4 Silver 12-megapixel camera.  

 

iv. Multi-sensor data fusion (RGB + Multispectral, RGB + Hyperspectral and 

Multispectral + Thermal): One effective approach to enhance crop discrimination 

capabilities is the integration of different sensors with unique characteristics, such as 

RGB and multispectral data. A noteworthy finding was that most studies employing 

multi-sensor data fusion focused on directly analysing the combined data to identify 

biochemical differences within plants. It can be concluded that the synergy between 

two different sensors enhances the ability to discriminate features. For example, the 

fusion of RGB and multispectral datasets allows for a more subtle analysis. A study by 

Lottes et al. (2017a) In Germany and Switzerland, the effect of using RGB and NIR 

from Zenmuse X3, which has an RGB sensor, and JAI AD-130 GE, a multispectral 

sensor, was evaluated for classifying sugar beets and weed species. Also, Xia et al. 

(2022), who proposed improving weed identification accuracy by combining the high 

spatial information captured by the DJI Phantom 4 RTK UAV, which is an RGB 

sensor, with the detailed spectral information provided by the DJI Phantom 4 

Multispectral camera. Furthermore, Feng et al. (2022), who compared the capability of 

the Sony DSC–QX100 RGB camera against a hyperspectral Firefly imaging 

spectrometer known as UHD185 for monitoring winter-wheat growth. A combination 

of multispectral and thermal data was proposed by Ramírez et al. (2021b) in 

Mozambique, to identify sweet potato genetic constitutions with high throughput and 

resilience under water stress.  

 

v. Thermal sensor: These sensors are mainly employed in agriculture to provide 

temperature measurements of crop and soil surfaces from the energy that has been 

emitted from the surface in different regions of the electromagnetic spectrum. Instead 

of relying on external light sources like passive sensors, thermal and infrared cameras 

use special sensors. They use infrared detectors and lenses to capture heat radiation 

emitted by objects, typically in the wavelength range of 7,500nm to 13,500 nm, which 
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is invisible to optical sensors (Raeva et al., 2019; Ramírez et al., 2021b; Stutsel et al., 

2021). UAS mounted with infrared thermal imagers are currently being deployed to 

acquire the crop canopy temperature in a non-destructive manner. Thermographic and 

infrared cameras are employed to receive infrared radiation energy, which is correlated 

with plant water and can monitor crop growth or determine crops under stress 

conditions (Hassan-Esfahani et al., 2014; Berni et al., 2009). The infrared emission 

signature of the canopy is indirectly linked to biotic and abiotic stress, which alters 

rates of photosynthesis and transpiration, thereby disturbing the canopy temperature 

that produces a heat signature. However, these sensors have a low spatial resolution 

and low frame rate capture related to optical sensors, but they have a high radiometric 

resolution of typically up to 16 bits (Buchaillot et al., 2019; Variyar et al., 2019). 

Additionally, they are also sensitive to various weather conditions, and environmental 

conditions can be affected by their surroundings, and may fail to detect slight 

temperature differences.  
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 In summary, findings suggest that multispectral and RGB sensors are the most frequently 

deployed for mapping and monitoring crop traits. RGB sensors operate in the visible 

wavelength (approximately 400–780 nm) and acquire high spatial resolution images, and they 

are relatively inexpensive compared to other sensors. Explicitly, 1/2.3" CMOS was the most 

widely used sensor with more than five studies, followed by multispectral sensors including 

TetraCam mini-MCA6 (6 studies), GoPro Hero 4 Silver, Panasonic Lumix GX7 + TetraCam 

mini-MCA, Parrot Sequoia, and 1" CMOS RGB sensors (3 studies; Figure 2-10). However, 
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Figure 2-10: Frequency of studies that utilised a specific sensor system within reviewed 

studies. 
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RGB images are insufficient for detecting specific vegetation parameters because many 

biochemical properties are sensitive to narrow wavelength ranges, and RGB sensors lack bands 

beyond the visible spectrum. Multispectral sensors, while covering selected channels (50–100 

nm wide), may suffer from limited spectral resolution, band overlap, and reduced sensitivity to 

subtle differences in plant biochemistry, which can constrain accurate crop discrimination. 

Hyperspectral sensors, although providing very fine spectral detail, present high data 

dimensionality, large storage and processing requirements, potential spectral saturation, and 

lower spatial resolution, which can limit operational feasibility. These sensors are also very 

expensive, and as such, they are rarely used in smallholder environments. Thermal sensors, 

used to measure crop and soil surface temperatures, are sensitive to environmental conditions, 

have lower spatial resolution and frame rates, and may fail to detect small temperature 

differences, restricting their utility in some crop monitoring applications. Similarly, modified 

sensors and multi-sensor fusion approaches, while improving detection capability, require 

careful calibration and integration, and may introduce complexity, higher costs, and data 

management challenges. Hence, sensor-specific limitations must be considered when selecting 

UAS-mounted sensors for accurate and reliable crop trait assessment. Several vegetation 

indices use the red and near-infrared channels because they strongly correlate with chlorophyll 

content.  

2.4 Crop Discrimination and Classification Techniques 

UAS-based image acquisition is a fundamental step in crop discrimination, serving as the 

foundation for extracting valuable insights into crop differences. Because of UASs’ ability to 

capture imagery at the field level with high temporal and spatial resolution, they allow for 

frequent and detailed monitoring of crops throughout the growing season. This allows the 

discrimination of distinct plants at different growth stages. (Chen et al., 2017; Chivasa et al., 

2020; de Oca et al., 2018; Hall et al., 2018; Handique et al., 2017; Ishengoma et al., 2021a; Liu 

et al., 2021; Pan et al., 2022; Rajapaksa et al., 2018; Wang et al., 2021; Xia et al., 2022). The 

choice of UAS type, sensor type, platforms, acquisition parameters, and level of information 

required significantly influences the quality and applicability of the acquired imagery 

(Chianucci et al., 2016; Delavarpour et al., 2021; Han et al., 2018; Psirofonia et al., 2017). 

From the reviewed articles, it is noted that crop discrimination and classification using high 

spatial resolution RGB images play a pivotal role in improving agricultural activities, allowing 

farmers and researchers to obtain accurate in-field crop statistics and detect anomalies at an 

affordable price. This section explores key techniques involved in crop discrimination, mainly 
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focusing on image preprocessing techniques, feature extraction models, classifier models, post-

classification processing, and the evaluation of performance through validation metrics. 

2.4.1 Feature extraction models 

i. Spectral indices: Numerous reviewed studies employed different spectral indices (SI) 

for feature extraction. The commonly used SIs are shown in Table 2-5. It can be 

observed that NDVI and GNDVI are the most frequently used spectral indices in the 

reviewed articles. This was followed by SAVI, ExG, ExB, VARI and GVRI. These SI 

are spectral transformations that use numeric combining of various spectral 

wavelengths. They are calculated to enhance the contribution of vegetation’s 

biochemical and physical traits (leaf area index, canopy biomass, water content, 

nitrogen content, absorbed radiation, chlorophyll content, etc.), environmental effects, 

as well as to highlight vegetation’s vigour. Spectral indices are calculated directly 

without any bias or assumptions regarding surrounding conditions. These equations 

influence the way light interacts with objects at different energy levels (wavelengths) 

of light to reveal the properties of the material (Tsouros et al., 2019).  

Table 2-5: Most used spectral indices. 

Index Computation Used by 

Normalised Red 

Intensity 

r = 
𝑅𝑒𝑑

𝑅𝑒𝑑+𝐺𝑟𝑒𝑒𝑛+𝐵𝑙𝑢𝑒
 (H. Feng et al., 2022; Kawamura et al., 2021a; 

Pérez-Ortiz et al., 2016; Schirrmann et al., 

2016) 

Normalised Green 

Intensity 

g = 
𝐺𝑟𝑒𝑒𝑛

𝑅𝑒𝑑+𝐺𝑟𝑒𝑒𝑛+𝐵𝑙𝑢𝑒
 (H. Feng et al., 2022; Kawamura et al., 2021a; 

Pérez-Ortiz et al., 2016; Schirrmann et al., 

2016; Shu et al., 2021) 

Normalised Difference 

Vegetation Index 

NDVI = 
𝑅𝑒𝑑−𝑁𝐼𝑅

𝑅𝑒𝑑+𝑁𝐼𝑅
 (Chivasa et al., 2020; Gano et al., 2021b; 

Gracia-Romero et al., 2017b, 2020; Handique 

et al., 2017; Lelong et al., 2008; Mahajan and 

Raj, 2016; Mesas-Carrascosa et al., 2015; 

Mwinuka et al., 2022; Nhamo et al., 2018; 

Peña Barragán et al., 2012; Peña et al., 2013b; 

Potgieter et al., 2017; Ramírez et al., 2021b; 

Schut et al., 2018; Shi et al., 2016; Xia et al., 

2022; Zheng et al., 2016) 
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Index Computation Used by 

Green Normalised 

Difference Vegetation 

Index 

GNDVI = 
𝑁𝐼𝑅−𝐺𝑟𝑒𝑒𝑛

𝐺𝑟𝑒𝑒𝑛+𝑁𝐼𝑅
 (Chivasa et al., 2020; Gano et al., 2021b; 

Handique et al., 2017; Lelong et al., 2008; 

Mwinuka et al., 2022; Peter et al., 2020; 

Shafian et al., 2018; Wahab et al., 2018b; 

Watts et al., 2012; Xia et al., 2022)  

Normalised Green–Red 

Difference Index 

NGRDI = 
𝐺𝑟𝑒𝑒𝑛 −𝑅𝑒𝑑

𝐺𝑟𝑒𝑒𝑛 + 𝑅𝑒𝑑
 (Buchaillot et al., 2019; Jiménez-Brenes et al., 

2019; Mahajan and Raj, 2016; Ndlovu et al., 

2021b) 

Normalised Difference 

Red-Edge Index 

NDRE = 
𝑁𝐼𝑅−𝑅𝑒𝑑𝑒𝑑𝑔𝑒

𝑁𝐼𝑅+𝑅𝑒𝑑𝑒𝑑𝑔𝑒
 (Handique et al., 2017; Mwinuka et al., 2022; 

Ndlovu et al., 2021a; Potgieter et al., 2017; 

Xia et al., 2022) 

Soil-Adjusted 

Vegetation Index 

SAVI = 
1.5(𝑁𝐼𝑅−𝑅𝑒𝑑)

𝑁𝐼𝑅+𝑅+0.5
  (Gracia-Romero et al., 2017b, 2018a; Lelong 

et al., 2008; Mwinuka et al., 2022; Peter et al., 

2020; Z. Wang et al., 2022; Yong et al., 2016) 

Enhanced Vegetation 

Index 

EVI = 
2.5∗(𝑁𝐼𝑅−𝑅𝑒𝑑)

(1+𝑁𝐼𝑅+6∗𝑅𝑒𝑑−7.5∗𝐵𝑙𝑢𝑒)
 (Gracia-Romero et al., 2017b; Mwinuka et al., 

2022; Shafian et al., 2018) 

Excess Green Minus 

Excess Red Index 

ExGR = ExG− 1.4r – g (Jiménez-Brenes et al., 2019; Kawamura et 

al., 2021a; Z. Wang et al., 2022) 

Excess Red Index ExR = 1.4 * 
𝑅𝑒𝑑−𝐺𝑟𝑒𝑒𝑛

𝑅𝑒𝑑+𝐺𝑟𝑒𝑒𝑛+𝐵𝑙𝑢𝑒
 (Feng et al., 2022; Jiménez-Brenes et al., 

2019; Kawamura et al., 2021a) 

Excess Green Index ExG = 2g − r – b (Jiménez-Brenes et al., 2019; Kawamura et 

al., 2021a; Pérez-Ortiz et al., 2016; 

Schirrmann et al., 2016; Shu et al., 2021; Z. 

Wang et al., 2022) 

Excess Blue Vegetation 

Index 

ExB = 1.4b – g (Feng et al., 2022; Kawamura et al., 2021a; 

Pérez-Ortiz et al., 2016; Schirrmann et al., 

2016; Shu et al., 2021) 

Visible Atmospherically 

Resistant Index 

VARI = 
𝐺𝑟𝑒𝑒𝑛−𝑅𝑒𝑑

𝑅𝑒𝑑+𝐺𝑟𝑒𝑒𝑛−𝐵𝑙𝑢𝑒
 (Feng et al., 2022; Jiménez-Brenes et al., 

2019; Van De Vijver et al., 2022; Z. Wang et 

al., 2022; Watts et al., 2012; Xia et al., 2022) 
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Index Computation Used by 

Optimised Soil-Adjusted 

Vegetation Index 

OSAVI = 
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑+0.16
 (Feng et al., 2022; Gracia-Romero et al., 

2017b, 2018a; Jiménez-Brenes et al., 2019; 

Mwinuka et al., 2022) 

Colour Index of 

Vegetation Extraction 

CIVE = 0.441r − 0.811g + 0.385b + 18.78745 (Jiménez-Brenes et al., 2019; Kawamura et 

al., 2021a; Z. Wang et al., 2022) 

Green Ratio Vegetation 

Index 

GRVI = 
𝑔−𝑟

𝑔+𝑟
 (Feng et al., 2022; Kawamura et al., 2021a; 

Mahajan and Raj, 2016; Stutsel et al., 2021; 

Wang et al., 2021) 

  

ii. Invariant Colour models: From the reviewed articles, it can be noted that colour 

features are described in terms of hue, saturation, and brightness properties, which are 

derived from several RGB transformation techniques. These techniques include HSI 

(Hue Saturation Intensity), RGB (Red, Green, Bue), HSV (Hue Saturation Value), 

Normalised Red Intensity (r), Normalised Green Intensity (g), Normalised Blue 

Intensity (b), HCV (Hue Chroma Value), HSL (Hue Saturation Luminance), YIQ 

(NTSC colour TV standard with luma in-phase and quadrature components), C1 C2 C3, 

CIE Lab, and YCbCr (SECAM colour TV standard with luminance and two 

chrominance components) (Adeline et al., 2013; Deb, 2014; Mahlein, 2016; M-Desa et 

al., 2022; Oukil et al., 2021). Colour models serve as fundamental tools in remote 

sensing and precision agriculture, providing a structured framework for the 

representation, interpretation, and analysis of data collected by sensors. According to 

Tsai (2006), colour tone is a very influential factor in the visual interpretation of images. 

It can simplify the process and become the most important aspect when identifying and 

extracting features. The exploitation of chromaticity in high spatial resolution UAS 

images is found in two mainstreams, namely those working with RGB combinations 

and those making use of invariant images.  

 

In precision agriculture, the most familiar and widely used invariant colour models for 

presentation are the RGB, HIS, and CIE Lab. Application of these invariant colour 

models for crop discrimination, where subtle colour variations play a crucial role in 

accurate colour quantification for specific features, was used successfully. Buchaillot 

et al. (2019) employed invariant colour models such as hue and NDLab for maize 
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breeding and yield assessment and showed that their method outperformed those using 

only agronomic parameters and field sensors. This was followed by Gracia-Romero et 

al. (2020), who used HSI, RGB CIELab*, and CIELuv* colour models, and their results 

showed that these invariant colour models had slightly higher correlations with grain 

yield and leaf nitrogen content compared to leaf-based measurements. Furthermore, 

Kawamura et al. (2021a) evaluated the performance of the different combinations of 

three colour models (RGB, HSV and CIE-L*a*b), a canopy height model, spatial 

texture, and four vegetation indices, including ExG, ExR, GRVI, and CIVE to 

discriminate crops and weeds in upland rice fields. The combination of HSV and texture 

showed the highest accuracy of 0.915 compared to other combinations. 

 

iii. Texture features: Unfortunately, 4% of the studies employed texture analysis, as 

indicated by the findings in this study. Texture features encapsulate the spatial 

arrangement of pixel intensities in an image, which is a superficial manifestation of the 

human visual system of natural objects. Textural features provide critical spatial 

information about the inherent patterns and structures of an image. In image analysis, 

texture serves as a powerful discriminator, facilitating the distinction between surfaces 

with varying visual characteristics. For example, various texture descriptors such as 

grey-level co-occurrence matrix, local binary patterns, Gabor filters, Haralick texture 

features, and texture energy measures have been extensively used to extract 

discriminative texture features for differentiating between crops and detecting 

anomalies. Rajapaksa et al. (2018) employed textural features from the grey-level co-

occurrence matrix, local binary patterns, and Gabor filter into a support vector machine 

for the classification of crop lodging in Canada. From their study, the grey level co-

occurrence matrix had the best performance, with an overall accuracy of 96% for canola 

and 92.6% for wheat. This was followed by Wang et al. (2021), who compared the 

classification accuracies of spectral features, textural features, and canopy structure 

data to determine the degree of lodging in maize with high precision. In their study, 

they observed that a combination of the original image, digital surface model, and 

texture features produced the highest overall accuracy using the object-oriented 

classification method combined with random forest classification, with an accuracy of 

86.96% and a kappa coefficient of 0.79. 
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In general, the results indicate that feature selection strongly impacts classification 

performance. Spectral indices such as NDVI, GNDVI, SAVI, ExG, ExB, and VARI are well-

suited for mixed cropping systems due to their sensitivity to chlorophyll content, canopy 

structure, and leaf area index, enabling discrimination of overlapping canopies; however, they 

are limited by their inability to capture subtle biochemical differences beyond the measured 

bands and may be affected by soil background or illumination variations. Colour features 

derived from invariant models (RGB, HSI, CIELab) capture subtle pigmentation differences 

critical for spatially proximate crops, but they are sensitive to lighting conditions and may fail 

to differentiate crops with similar hues. Texture features provide complementary spatial 

information by characterising canopy heterogeneity, yet their effectiveness is constrained in 

small, highly heterogeneous fields where spatial patterns are inconsistent. Overall, integrating 

spectral, colour, and texture features with machine learning or deep learning classifiers 

enhances crop discrimination accuracy in heterogeneous smallholder systems, but each feature 

class has inherent limitations that must be considered when designing classification workflows. 

2.4.2 Classifier models 

i. Traditional methods: Unfortunately, only 4% of the reviewed articles utilised 

traditional methods. In the realm of image classification, traditional algorithms have 

been influential in categorising and interpreting visual data, although with their 

advantages and disadvantages. These traditional methods were preferred in the past 

because they were characterised by their simplicity, computational efficiency, and 

reliance on predefined rules, making them valuable tools in crop 

classification/discrimination (Llano et al., 2018; Louargant et al., 2018). These 

traditional methods are mainly classified into two classes: supervised and unsupervised 

classification algorithms. Unsupervised classification algorithms include principal 

component analysis, iterative self-organising data analysis techniques, Gaussian 

mixture models, and k-means (Ortenzi et al., 2021), which involve iterative procedures 

to autonomously group pixels or objects based on inherent patterns or clusters within 

the image dataset without specific guidance. Furthermore, unsupervised classification 

algorithms do not require much effort to apply, and they are widely available in image 

processing. Lastly, the user does not require labelled training data for prediction; 

instead, the algorithms focus on identifying patterns, clusters, and relationships within 

the image dataset. While supervised classification algorithms, including maximum 



45 

 

likelihood classifiers (Prins & Van Niekerk, 2020), minimum distance classifiers, 

parallelepiped classifiers, and nearest neighbour classifiers, are characterised by their 

forthright procedures, interpretability, and reliance on statistical measures to assign or 

predict pixels to predefined classes. 

  

ii. Machine learning: Based on the reviewed articles, machine learning is the most widely 

used classifier, as shown by the 30% in Table 2-6 below. Machine learning classifiers 

have been used as powerful tools for agricultural applications, such as crop 

discrimination, crop monitoring, and yield estimation. They leverage computational 

algorithms to analyse and classify remotely sensed data. Various algorithms that fall 

under machine learning are grouped into; i) supervised learning, such as linear 

regression, logistic regression, decision trees, random forests, support vector machines, 

k-nearest neighbours and Naïve Bayes, and ii) unsupervised learning, which includes 

k-means clustering, hierarchical clustering, principal component analysis, singular 

value, decomposition, and Gaussian mixture models.  

 

Of the 30% of machine learning algorithms employed, 60% mainly used the random 

forest algorithm, which proved to be the popular algorithm (Chivasa et al., 2020; de 

Castro, Torres-Sánchez, et al., 2018a; Z. Fan et al., 2018; Feng et al., 2022; Kawamura 

et al., 2021a; Lambert et al., 2018; Lottes et al., 2017a; Ndlovu et al., 2021b; Ong et al., 

2023; Prins & Van Niekerk, 2020; Shu et al., 2021; Wang et al., 2021; Yong et al., 

2016; Zhu et al., 2022), as shown in Figure 4. This was followed by a support vector 

machine used by Fan et al., (2018); Hall et al. (2018); Khan et al., (2021); Nardari et al. 

(2018); Ndlovu et al. (2021a); Pérez-Ortiz et al. (2016); Rajapaksa et al. (2018); Tian 

et al. (2022) and Xia et al. (2022). Whilst k-means by Cruzan et al. (2016), principal 

component analysis by Schirrmann et al. (2016), and unknown unsupervised classifiers 

employed by Bolo et al. (2019); Llano et al. (2018) and Louargant et al. (2018) were 

the popular unsupervised classifiers. 

 

iii. Deep learning: Findings of the review paper have shown that deep learning, a subclass 

of machine learning, is the fastest-growing trend in crop discrimination and 

classification, as shown in Table 2-6. From that same table, it is interesting to observe 

that DL algorithms were employed in ~60% between 2020 and 2023, as compared to 
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~30% of ML algorithms. Overall, ML were employed in 30% and DL in 20% of the 

total articles, respectively. This is due to the fact that DL-based approaches can 

recognise complex patterns from different remotely sensed data (Pan et al., 2022). 

Unlike machine learning algorithm, which require variables as input feature extractors 

fed into a learning algorithm to perform classification (Hassan et al., 2022), deep 

learning performs the tasks automatically and simultaneously by feeding the network 

with unclassified data to extract spatial and spectral features (Khan et al., 2021; Lottes 

et al., 2017a; Wang et al., 2021; Zhang et al., 2023). Additionally, the increase in input 

datasets or training data in the network of deep learning algorithms results in infinite 

precision and higher accuracy, thereby extracting valuable features (Chew et al., 2020b; 

Liu et al., 2021; Sa et al., 2018; Xia et al., 2022).  

Of particular interest in deep learning architectures are the artificial neural networks, 

mainly represented by convolutional neural networks (CNNs) are being extensively 

studied in crop discrimination and classification. These architectures have become even 

more popular than the popular random forest classifier since 2020, as shown in Figure 

4. They can extract spatial and spectral features automatically and simultaneously using 

either classical or customised architectures. ConvNet (Abdullahi et al., 2015), ResNet 

(Guo et al., 2021; Stewart et al., 2019; Ukaegbu et al., 2021; Van De Vijver et al., 2022), 

U-net, Segnet and Deeplab V3+(Jo et al., 2021) are the classical CNN architectures 

used for image classification. While customised architectures include ImageNet (Chew 

et al., 2020a), EfficientnetB4, VGG16, ResNet50, and DenseNet121 (Tan et al., 2022), 

VGG16, VGG19, InceptionV3 and MobileNetV2 (Ishengoma et al., 2021b).  
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Table 2-6: Approaches employed by reviewed papers. 

Where ANOVA = analysis of variance, DL = deep learning, ML = machine learning 

and OBIA = object-based image analysis 

2.5 Overall Observations, Limitations and Future Insights  

The success of UAS technologies being implemented in agricultural activities, characterised 

by various studies and subject areas covered, is remarkable. These studies have shown the 

considerable potential of UAS applications in agriculture. The reviewed literature asserts that 

UAS systems for crop management can provide reliable, accurate, precise, and real-time data 

about specific crops for timely responses at the desired spatial and temporal scales. As such, 

accurate mapping and monitoring of crops are of interest to policymakers, farmers and 

agronomists in most countries to improve agricultural production. However, based on the 

reviewed articles focusing on the use of UAS systems in crop discrimination, there are several 

challenges and opportunities to be dealt with (Table 2-7). 

2.5.1 General observations 

2.5.1.1 UAS and sensor selection and characteristics 

The reviewed articles showed that rotary-wing UAS were the most widely used platforms to 

acquire remotely sensed images. Most research papers that were reviewed showed that several 

experimental sites were not large enough for fixed-wing UASs to be used, since they regularly 

Approach Year 

 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Total 

ANOVA       1  1 1  3 

DL      1  1 1 7 9 19 

ML    1 3 2 7 2 3 4 3 25 

ML + DL       1  1 1 2 5 

ML + OBIA          1  1 

ML + Regression 

models          1  1 

OBIA 1 2       3 1  7 

Regression models       2     2 

Traditional     2   2 1  1 6 

Vegetation indices    1 1 2 2 1 1 1 2 11 

Vegetation indices 

+ Elevation     1 1    1  3 

Total 1 2 0 2 7 6 13 6 11 18 17 83 
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require take-off and landing space. However, rotary-wing UASs, which are characterised by 

vertical take-off and landing, are more suitable for utilisation in small experimental sites. 

Furthermore, probably because rotary-wing UASs are less expensive as compared to fixed-

wing ones, most reviewed papers employed DJI drones, as shown in Figure 8.  

The findings of this article observed that rotary-wing UASs equipped with multispectral 

sensors and RGB cameras were the most frequently used for crop classification when compared 

to different sensors, such as hyperspectral sensors and thermal infrared sensors. Moreover, it 

was noted that a combination of micro, mini, or small UAS systems and RGB cameras is used 

in most developing countries, can deliver high spatial resolutions, and tends to be much more 

affordable. While multispectral and hyperspectral sensors provide an enticing combination of 

high spatial detail and rich spectral information, revealing intricate reflectance patterns, their 

cost is significantly higher compared to RGB cameras. Therefore, selecting the optimal sensor 

hinges on a critical trade-off: the potential for enhanced accuracy versus the expense associated 

with more advanced technology. 

2.5.1.2 Data analysis 

It was observed that crop discrimination studies predominantly employ computational 

approaches, which can be categorised into traditional statistical methods, machine learning 

algorithms, and deep learning frameworks. Traditional statistical methods, such as maximum 

likelihood or minimum distance classifiers, are valued for their simplicity and interpretability 

but are limited in capturing complex patterns in heterogeneous cropping systems. Machine 

learning algorithms, including random forests, support vector machines, and k-nearest 

neighbours, are widely used in smallholder environments where dataset sizes are moderate, 

offering robust performance with manageable data requirements. Deep learning approaches, 

particularly convolutional neural networks, provide powerful automatic feature extraction 

capabilities and high accuracy but require large annotated datasets, which are often unavailable 

in smallholder contexts. Feature extraction techniques underpinning these classifiers include 

spectral indices, invariant colour models, and textural features, each contributing differently to 

crop discrimination depending on the spatial and spectral characteristics of the study area. 
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2.5.2 Current limitations of UAS application in crop discrimination 

2.5.2.1 UAS specifications 

The choice of a UAS for any task is mainly affected by its sensitivity to weather conditions, 

payload, weight, battery capacity, and aerodynamics (Dvořák et al., 2015; Watts et al., 2012). 

Firstly, in terms of payload capability, some lightweight UAS systems may have limited 

capability to carry several sensors per flight mission (de Castro, Torres-Sánchez, et al., 2018b; 

Ishengoma et al., 2021a; van der Merwe et al., 2020; Zheng et al., 2016). Secondly, in terms of 

area coverage, most UAS systems have a short battery life, especially rotary-wing systems, 

resulting in a rapid flight endurance time, ranging from 15 to 30 minutes, hindering progress 

when mapping large areas since batteries must be changed and recharged regularly. In short, 

rotary-wing aircraft systems are not suitable for large-scale agricultural operations as compared 

to fixed-wing UAS systems. Finally, due to the use of lightweight UASs mounted with 

restricted payloads (sensors), spectral resolution is greatly affected, thereby limiting their 

usefulness in picking important plant attributes that can improve crop discrimination.  

2.5.2.2 Cropping systems and lack of input resources 

Based on the referred literature, it can be deduced that 90% of farmers practice a monoculture 

cropping system, which is predominantly in developed countries. It is also noted that the 

application of UASs is designed for relatively medium- to large-scale farmers who normally 

practice monoculture cropping systems. Yet most of the farmers being left out are smallholder 

farmers in most developing countries who cannot adequately invest in such technologies 

because of a lack of resources. Unfortunately, mixed cropping systems are inherent to 

smallholder farming environments. Mapping and monitoring crop growth under such 

heterogeneous landscapes requires accurate, precise, and timely information that significantly 

improves productivity. Quality agricultural information and knowledge are greater 

instrumental values for smallholder farmers for them to be successful and improve food 

security. Farmers will use agricultural information and knowledge for decision-making, such 

as crops to plant, crops to mix, when to intervene when crops are stressed, yield estimation, 

preparation for harvesting, etc. However, government institutions offer blanket solutions to the 

smallholder farmers without recognising heterogeneity in these agro-ecological landscapes. 

Also, dissemination of critical quality agricultural information to the intended user 

(smallholder farmers) is lacking, mainly because farmers are more worried about critical issues 
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such as inputs and other important activities. As such, there is a need to adopt affordable 

technologies, subsidised access to technology, introduce partnerships and collaborations 

between and among farmers and other stakeholders, as well as promote policies that support 

the equitable distribution of agricultural technologies. Furthermore, agricultural extension 

officers need to be trained on some of the critical skills, such as image interpretation and 

methods to use for disseminating processed information to smallholder farmers. 

2.5.2.3 Cost 

UAS technology is an essential tool in the agriculture sector; however, purchasing a super UAS 

system with a good balance of endurance, stability, durability, and the optional ability to fly 

autonomously is costly for many farmers in developing countries. In addition, the use of UAS 

systems requires experts and skilled personnel who can operate the systems and exploit the 

data acquired, which is costly to many poor smallholder farmers. This is one reason UAS 

technology is primarily dominant on commercial farms, thereby prohibiting the adoption of 

such systems in smallholder farming environments. 

2.5.2.4 Ethics and privacy 

Article 12 of the U.N. Declaration of Human Rights states that “no one shall be subjected to 

arbitrary interference with his privacy, family, home or correspondence, nor to attacks upon 

his honour and reputation”(UN, 1948). As such, the intention of the users of UASs for mapping 

and monitoring crops may have the potential for ethics and privacy infringements when using 

them on smallholder farms. Crop mapping and monitoring involve the collection and 

examination of large amounts of geospatial data. It's crucial to address how researchers collect, 

store, and use this data. This includes protecting sensitive information about land ownership, 

farming methods, and proprietary agricultural data. What's more, ethical issues extend to the 

potential effects on small farmers and local communities. These groups may feel the impact of 

insights from crop mapping technologies. It must be imperative to get permission from the 

Civil Aviation Authority and property owners to use drones in such an area. It's also essential 

to obtain informed consent from landowners and increase public awareness. 

2.5.2.5 Environmental factors 

It is important to observe that most agricultural activities in smallholder environments heavily 

rely on rain. Subsequently, the acquisition of UAS data for crop mapping and monitoring is 
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vulnerable to disturbance by various weather events, including hailstorms, strong winds, heavy 

cloud cover, and precipitation. These significant challenges to data collection can affect the 

quality of the data, thereby potentially affecting the precision and accuracy of the classified 

features. The effects of temporal variability, especially on images acquired under various 

weather conditions, may exhibit distinct spectral signatures, such that those taken under cloud 

cover may have a shadow effect. 

2.5.2.6 Data processing challenges 

Because of the heterogeneous environment on smallholder farms, the prerequisite for 

photogrammetry processing, which is image overlap, must be sufficiently selected. Images 

with high quality have more forward and side overlap, which reduces unwanted errors. 

Furthermore, because of the exponential development of UAS platforms and sensors, the 

volumes of image datasets are rapidly increasing, thereby demanding computers with high 

performance in terms of image processing. It is also difficult to comprehend how smallholder 

farmers might obtain these high-tech computers with large storage facilities. The selection of 

an appropriate algorithm for crop discrimination is crucial since it is mainly affected by the 

availability of suitable datasets. Some classifier algorithms, such as DL, require large datasets 

to reduce underfitting or overfitting. Unfortunately, large datasets increase computational 

demands.  

2.5.2.7 Policy and regulatory issues 

Most developing countries are still working on regulations and policies that can be used as 

guides by UAS users (McCarthy et al., 2023; Mokoena et al., 2023). Based on the reviewed 

literature, it can be observed that there is a low usage of UAS systems in most developing 

countries, especially in Africa, as shown in Figure 2-11. Therefore, there is a need to craft some 

related legislation and national/regional rules that will be used to regulate the users and 

application of the UAS in different countries. For example, in Africa, there is a lack of 

integrated regulations across the continent to ensure security and safety for people or wildlife. 

This is one of the critical challenges of using the UAS in most developing countries. This could 

be attributed partly to the stringent drone usage policies and regulations 

(https://www.droneregulations.info, https://drone-laws.com/drone-laws-in-african-countries/). 

Only 43% of the African countries issued or updated comprehensive regulatory guidelines or 

policies on the utilisation of UASs for recreational, civilian, and commercial purposes within 
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their airspace. At the same time, 37% of African countries, such as Namibia, Mali, Ethiopia, 

and Somalia, which, as shown in Figure 11, do not have comprehensive regulations and policies 

in place to support UAS operations. Furthermore, 13% of the countries are still developing the 

regulations or are pending, while 7% of the countries, such as Burkina Faso, Chad, and Togo, 

are adopting International Civil Aviation Organisation (ICAO) laws (Figure 2-11).  

2.5.2.8 Technical challenges 

The deployment of UAS systems in agricultural activities is hampered by challenges that range 

from the lack of technical experts who can fly UASs and process data to the limited size of 

payloads. Furthermore, another critical challenge, for example, in the African context, is 

licensed UAS operators. Although various countries have enacted regulations that are legally 

binding and allow civilians to use drones for recreation and commercial purposes, it is 

Figure 2-11: Summary of UAS regulations in Africa (https://www.droneregulations.info, 

https://drone-laws.com/drone-laws-in-african-countries/ as of April 2023). 
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expensive to enrol in drone pilot training in a civilian domain, thereby restricting the number 

of UAS users to only a few (Haula & Agbozo, 2020; McCarthy et al., 2023; Mokoena et al., 

2023). As such, most of the population is disadvantaged because they cannot afford drone pilot 

training.  

Table 2-7: Summarised challenges and opportunities of UAS systems. 

Category Challenge Opportunities 

Technical challenges  Technical experts 

 Limited size of the 

payload 

 Short battery lifetime 

 Lack of adequate 

knowledge 

 Improvement in community farming 

 Advances in electronics micro-miniaturisation that will 

make UAS systems affordable 

 Introduction of solar-powered UAS systems and 

lightweight battery technology  

Policy and regulations 

issues 

 Lack of regulations and 

policies 

 Craft-related legislation and national/regional rules 

 Ownership of farm data between farmers and service 

providers must be clearly defined. 

 Ensure data security  

Cost  High cost of UAS 

systems  

 Reduction in the labour force 

 Balance of trade-off between the deployment of UAS 

versus the potential profits 

Ethics and privacy  Invasion of privacy 

 Universal public 

acceptance of UAS 

systems 

 Certifications or licenses that permit users to fly UAS 

systems 

  

Cropping systems and 

lack of resources  

 Heterogeneous agro-

ecological landscapes 

 Lack of research in 

smallholder 

environments 

 Lack of resources 

 Awareness issues and 

lack of information 

 The incorporation of UAS systems will significantly 

improve productivity by increasing exactness in inputs 

rates and crop management practices. 

 Because of limited space between crop constituencies, 

balancing the trade-off between spectral and spatial 

resolution is needed. 

 Competitive advantage through the use of UAS system 

for the gathering of essential crop traits that are useful for 

decision making 

 Putting resources together for centralised operations  

 Increase awareness through capacity building, 

workshops, training and education 

Environmental factors  Adverse weather 

conditions 

 Shadows 

 Seasonal variation 

 Improve UASs capabilities 

 Develop algorithms for shadow detection and removal 

 Careful consideration and planning 

 Consider image acquisition at each crop growth stage 

Data processing 

challenges 

 

 UASs and sensor type 

 Feature extraction 

method 

 Classifier model 

 Choose an appropriate UAS and sensor  

 Choose appropriate models for feature extraction and a 

classifier 
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2.5.3 Implication of the findings and opportunities for the application of UASs in 

smallholder farming landscapes 

Some key issues need to be addressed for UAS systems to be used in many developing 

countries, especially in marginalised and heterogeneous smallholder farming environments. 

Most of the reviewed articles noted that the deployment of these advanced technologies for 

mapping and monitoring fields was predominantly in monoculture systems. Under such an 

environment, UAS have been proven to be effective and robust for image classification, as 

demonstrated in this article. Considering the background of developing nations, agriculture is 

primarily characterised by smallholder farms that usually practice mixed cropping for different 

reasons. In such environments, there are still challenges to address and knowledge gaps to fill. 

• Most researchers employed complex machine learning and deep learning algorithms; 

however, these algorithms obscure interpretability and hinder widespread adoption 

because of their difficulty. Intrinsically, there is a need to develop techniques and 

algorithms that can be employed to extract useful information from mixed cropping 

systems for decision-making.  

• Similarly, several developing countries must develop favourable regulatory and policy 

requirements that allow researchers and other interested parties to operate UAS systems 

timeously.   

• It is expected that with the continuous development of UAS systems, costs will be 

reduced due to competition, and many farmers will afford these systems for crop 

mapping and monitoring.  

• Researchers should intensely focus on integrating freely available satellite data and 

UAS technologies to enable continuous crop mapping and monitoring even under 

adverse weather conditions. These technologies are typically utilised equally and 

separately; however, their differing capabilities (characteristics) may be useful to 

provide complementary data for crop mapping and monitoring. Hence, additional 

research is imperative to advance methodologies aimed at harnessing the strong 

synergies yet to be fully realised. 

• Furthermore, research and development are required in the application of UAS systems 

in small-holder farming environments. More contributions and participation from 

government institutions, research centres, civil aviation, and equipment providers are 

critical for upscaling these advanced technologies from experiments to practical use in 

the fields.  
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In conclusion, it can be noted that accurate mapping and monitoring of crops in these intensive 

and highly dense agro-ecological landscapes is greatly affected by 

1. Total number of crops in a tiny field (sometimes with no specific dominant crop),  

2. Different planting dates cause cropping calendar overlaps,  

3. Variations in crop mixtures, row spacing and crop density  

4. Availability of ancillary data 

5. Type and characteristic of the sensor used and  

6. Soil quality, climatic and environmental factors. 

2.6 Conclusion  

In this study, we reviewed the applications of UAS in crop mapping and monitoring between 

2012 and 2023. Numerous areas related to the use of UASs in crop mapping and monitoring 

were covered. As such, the paper attempted to provide a comprehensive survey of the 

unmanned aerial system types, sensor types, characteristics, and their application in different 

cropping systems. Based on the reviewed articles, it is noted that the successful application of 

UASs in agricultural activities is mostly based on sensor characteristics such as spectral range, 

weight, size, and cost. Despite all these efforts, there are still gaps and opportunities for crop 

discrimination in mixed cropping systems. The paper also presented various methods used for 

feature extraction and classification as part of the data analysis. It is critical to note that sensor 

selection and suitable algorithms to identify constituent crops in mixed cropping systems are 

greatly affected by spectral and spatial resolution. Thus, the selection or development of a 

suitable crop discrimination algorithm in heterogeneous landscapes is one of the current topics 

of discussion. Since most farmers in developing countries cannot afford state-of-the-art 

broadband multispectral and hyperspectral sensors, there is a need to test the applicability of 

new technologies, such as deep learning tools, to improve species separability using the 

affordable high spatial RGB images. 

2.7 Summary 

This chapter examined the prevailing trends, technical challenges, and emerging opportunities 

associated with the application of unmanned aerial systems for crop discrimination. The 

discussion focused on the spatial distribution of published studies, the diversity of UAS 

platforms and their technical specifications, as well as the spectral domains and sensor types 

employed for crop classification. Additionally, it addressed data processing challenges 

associated with high-resolution imagery, particularly the requirement for sufficient image 
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overlap to ensure accurate photogrammetric outputs. The findings revealed that the majority 

of research was conducted in Asia (primarily in China and Pakistan), followed by Africa, 

Europe, North America, South America, and Australia. Considerable variation in UAS design 

and flight endurance was noted, largely dictated by mission objectives and budget constraints. 

Rotary-wing UAS were found to be the preferred platform for crop mapping in smallholder 

farming systems due to their manoeuvrability. RGB sensors remained the most widely used 

owing to their affordability and accessibility, although there is growing adoption of 

multispectral and hyperspectral sensors for advanced crop analysis. Maize was identified as 

the most frequently studied crop, followed by rice and wheat, with approximately 90% of 

studies conducted in monoculture systems, highlighting a significant research gap in mixed 

cropping systems. Consequently, the subsequent chapters will explore the applicability of both 

hyperspectral and RGB sensors for identifying constituent crops in mixed cropping settings at 

different spatial scales, including the leaf and canopy levels. 
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CHAPTER 3 : SPECTRAL SEPARABILITY OF MIXED CROP AT FIELD 

LEVEL 

This chapter is based on: 

 

Mafuratidze, P., Mutanga, O, Masocha, M. (in review). Spectral separability of maize and 

soybean using hyperspectral data, Computers and Electronics in Agriculture. (Manuscript 

number: COMPAG-D-25-02423) 
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ABSTRACT 

Accurate discrimination of crops in mixed-cropping systems is critical for precision 

agriculture, yet achieving that remains challenging due to spectral similarities between species. 

This study evaluates the spectral separability of maize (Zea mays) and soybean (Glycine max) 

across five phenological stages using hyperspectral data (400–1100 nm) in mixed-cropping 

systems. The study integrated statistical analysis, distance, divergence, and machine learning 

methods to optimise band selection and timing. Field spectral measurements were analysed 

using ANOVA, Jeffries-Matusita (JM) distance, Transform Divergence (TD), Kullback-

Leibler Divergence (KLD), and Partial Least Squares-Discriminant Analysis (PLS-DA). Peak 

separability between maize and soybean occurred during reproductive stages (DAP 85–110), 

with maximum JM values of 1.12 and 1.13 obtained in the red region (600–700 nm). These 

values reflect heightened divergence due to chlorophyll dynamics (red) and structural canopy 

differences (NIR). Minimal separability (JM < 0.2) was observed at early vegetative stages 

(DAP 15–36) due to spectral overlap. PLS-DA achieved near-perfect classification accuracy 

with an F1-score of 100% at mid-grain filling (DAP 85), leveraging red-edge (680–750 nm) 

and NIR (700–1100 nm) bands, while early stages (DAP 36) showed reduced accuracy with an 

F1-score of 82%. The study underscores the importance of phenological timing, identifying 

flowering to senescence as optimal windows for remote sensing surveys. These findings 

advance precision agriculture by prioritising spectral regions and growth stages of crop 

discrimination, with implications for scaling ground-based insights to airborne and satellite 

platforms.  

 

Keywords: hyperspectral remote sensing, crop discrimination, phenological stages, spectral 

separability, precision agriculture, maize-soybean mixed cropping.  
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3.1 Introduction 

Advancements in precision agriculture that involve detecting, identifying and monitoring 

specific crop types in mixed cropping systems are essential for resource allocation, herbicide 

application, acreage and yield estimation. Modern agriculture, widely known as precision 

agriculture, is characterised by site-specific management and has become increasingly popular 

even in smallholder farming environments. The commercial availability of numerous sensing, 

monitoring, and geospatial technologies makes these advancements appear safe, efficient, and 

economical (Manohar Kumar et al., 2024). Remote sensing is one of the most important 

elements in the precision agriculture industry and has been used to extract specific information 

about the biophysical and biochemical properties of plants. (Salas and Henebry, 2012). 

Hyperspectral data with numerous narrow and contiguous bands play a crucial role in 

advancing precision agriculture techniques by enhancing spectral separability between crops 

across different phenological stages. 

 

Understanding the spectral characteristics of crops in mixed cropping settings can significantly 

improve crop monitoring, yield prediction, and resource management in agricultural practices. 

Since most vegetation species appear to have similar spectral reflectance responses, 

hyperspectral data with an electromagnetic spectrum ranging between 400 and 2500nm has 

been proven to indicate significant differences in some spectral regions (Cochrane, 2000; Qin 

et al., 2023; Schmidt and Skidmore, 2003; Sykas et al., 2013; Vaiphasa et al., 2007). The 

availability of spectral regions, including visible, red-edge, near-infrared and shortwave 

spectra, is crucial for identifying optimal wavebands and timing to discriminate between 

specific crop types.  

 

Previous studies highlighted the potential of integrating machine learning algorithms and 

hyperspectral data in differentiating crop types across various phenological stages (Chivasa et 

al., 2019; Liu et al., 2022; Mafuratidze et al., 2020; Sencaki et al., 2019). However, further 

research is required to enhance the discrimination of key crops such as maize (Zea mays) and 

soybean (Glycine max), which are among the most widely cultivated crops globally and are 

often grown in mixed cropping settings. Despite their taxonomic differences, maize and 

soybean can exhibit quantitatively similar spectral signatures due to intraspecific variation 

(Huang et al., 2025). While distinct plant species generally have unique spectral characteristics, 

these signatures fluctuate based on factors such as growth stage, environmental stress, cropping 
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systems, and ageing. However, discrimination of crop species within the same genus and in 

mixed cropping systems remains a challenge and frequently results in misclassification.  

 

The classical approach for band and spectral region selection utilises wavelengths in the visible 

(VIS) (400–700 nm), red edge (680 – 780nm, near-infrared (NIR) (780–900 nm), shortwave 

infrared (SWIR-I) (900 – 1400nm), and shortwave infrared (SWIR-II) (1400 – 2500nm) to 

estimate spectral reflection of crops. Biochemical constituents (cellulose, lignin, hemicellulose, 

chlorophyll-a and -b, carotenoids, and anthocyanins) (Brewer et al., 2022; Gitelson et al., 

2003), water and moisture content (Ndlovu et al., 2021b; Xia et al., 2022), nitrogen and crude 

protein content (Buchaillot et al., 2019; Crews and Peoples, 2004; Fu et al., 2020; Goñi et al., 

2021), mineral and micronutrient content (phosphorus, potassium, magnesium, iron, calcium, 

sulphur, zinc, manganese) (Bhardwaj et al., 2022; Hassan et al., 2021), biophysical components 

(leaf cell structure and leaf dry matter content) (Ferencz et al., 2010; Imagery et al., 2018; 

Piiroinen, 2014) primarily influences the spectral response of crops. Therefore, these 

differences in leaf properties between maize and soybean should affect leaf reflectance 

measurements in the VIS, NIR and SWIR regions.  

 

Numerous studies have confirmed the utility of hyperspectral data in accurately distinguishing 

between different crop types in various cropping systems. In South Africa, Abdel-Rahman and 

Ahmed (2008) reviewed hyperspectral imaging and spectroscopy to identify sugarcane 

varieties. The work of Ghiyamat et al. (2013) attempted to discriminate tree species with 

different ages and between six different tree species, including broadleaves, old Corsican pine, 

mature Corsican pine, young Corsican pine, old scots pine, and young scots pine with the same 

age using hyperspectral imagery over Thetford Forest in East Anglia. Aneece and Thenkabail 

(2018) in the United States explored the use of linear discriminant analysis (LDA) and support 

vector machines (SVM) to classify and separate five crops (corn, soybean, winter wheat, rice, 

and cotton) and their growth stages using hyperspectral data. They achieved overall accuracies 

ranging from 75% to 95% in classifying crop types across various growth stages. However, in 

this study, they did not explicitly define a single optimal growth stage suitable for crop 

discrimination. Still, they highlighted that the consolidation of growth stages led to improved 

classification accuracies. 
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 Chivasa et al. (2019) focused on distinguishing maize varieties across five phenological stages 

by selecting suitable spectral bands at each growth stage using an Apogee spectrometer. It is 

important to note that numerous bands selected as optimal bands for variety discrimination 

were mainly in the VIS (400, 455, 545, 625, and 680 nm) and NIR region (705, 720, 765, 840, 

and 895 nm). Partial least squares-discriminant analysis (PLS-DA) results indicated crop 

discrimination was most suitable at flowering and the onset of senescence. Singh et al. (2022) 

utilised data obtained from ASD FieldSpec®4 and AVIRIS NG to discriminate various crops, 

including wheat, maize, tobacco, sorghum, linseed, castor, pigeon pea, fennel and chickpea in 

the Anand district of Gujarat, India. To discriminate these crops, they employed different 

supervised classifiers such as spectral angle mapper, spectral information divergence, support 

vector machine, minimum distance classifier, binary encoding, convolution neural network, 

adaboost, discriminant and RusBoost. From that same work, they concluded that convolutional 

neural networks yielded the best results with an overall accuracy of 89%. Recently, Tan et al. 

(2025) attempted to select bands for crop identification in Salinas Valley and Indiana, USA. 

This study selected various crops for discrimination, including maize, vineyard, broccoli, 

celery, fallow land, soybean, grapes, oats, wheat, grass, and lettuce. Their study showed that 

maize exhibited the lowest classification performance, indicating challenges in distinguishing 

it from other crops due to spectral similarities. These studies demonstrate that strategically 

selecting optimal spectral bands and regions allows researchers to capitalise on the distinct 

spectral signatures of different crops, enabling effective differentiation between plant types and 

improving crop classification systems' precision. 

 

While machine learning algorithms have improved crop classification (Chivasa et al., 2019; 

Liu et al., 2022), discriminating taxonomically distinct crops in mixed systems remains 

challenging. For instance, Tan et al. (2025) reported low classification accuracy for maize due 

to spectral overlap with other crops. These limitations underscore the need to identify the 

growth stage-specific spectral signatures and refine band selection strategies. Despite these 

advances, limited studies are focusing explicitly on the spectral separability of maize and 

soybean across multiple phenological stages in mixed cropping systems. This study aims to 

address this gap by investigating whether subtle spectral differences between these crops can 

be detected and quantified using hyperspectral data. Accordingly, the specific objectives of this 

research are to (i) evaluate spectral separability between maize and soybean, (ii) determine 

effective spectral bands and regions that maximise class separability, (iii) identify the optimal 
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phenological stage for accurate crop discrimination, and (iv) assess the performance of 

statistical, distance-based, and machine learning algorithm in quantifying crop separability 

across phenological stages. 

3.2 Materials and Methods 

3.2.1 Study area  

The study was located at Panmure Research Station of the Department of Research Specialist 

and Services under the Ministry of Lands, Agriculture, Fisheries, Water, and Rural 

Development, Shamva District, Zimbabwe. The experimental site covered 0.34 ha with 25 

plots constituting various crop mixtures of maize and soybean. Researchers experimented using 

a factorial randomised complete block design with five replications. Each plot measured 17 m 

× 5 m (0.0085 ha). In the monoculture maize plots, the spacing of the crops was 60 cm between 

rows and 90 cm between rows. The mixed-crop configuration used 60 cm spacing for the maize 

rows and 25 cm in-row spacing for the soybean rows, with 45 cm between rows. The 

experiment relied on rainfall for the plots, and all crop species were planted between January 

14th and 15th, 2021. 

3.2.2 Data collection 

Data collection began two weeks after planting, and it continued until the later stages of maize 

phenology using the days after planting (DAP) method, as shown in Table 3-1. Spectral 

reflectance data for maize and soybean were collected under controlled laboratory conditions 

to minimise environmental variability. Leaves were sampled from field-grown plants at five 

critical phenological stages: early vegetative (DAP 15), mid-vegetative (DAP 36), 

flowering/tasselling (DAP 48), mid-grain filling (DAP 85), and senescence onset (DAP 110) 

across diverse maize-soybean intercropping configurations. Immediately after field sampling, 

representative leaves were transported to a darkroom to ensure stable measurement conditions. 

To preserve leaf freshness and minimise physiological degradation, all spectral measurements 

were conducted within 24 hours of sample collection, ensuring minimal chlorophyll 

degradation (Gitelson et al., 2003). A handheld StellarNet spectrometer (model: BLK-CXR-

SR, StellarNet Inc., USA) was used to acquire the maize and soybean spectral reflectance data. 

Measurements of hyperspectral leaf reflectance were acquired by pointing the fibre optic cable 

with a 30° field of view at a distance of 0.1 m above the leaf in the darkroom. StellarNet 

spectrometer could record low noise spectral reflectance data from UV-VIS-NIR wavelength 
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range, covering 220 to 1100 nm wavelength region at 0.5 nm spectral interval. A calibrated 

white plate (StellarNet plate), a 50mm diameter white, was used on the leaf every 10 to 15 

measurements to offset any change in atmospheric conditions and provide light irradiance. 

Table 3-1: Plant phenological stages used in this study. 

Growth Phase Days After 

Planting (DAP), 

Key Spectral 

Characteristics 

Reference 

Early Vegetative 15 Low NIR, 

increasing 

chlorophyll 

absorption in blue 

and red 

(Varela et 

al., 2018) 

Mid-Vegetative 36 High NIR 

reflectance, 

increasing 

canopy cover 

(Y.-P. 

Wang et 

al., 2022) 

Flowering/Tasselling 48 Substantial red-

edge shift, peak 

chlorophyll 

content 

(Kharat 

and 

Musande, 

2015) 

Mid-Grain Filling 85 Decisive red-

edge shift, peak 

chlorophyll 

content 

(Chivasa et 

al., 2020) 

Onset of Senescence 110 Stable high NIR, 

increasing SWIR 

for water stress 

detection 

(M. Feng et 

al., 2014) 

3.2.3 Data preprocessing 

Since there were five data acquisitions, a total of 400 spectral measurements were collected 

across all plots, with 50 spectra per crop plot. We repeated the processing steps for each dataset 

using Python version 3.11.5 in Spyder version 5.5.6, an Integrated Development Environment 

(IDE). We pre-processed the data to ensure that the spectral data was clean, formatted, properly 

structured and optimised for further analysis. The only techniques used for preprocessing were 
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(i) the application of the Savitzky-Golay filter to reduce high-frequency noise while preserving 

spectral features important for crop discrimination; (ii) standardisation (feature scaling) to 

normalise reflectance values across all spectral bands, ensuring comparability and improving 

classifier performance; and (iii) spectral resampling into different spectral zones: blue (400 – 

500nm), red (600 – 700nm), green (500 – 600nm), near-infrared (NIR) (700 – 900nm) and 

shortwave infrared (SWIR-I) (900 – 1100nm). These spectral regions are essential for the 

utilisation of their sensitivity to pigments, chlorophyll, carotenoids, biomass, lignin-cellulose 

content, and leaf cell structure for crop discrimination. 

3.2.4 Spectral separability analysis 

3.2.4.1 Statistical analysis 

To clarify the procedure for band selection and the underlying statistical assumptions, spectral 

bands were considered significant for crop discrimination if the post-hoc Tukey Honestly 

Significant Difference (HSD) test indicated p-values below 0.05 or 0.01, corresponding to 95% 

and 99% confidence levels, respectively. Prior to conducting the one-way ANOVA, key 

assumptions were verified: (i) normality of residuals using the Shapiro-Wilk test, (ii) 

homogeneity of variances across groups using Levene’s test, and (iii) independence of 

observations based on the experimental design. ANOVA was then performed to detect 

statistically significant differences among the mean reflectance values for maize and soybean 

at each phenological stage. Where significance was detected, Tukey HSD tests and the 

studentised range distribution were applied to identify specific pairs of wavelengths or spectral 

regions that differed significantly, thereby informing the selection of optimal narrow bands and 

spectral zones for crop discrimination. This detailed approach ensures that only spectrally 

meaningful bands, with verified statistical validity, were considered in subsequent analyses. 

3.2.4.2 Distance-based separability metrics 

To reduce spectral dimensionality and assess how well the selected wavelengths and spectral 

regions separate the maize and soybean, we employed distance-based separability metrics. 

These distance-based separability metrics are used to quantify the dissimilarity between 

spectral signatures of maize and soybean, which is crucial for evaluating the performance of 

each wavelength and spectral region. Additional methods employed to assess significant 

differences between maize and soybean included Jeffries Matusita (JM) distance to identify 

spectral bands, Transform Divergence (TD) to highlight phenological stages with significant 
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mean reflectance differences and Kullback-Leibler Divergence (KLD) to detect asymmetric 

divergence patterns (Table 3-2). Researchers have widely applied these distance-based 

separability metrics in various remote sensing studies, including vegetation density mapping 

in heterogeneous river floodplains (Verrelst et al., 2012), band selection for optimal feature 

extraction (Vaiphasa et al., 2007), spectral separability analysis for species discrimination in 

tropical environments (Ferreira et al., 2013), and the estimation the degree of spectral overlap 

between leaves and flowers (Campbell & Fearns, 2018). 

 

The JM distance to measure the separability between the spectral reflectance distributions of 

maize and soybean was employed. This JM distance is derived from the Bhattacharyya 

Distance and is bounded between zero (no separability) and two (maximum separability). 

According to Kailath (1967), the JM distance is calculated as follows; 

 

 JM = √2 (1 − 𝑒−𝐵)        (1) 

 

where B is the Bhattacharyya Distance using the following formula: 
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where µ1and µ2 are mean vectors, and 𝐶1 and 𝐶2 are the covariance matrices of the two classes. 

For Transform Divergence (TD)(Sencaki et al., 2019), which quantifies spectral divergence 

between crop types, the formula is as follows. 

 

TD = 
1

2
𝑇𝑟((𝐶1 + 𝐶2)(𝑐2

−1-𝑐1
−1)) + 

1

2
𝑇𝑟(((𝑐2

−1 + 𝑐1
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Where TD is the Transform Divergence separability value, and Tr denotes the trace of a matrix 

For Kullback-Leibler divergence (KLD) that assesses information gain between spectral 

signatures, the formula is as follows; 

 

KLD (𝑤1||𝑤2) = 
1

2
(𝑇𝑟(𝑐2

−1𝐶1) + (µ2 − µ1)𝑇𝑐2
−1(µ2 − µ1) − ln (

|𝐶1|

|𝐶2|
) − 𝑑)  (4) 

 

Where 𝑤1and 𝑤2 are maize and soybean, and d is the dimensionality of the data 
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Table 3-2: Summary of distance-based separability metrics. 

Metric Range Sensitivity Computation Use Case Reference 

JM 0–2 Covariance + 

Mean 

Moderate 

(matrix 

inverse) 

Robust class 

separability 

assessment 

(Sencaki 

et al., 

2019) 

TD 0–2  

but values 

>2000 are 

often capped 

Mean 

differences 

Simple Quick 

separability 

screening 

(Sencaki 

et al., 

2019) 

KLD 0–∞ Asymmetric 

divergence 

Complex Directional 

dissimilarity 

analysis 

(Georgiou 

& 

Lindquist, 

2003) 

 

Tukey HSD, JM, KLD, and TD values for paired data groups across the natural wavelength 

regions blue, green, red, NIR, and SWIR were analysed and compared for each phenological 

stage. This comparison facilitated the identification of the spectral bands, spectral regions, and 

phenological stages that exhibited the highest separability values. To conclude the analysis, 

spectral separability between maize and soybean was quantified by classifying the two species 

using partial least squares discriminant analysis (PLS-DA). This approach has demonstrated 

consistent superiority over traditional feature selection methods and has been widely validated 

as an effective tool for discriminating plant species based on spectral signatures. 

3.3 Results 

3.3.1 Spectral responses for maize and soybean from phenological stages. 

Figure 3-1 presents the mean and standard deviation of vegetation spectral reflectance patterns 

for maize and soya across different phenological stages, from early vegetative (DAP15), mid-

vegetative (DAP36), flowering/tasselling (DAP48), mid-grain filling (DAP85), to the onset of 

senescence (DAP110). The reflectance patterns showed the same trends for different growth 

stages; however, during early and mid-vegetative stages, the reflectance of maize and soybean 

gradually increased from the blue region to the near-infrared region with almost similar spectral 

responses. During these early growth stages, both maize and soybean crops exhibited relatively 

low reflectance across the entire spectrum. Furthermore, maize shows slightly higher 
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reflectance than soybean, particularly in the green region (around 550 nm) and near-infrared 

region (700-1100 nm). The flowering/tasselling indicates that the reflectance pattern for both 

crops continued to increase, suggesting further growth and development, especially from the 

visible region to the near-infrared region. However, a noticeable change began to emerge at 

approximately 700 nm for both maize and soybean crops. At this stage, both crops began to 

show characteristics of healthy vegetation through a sharp increase in reflectance between the 

red and near-infrared regions. During mid-grain filling and the onset of senescence, the red 

edge was very pronounced on both crops, indicating vigorous growth. However, soybeans have 

a slightly higher reflectance in the near-infrared region than maize due to differences in leaf 

structure and canopy architecture. At the onset of the senescence stage, spectral responses in 

the near-infrared region remained relatively high, but the red edge was less pronounced 

compared to the mid-grain filling stage. This decrease indicates senescence or the beginning of 

crop maturity, where the chlorophyll content decreases. Overall, there were noticeable 

similarities in the spectral reflectance patterns of maize and soybean.  
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3.3.2 ANOVA statistical analysis for band selection. 

The statistical analysis using ANOVA, as shown in Figure 3-2, indicated that there was a 

significant difference in reflectance between maize and soybean when a 99% (p< 0.01) and 

95% (p< 0.05) confidence level was used across the growth stages. However, the 95% 

confidence level using red bands indicated that there is no statistically significant difference in 

the spectral reflectance between maize and soybean, with p>0.05. This was also noticeable in 

the blue band with a p>0.05. 

Figure 3-1: Spectral responses of maize and soybean with days after planting. The solid 

lines represent the mean reflectance values, while the shaded regions denote the 5th and 

95th percentile bounds of reflectance across all samples. 
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However, as shown in Figure 3-3, the various growth stages indicate that there was a significant 

difference in reflectance between maize and soybean, from early vegetative to the onset of 

senescence. For DAP15 and DAP36, the F-value was relatively high in the blue region (around 

400-500 nm). However, it gradually decreases from 450 to 1100 nm, indicating minor 

differences between maize and soybean reflectance at these stages. However, there was high 

variability for DAP48, DAP85 and DAP110, indicating spectral overlap. The results suggest 

that the F-values for DAP48 peaks in the red between 550 and 610 nm and near-infrared regions 

between 625 and 711 nm, signifying that the most significant differences in reflectance 

between maize and soybean are occurring in these spectral regions. These high F-values were 

also present between 850 and 910 nm, and they sharply increased from 950 to 1100 nm. DAP85 

results show the highest F-values in the red edge region (640 to 711nm). Finally, the F-values 

pattern for DAP110 was similar to DAP48, which shows peaks in the red and near-infrared 

regions but with lower overall values. This suggests that, while differences are still present, 

they are less pronounced than at DAP48 and DAP85. 

Figure 3-2: ANOVA results for days after planting across spectral regions. 
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3.3.3 Distance and divergence analysis for determining spectral zone importance 

Figure 3-4 indicates three distinct spectral separability outcomes, namely low measure of 

separability, medium measure of separability, and high measure of separability calculated from 

DAP15 to DAP110. In the early growing season, which includes early vegetative, mid-

vegetative, and flowering/tasselling (DAP 15, 36 and 48), there were primarily low JM distance 

values of less than 0.2 across all spectral bands. This result highlights that the spectral 

reflectance values of maize and soybean are very similar, making it difficult to discriminate 

between them at that stage. This typically occurs because crops may not have developed 

distinct spectral signatures. However, environmental conditions and surrounding backgrounds, 

such as soil characteristics and shadows, effectively affect spectral responses at this growth 

Figure 3-3: F-statistics for reflectance differences between maize and soybean across 

growth stages. 
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stage. At DAP85, there was a significant increase in JM distance values from 0.13 for the blue 

band to 1.12 for the red band. These results suggest a strong spectral separability between the 

crops, indicating that maize and soya have developed unique spectral signatures, most likely 

due to differences in chlorophyll content, canopy structure, or water absorption properties. 

However, the highest JM Distance value of the range between 0.32 and 1.13 was obtained in 

the SWIR-1 and red band at DAP85 and DAP110, respectively, indicating that these spectral 

regions are the most effective for crop discrimination at this stage. Differences in water 

absorption or structure are more important at this stage than the biomass-related differences 

that characterise this far-infrared region. 

 

Figure 3-4: Spectral separability between maize and soybean across spectral zones and 

phenological stages. 

3.3.4 Analysis of the statistical divergence 

Overall, the KLD and TD divergence trends are consistent across the phenological stages using 

different spectral regions, as shown in Figure 3-5. From DAP15 to DAP48, they show relatively 

low values across all spectral zones. These results indicate that the spectral responses of maize 

and soybean are similar during these early growth stages, making them difficult to distinguish. 

An interesting part is that, for KLD and TD values at DAP85, they show an abrupt increase, 
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particularly in the red and SWIR-I spectral regions, as compared to others, indicating high 

chances of separability and dissimilarity between spectral responses of maize and soybean. 

Finally, the KLD and TD gradually decreased, particularly for all other spectral regions except 

for the KLD values of blue and NIR bands, suggesting that maize and soybean are still 

relatively distinguishable at this later growth stage. It is important to note that both measures 

show similar patterns of divergence across different DAPs and spectral regions, suggesting that 

they provide comparable information about the spectral separability of maize and soybean. 

 

3.3.5 Machine learning-based feature selection. 

Figure 3-6 and Table 3-3 show the PLS-DA selected bands for crop discrimination between 

maize and soybean, ranging from DAP15 to DAP110. In Figure 3-6, each line indicates the 

selected wavelengths identified by the PLS-DA algorithm as most important for discriminating 

between maize and soybean at that specific DAP. The figures show that the chosen bands for 

discriminating between maize and soybean vary across different DAPs, highlighting the 

importance of considering the growth stage when selecting spectral bands for crop 

classification. Both figures show that most bands chosen for DAP15 and DAP36 are primarily 

in the blue (400–450 nm) and SWIR (1000–1100 nm) regions, likely capturing differences in 

Figure 3-5: Comparison of Kullback-Leibler Divergence (KLD) and Transform Divergence (TD) 

across different spectral regions and days after planting. 



73 

 

initial pigment composition and water content. Although these bands provide some 

information, their importance is lower than NIR and SWIR-I for crop discrimination. At 

reproductive stages DAP48 and DAP85, red-edge (680–750 nm) and near-infrared (NIR: 700–

1100 nm) bands dominated, aligning with heightened chlorophyll activity and canopy 

structural complexity. These regions are sensitive to crops' structural and biochemical 

properties, which change significantly during the growing season, allowing for better crop 

discrimination. By senescence (DAP110), green (550–600 nm), red (600–650 nm) and 

persistent NIR bands provided separability, driven by pigment degradation and residual 

structural contrasts. Overall, the selected optimal bands for crop discrimination varied 

significantly across different phenological stages, highlighting the importance of considering 

the growth stage. The red and NIR regions consistently show important bands for 

discriminating between maize and soybean, particularly at later growth stages (DAP85 and 

DAP110). 

 

  

Figure 3-6: Spectral regions’ importance for crop discrimination across different days 

after planting. 
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Table 3-3: Selected top 10 optimal wavelengths. 

Rank DAP15 DAP36 DAP48 DAP85 DAP110 

1 1100 435 696 517 731 

2 1011 400 699 493 727 

3 1057 431 602 497 723 

4 1061 427 703 513 719 

5 423 423 707 583 579 

6 419 404 598 501 587 

7 404 419 711 505 559 

8 416 416 594 509 715 

9 412 408 591 579 583 

10 408 412 587 575 563 

 

3.4. Discussion 

The key findings of this study provide critical insights into the spectral discrimination of maize 

and soybean across key phenological stages. These results indicate a dynamic interplay 

between crop growth progression and spectral reflectance patterns. These results underscore 

the importance of phenology-driven spectral band selection for accurate crop discrimination, 

with implications for remote sensing applications in precision agriculture and crop monitoring. 

3.4.1 Crop spectral reflectance patterns and phenological dynamics 

The analysis of the mean vegetation spectra revealed distinct trends in reflectance patterns 

across the growing season, mirroring the physiological changes associated with plant 

development in both crops. Figure 3-2 indicates that the observed seasonal mean vegetation 

spectra align well with established principles of vegetation optics. The low reflectance in the 

visible region (400–700 nm) during early growth stages is attributable to chlorophyll 

absorption. In contrast, the gradual rise in near-infrared (NIR) reflectance reflects increasing 

leaf area and canopy complexity. Overall, our results indicate that the discrimination of crops 

is highly effective at early and late growth stages but struggles during mid-season (DAP36). 

This result partially harmonises with the findings of Chivasa et al. (2019), who reported an 

absence of significant spectral difference at early and mid-vegetative stages (DAP15 and 36) 

due to soil background and shadow interference. In the present study, although such 

interference was also evident, higher crop discrimination was nonetheless achieved at the early 

stages. Typically, at this growth stage, both crops exhibit a relatively low reflectance across 
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the entire spectrum. These similarities in spectral reflectance can be attributed to the 

comparable physiological states of the two crops during this early development.  

The flowering/tasselling stage (DAP48) and mid-grain filling (DAP85) marked a transition 

where maize and soybean exhibited a noticeable red edge characteristic. Maize shows a slightly 

higher reflectance than soybean, particularly in the green region (around 550 nm) and in the 

red edge region (650-900 nm). Our findings have confirmed that the red and NIR regions are 

important in discriminating maize and soybean at later growth stages. DAP (48, 85 and 110) 

shows that Near-Perfect to perfect discrimination results with accuracy ranging from 0.995 to 

1, as shown in Table 3-4. This trend is consistent with previous studies by Salas and Henebry 

(2012), who employed a chlorophyll red-edge index with bands ranging between 690 and 800 

nm and observed that the maize and soybean spectra correspond to peak chlorophyll content 

and photosynthetic activity. Salas and Henebry (2012) and Chivasa et al. (2019) showed that 

maize plants have denser canopies and higher chlorophyll content, contributing to stronger 

light absorption in the visible region and higher reflectance in the near-infrared region.  

Table 3-4: Accuracy assessment results of PLS-DA across phenological stages. 

DAP Accuracy Precision Recall F1-score Kappa 

15 0.952 0.945 0.961 0.953 0.905 

36 0.824 0.827 0.820 0.823 0.648 

48 0.995 0.993 0.996 0.996 0.994 

85 1.000 1.000 1.000 1.000 0.999 

110 0.997 0.998 0.997 0.997 0.995 

 

The spectral differences of maize and soybean were more pronounced at longer wavelengths 

compared to other regions, which is consistent with prior studies by Manjunath et al. (2011) 

linking red-edge shifts to vegetative vigour, making them useful for crop discrimination. The 

decline in red-edge prominence during senescence (DAP110) mirrors chlorophyll degradation, 

a hallmark of crop maturation. A decline in chlorophyll content leads to a reduction in the 

sharpness of the red edge, which is a common indicator of plant ageing and the onset of 

physiological maturity. Notably, soybean’s higher NIR reflectance compared to maize at later 

stages likely stems from structural differences; soybean’s denser, multi-layered canopy may 

enhance NIR scattering, whereas maize’s upright architecture could reduce multiple scattering 

effects. The findings are similar to those of Li et al. (2024), who noted that the red-edge regions, 

followed by the green and NIR bands, exhibited the highest separability of stressed pine trees. 

Despite these subtle differences in growth stages, the overall similarity in spectral reflectance 
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patterns between maize and soybean highlights the challenges in distinguishing these crops 

based solely on untransformed spectral data, particularly at early growth stages. 

3.4.2. Statistical significance of spectral differences between maize and soybean. 

As presented in Figure 3, the ANOVA results revealed that there were no significant 

differences in the reflectance spectra between maize and soybean at a 99% confidence level. 

However, at a 95% confidence level, a statistically significant difference was observed in the 

shortwave infrared (SWIR) region, particularly for bands corresponding to water absorption 

features. The 95% confidence level identified the SWIR, blue, and green bands as 

discriminatory. This suggests that differences in crop water content or canopy structure become 

more apparent in the SWIR region, which is sensitive to water and other biophysical properties. 

The p-values observed in the blue and green areas further indicate that, although reflectance 

patterns in these regions are somewhat similar across the two crops, subtle differences can still 

be detected, particularly during the flowering and mid-grain filling stages. This suggests that 

broad-stroke spectral comparisons mask stage-specific differences. 

 

The F-value peaks in red (550–610 nm) and NIR (625–711 nm) regions during DAP48 and 

DAP85 (Figure 3-3) highlight these regions as critical for differentiation during reproductive 

stages. The high F-values observed at these stages suggest that these spectral regions are most 

informative for discriminating between maize and soybean, aligning with the physiological 

changes associated with the reproductive and maturity stages. These findings align with 

distance and divergence analyses (JM, KL, TD), where heightened separability in the red 

region at DAP85 and 110 with JM values of 1.12 and 1.13, respectively, which underscores 

the role of water content and structural disparities in late-season discrimination (Morell-Monzó 

et al., 2023). These results emphasise that phenological timing is pivotal because other stages 

showed challenges in distinguishing due to overlapping spectral signatures and the influence 

of environmental factors: classifiers relying on static band sets may underperform compared to 

models adaptive to growth stages. The consistent identification of the red, near-infrared and 

SWIR bands (Morell-Monzó et al., 2023; Zhang et al., 2025) is crucial for discrimination, 

particularly at the flowering/tasselling stage and mid-grain filling, aligns with the physiological 

changes observed and the statistical significance identified through ANOVA and divergence 

analyses (Figure 3-7). The results of this study are consistent with those of Sencaki et al. (2019), 
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who noted that flowering and establishment produced the best ability to discriminate between 

crops, as their JM and TD values were very high. 

 

The heightened spectral separability observed during the reproductive stages suggests that 

remote sensing surveys for crop discrimination in mixed-cropping systems are most effective 

when timed with these phenological stages. This insight has direct implications for optimising 

the timing of aerial surveys in precision agriculture practices. However, although this study 

advances the understanding of crop spectral dynamics, certain limitations warrant 

consideration. Crop discrimination using spectral features is challenging, especially during the 

phenological stages. The analysis focused on only maize and soybean crop species in a single 

growing season; validation across diverse genotypes and environments is needed to generalise 

these findings. Environmental factors, such as soil and surrounding background, nutrient 

availability, and shadows, were not explicitly modelled but may influence spectral responses. 

Figure 3-7: Heatmap showing the contribution of different spectral regions across various 

days after planting. 
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3.5. Conclusion and future work 

This study identified important bands and spectral regions to be used for the discrimination of 

maize and soybean crops. Our results demonstrate that while conventional statistical methods 

such as ANOVA, divergence metrics, and distance-based analysis can differentiate maize and 

soybean at specific phenological stages, their discriminative power is highly stage-dependent. 

By integrating these analyses with hyperspectral data collected in a mixed cropping context, 

this study provides novel insights into optimal wavebands and phenological timing for crop 

discrimination under field conditions. Overall, our analysis further demonstrated the dynamic 

nature of the spectral separability between maize and soybean across different phenological 

stages. While early growth stages present challenges owing to overlapping spectral signatures, 

later stages, particularly at the flowering/tasselling stage and mid-grain filling, offer enhanced 

separability, primarily in the red and near-infrared regions. The integration of statistical and 

machine learning techniques provides a comprehensive framework for identifying the optimal 

spectral bands for crop discrimination, contributing to improved remote sensing applications 

in agriculture. Therefore, we conclude that the integration of statistical, divergence, and 

machine learning approaches consistently identifies red, NIR, and SWIR bands as critical 

during the flowering/tasselling stage and mid-grain filling stages.  

 

The findings of this study underscore the potential of scaling ground-based spectral 

measurements to airborne and satellite remote sensing platforms for large-area crop 

discrimination. Imaging sensors could enhance the spatial and temporal resolution of crop 

classification maps by focusing on phenology-specific spectral zones, particularly the red-edge, 

NIR, and SWIR regions, during reproductive and senescence stages. However, to 

operationalise this transition, future research must address critical challenges, including the 

integration of state-of-the-art sensors in unmanned aerial systems with high spatial resolution. 

Such platforms could bridge the gap between localised leaf-level measurements and landscape-

scale observations while minimising atmospheric and soil background interference. 

Furthermore, combining spectral data with environmental covariates such as soil moisture, 

temperature, and topography through multi-sensor fusion frameworks may disentangle 

confounding factors that obscure crop-specific signals, particularly during early growth stages. 

While our study demonstrates the utility of integrating spectral separability metrics (Jeffries-

Matusita distance, Transformed Divergence and Kullback-Leibler Divergence) with PLS-DA 

for phenology-driven discrimination between maize and soybean, classification challenges 
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persist during early growth stages, primarily due to spectral overlap and environmental 

variability. Future research should explore advanced machine learning models, such as random 

forest, support vector machines and extreme gradient boosting, which are well-suited to 

capturing non-linear relationships in high-dimensional hyperspectral data. Additionally, hybrid 

frameworks that adaptively weigh key spectral regions, such as the red-edge and NIR band 

alongside relevant environmental covariates (e.g., soil moisture, canopy temperature), may 

enhance classification robustness. The generalisability of our findings, limited to a single 

growing season in Zimbabwe’s mixed-cropping systems, requires validation across diverse 

agro-ecological zones. 

 3.6. Summary 

This chapter thoroughly examined the applicability of hyperspectral data to determine the 

spectral separability of maize and soybean across different growth stages in Zimbabwe using 

UAS-based RGB imagery. The integration of statistical analysis, distance, divergence, and 

machine learning methods was employed to optimise band selection and timing. ANOVA 

statistical analysis results indicated significant reflectance differences between maize and 

soybean. The chapter indicated that low values for JM distance, KLD, and TD were observed 

during the early growth stages, indicating a high degree of spectral similarity between maize 

and soybean, limiting effective discrimination. However, abrupt increases in all divergence 

metrics during the mid-grain filling stage suggested the development of distinct spectral 

signatures, thereby enhancing separability between the crops. Moreover, the consistent 

patterns observed across JM distance, KLD, and TD measures throughout the phenological 

stages indicate that these metrics provide comparable and reliable information regarding the 

temporal dynamics of crop separability. These results indicated that the discriminative power 

of maize and soybean is normally effective between 48 to 110 days after planting. Thus, in the 

following Chapter 4, an approach is proposed to identify crops in a mixed cropping setting at 

the canopy level using a UAS system mounted with an affordable RGB sensor. 
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CHAPTER 4 : TESTING THE APPLICABILITY OF MACHINE LEARNING 

MODELS FOR CROP DISCRIMINATION 

This chapter is based on: 

 

Mafuratidze, P., Mutanga, O., Masocha, M. and Chivasa, W. Discriminating Maize and 

Soybean in Mixed Cropping Systems Using Unmanned Aerial Systems Dataset and Random 

Forest. A book chapter (Springer Nature)  



81 

 

ABSTRACT 

The effectiveness of unmanned aerial systems (UASs) in monitoring crops and capturing 

detailed aerial images, which are essential for estimating crop areas, has been demonstrated. 

This study evaluated the utility of spectral, textural, and morphological transformations 

obtained from UAS-based sensor images in distinguishing between maize and soybean in a 

mixed-cropping environment. The researchers conducted a study on a plot of land measuring 

0.324 ha, dividing it into 25 plots with varying mixtures. During the tasselling stage of maize, 

we used a DJI Matrice 300 drone to capture digital RGB images 48 days after planting. To 

determine the best features for crop identification, we extracted different types of features 

(spectral, textural, and morphological) from each plot. For supervised classification using the 

Random Forest algorithm, we used 26 variables derived from high-spatial-resolution images. 

Our analysis determined the most significant features of crop classification. The findings of 

this study revealed that morphological features achieved the highest accuracy of 0.93 and an 

F1-score of 92, followed by a combination of textural and morphological features, with spectral 

features being the least effective. These results emphasise the importance of morphological 

analysis for classifying crops in mixed-cropping systems. 

 

Keywords: morphological operations, texture analysis, heterogeneous environment, mixed 

crops, high spatial resolution 
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4.1 Introduction 

Spectral differentiation of crops in mixed cropping systems (MCS), commonly in smallholder 

farming environments, is a challenging problem in remote sensing. The MCS is characterised 

by two or more crop species growing together on the same piece of land (Honrado et al., 2017; 

Rudel et al., 2016). Although MCS has numerous advantages, such as enhanced soil fertility, 

reduced occurrence of pests and diseases, and heightened productivity, it also presents 

obstacles for distinguishing between crops, which involves identifying and mapping various 

crop types within a field. Obtaining meaningful spatially distributed information on individual 

crops in an MCS using remotely sensed data can be problematic (Dwivedi et al., 2020; 

Handique et al., 2020; Löw, 2013). The existence of mixed crops generates difficulties in the 

discrimination process because different crop types can have similar spectral signatures. 

Therefore, detecting the distinctions or boundaries between these mixed crops is not 

straightforward (Christiansen et al., 2017; Khanna et al., 2015; Malveaux et al., 2014; Prins 

and Van Niekerk, 2020; Ronchetti et al., 2020). 

 

Traditionally, detecting the distinctions between crop species heavily relied on morphological 

characteristics, manual field surveys and expert knowledge, where trained personnel visually 

inspect and record crop types (Haider, 2011; Kumar et al., 2022). Regrettably, traditional 

approaches are subject to human error and can be influenced by factors such as observer bias 

(Dhau et al., 2018; Jadhav, 2023; Jagadish., 2023; Sishodia et al., 2020; Yadav et al., 2022). 

Although these methods can be accurate, they are time-consuming, labour-intensive, and often 

impractical for complex heterogeneous fields, particularly in regions with mixed cropping 

systems (Champagne, 2019; Pieterse, 2016; Psirofonia et al., 2017; Raja Sekar et al., 2018). 

Recently, airborne data and satellite imagery with sub-meter resolution and numerous spectral 

bands useful for crop discrimination have been used extensively, obtaining reasonable results 

(Hall et al., 2018; McCabe et al., 2016; Yang et al., 2019). Unfortunately, these datasets are 

difficult and costly to obtain for crop discrimination in mixed agricultural environments.  

 

Consequently, unmanned aerial systems (UAS) have revolutionised the discrimination of crops 

in MCS in agriculture. As such, this study addresses the challenge of detecting distinctions or 

boundaries between mixed crops by exploring the potential of unmanned aerial systems (UAS) 

to classify crop types. This information can empower farmers with valuable insights into 

optimising their practices and enhancing their agricultural productivity. The UAS offers high-
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spatial-resolution aerial RGB imagery that can be used to discriminate between different crops. 

Because of the paucity of sufficient spectral data from UASs, can researchers develop 

algorithms that can equally discriminate crops in MCS using available high-spatial-resolution 

RGB images? Currently, acquiring high-spatial-resolution images is relatively straightforward 

and allows for real-time or near-real-time capture and processing owing to their simplified data 

(Cheng et al., 2016; Lottes et al., 2017). In addition, high-resolution RGB images result in cost 

savings because they require less data storage, making them more convenient and manageable, 

particularly in scenarios with limited computational capabilities (Hamuda et al., 2017; Pulido 

et al., 2017). 

 

Various approaches have been presented and applied for crop discrimination over a wide range 

of geographic locations and scales (Kaushik et al., 2025; Manohar Kumar et al., 2024; Mlawa, 

2023; Singh et al., 2022). In many cases, researchers have opted to utilise only spectral 

characteristics (Handique et al., 2017; de Sá et al., 2018) and obtain reasonable results. 

Nevertheless, crop discrimination is normally performed during the early stages of the growing 

season, when crops are in their seedling and vegetative growth stages, and up to the tasselling 

stage (Champagne, 2019; Hunt Jr et al., 2013). However, during the early crop growth stages, 

mixed crops usually show similar spectral signatures because chlorophyll, which is the most 

abundant light-interacting molecule at this stage, tends to reflect and absorb light in similar 

ways across different crop species. Eventually, crop discrimination using remotely sensed data 

becomes difficult. Furthermore, traditional pixel-based approaches usually yield poor results 

when applied to UAS images owing to the increased number of detectable features in ultrahigh 

spatial resolution data. 

 

Several attempts have been made to address pixel-based crop discrimination problems using 

various methods (Aneece & Thenkabail, 2018; de Castro et al., 2018; Manohar Kumar et al., 

2024). Recent studies have demonstrated that approaches that focus on spatial contextual 

information (texture), as well as shape and structure (morphological operations), are robust 

(Louargant et al., 2018). Li et al. (2019) identified that the visible index is resistant to 

atmospheric conditions based on three visible bands, and the texture indices normalised by 

mean textures from red and green bands were deemed most effective for retrieving the leaf area 

index. Recently, Kawamura et al. (2021) introduced a segmentation approach that combined 
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hue-saturation-brightness with the canopy height model, texture, and colour indices to 

differentiate crops and weeds within upland rice fields in the central region of Vientiane, Laos. 

Various classification methods have been used, ranging from pixel- to object-based, leveraging 

high-spatial-resolution RGB pictures. Recently, the development of machine learning 

algorithms such as random forest (RF), support vector machines (SVM), decision trees (DT), 

artificial neural networks (ANN), and classification and regression trees (CART) has emerged 

and displayed the ability to achieve high accuracy in classification. Although most of these 

classifiers have been used for crop discrimination, the RF classifier is the most widely used. 

Random forest is a popular non-parametric machine learning algorithm that is a highly versatile 

ensemble that combines multiple decision trees to create a more accurate model, and is robust, 

especially when dealing with small sample sizes (Breiman, 2001). Each decision tree in the 

forest was trained by finding a balance between bias and variance on a random subset of the 

data. Combine the bootstrap aggregation method with randomisation when selecting data nodes 

to construct a decision tree, reducing overfitting and enhancing the model's generalisation 

performance (Beard et al., 2007). Lambert et al. (2018) used a RF classifier to map grass weed 

in wheat crops, obtaining an overall accuracy of 87%. To demonstrate its superiority, Prins and 

Van Niekerk (2020) applied a RF classifier by combining and classifying LiDAR data, 

Sentinel-2 imagery, and aerial imagery to discriminate between five crop types in intensively 

cultivated areas. The researchers obtained an overall accuracy of 94.4%. 

 

However, the existing research lacks a comprehensive understanding of the discrimination 

performance achieved by combining spectral, textural, and morphological information from 

high-spatial-resolution RGB images in a small image area with a few samples. Additionally, 

determining the effect of crop mixtures in MCS on the effectiveness of high-spatial-resolution 

RGB images for detecting and discriminating mixed crops remains understudied. In this regard, 

the main objective of this study was to assess the effectiveness of UAS-derived high-resolution 

RGB images in accurately classifying crops in a mixed-cropping system. Specifically, the study 

investigated potential improvements in crop classification accuracy through the inclusion of 

spectral and geostatistical features. The specific objectives of the study were to: (1) evaluate 

and compare the accuracy of models utilising spectral, textural, and morphological features 

separately, as well as a combination of all three, (2) identify the contribution of each feature 

group (spectral, textural, and morphological) to the overall classification accuracy, and (3) 

implement a random forest variable selection approach to identify the most valuable features 
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for crop classification, addressing the subjectivity and possible inconsistencies in feature 

selection. 

4.2 Materials and Methods 

4.2.1 Study area 

Remote sensing images were acquired on the 12th of March 2022 at an experimental station 

located at Panmure Research Station in Shamva District (between 31.623614° and 31.624355°, 

and between -17.268046° and -17.268073°), as shown in Figure 4-1. The Civil Aviation 

Authority of Zimbabwe approved these flights using a written agreement between the research 

station and the researcher. Images were taken 48 days after planting during the last vegetative 

stage of maize (tassel emergence) (Makanza et al., 2018), which is suitable for yield estimation 

(Kenduiywo et al., 2020). 

 

Figure 4-1: Experimental site and sample images at the Panmure Research Station in the 

Shamva District of Zimbabwe. 
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Agricultural production is one of the main economic activities in most of the study area. The 

district is largely fertile and falls under the agro-ecological region II. It also receives relatively 

well-distributed and reliable rainfall annually, ranging between 750 mm and 1000 mm and a 

mean annual temperature of approximately 24.6ºC (https://weatherandclimate.com). The study 

site was selected because it has a subtropical climate and is highly suitable for intensive crop 

production. Farmers in this study area usually practice mixed cropping systems, mainly 

between cereals and legumes, such as maize, cowpeas, groundnuts, tobacco, and soybeans for 

subsistence. Sporadic patches of fertile clay and sandy loam characterised the soils. 

4.2.2 Experimental design and treatments  

All the field experiments were conducted in a block covering 0.324 ha with 25 plots, as shown 

in Figure 4-2. The experiment was arranged in a factorial-based randomised complete block 

design with five replicates (each plot was 17 m × 5 m, or 0.0085 ha). In the single maize plot, 

the crops were spatially arranged with an in-row distance of 60 cm and a between-row distance 

of 90 cm. For the mixed-crop configuration, the row spacing was 60 cm for maize and 25 cm 

for soybean in the respective in-row distances, with a between-row distance of 45 cm. This 

spatial arrangement is illustrated in Figure 4-3, and the proportions of the mixed cropping area 

occupied by each crop are presented in Table 4-1. Different sections had 1m between them, 

and the same distance was maintained between plots and replicates. Each section had five plots 

that were planted with a different crop mixture/treatment, except for plot A1, which contained 

maize only. In this study, we mixed crops per plot according to their importance, as follows: 

maize (SC659) and soybean (Serenade). Both crops were planted on the 14th and 15th of January 

2022, and standard agronomic practices were applied for cereals (maize (M)) and legumes 

(soybean (SB)) in Zimbabwe (https://www.zimagrihub.org.zw/maize-growers-guide, accessed 

15 December 2021). 
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Table 4-1: Experimental treatment with various ratios. 

Treatment 

number  

Treatment Ratio Plot size 

(m2) 

Plot A1 Sole maize M 85 

Plot A2 One row of maize to one row of soybean 1M:1SB 85 

Plot A3 One row of maize to two rows of soybean 1M:2SB 85 

Plot A4 Two rows of soybeans to one row of maize 2M:1SB 85 

Plot A5 Two rows of maize to two rows of soybean 2M:2SB 85 

Figure 4-2: Plots for maize and soybean trials showing the experimental design and 

replication. 

Figure 4-3: Mixed crop ratios and space intervals. 
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4.2.3 UAS flights and remotely sensed images  

The images were acquired using DJI MATRICE 300 (M300) (Shenzhen Dajiang 149 

Innovation Technology Co., Ltd., China), which is a four-rotor. Zenmuse is an RGB camera 

with a focal length of 25 mm and an exposure time of 1 / 500 s. The RGB aerial image dataset 

was captured using a Zenmuse (ZH20T) camera with an image resolution of 5184 × 3888 pixels 

and a sensing height of 90m. The ground sampling distance for the camera was approximately 

1.93 cm, and the estimated field of view was approximately 52.45 degrees. Although cloud 

cover is normally 50% on average during the rainy season, in this study, we waited for five 

days after rainfall to ensure the consistency and objectivity of the data (Ge et al., 2019) and 

obtain a reasonable sample size. Images were captured between 10:30 a.m. and 1:30 p.m. local 

time to minimise the effects of low-angle illumination and shadows, which are more 

pronounced in early morning or late afternoon. This time window corresponds to when the sun 

is relatively high in the sky, ensuring uniform lighting conditions, reducing shadow 

interference, and improving spectral reflectance consistency across the field, which is critical 

for accurate crop discrimination. These images were processed using the Pix4Dmapper 

photogrammetry software package (Cheseaux-Lausanne, Pix4D SA, Lausanne, Switzerland) 

to merge the aerial imagery into an ortho mosaic. The acquired images were resized to 256 × 

256 pixels for the machine learning classifiers. 
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4.3 Data Analysis 

4.3.1 Preprocessing and feature extraction 

Figure 4-4: Flowchart of the method. 
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In terms of crop classification in a mixed cropping system using UAS-derived RGB images, 

there are two major challenges: the high degree of spectral responses from mixed crops and the 

lack of spectral information. Using pixel-based image classification methods that do not 

consider the spatial relationship between a pixel and its neighbours can lead to difficulties in 

extracting class information from the images. Initially, all images were converted to grayscale 

and separated into r, g, and b channels (Table 4-2) on all 25 plots. Pixel-level features were 

extracted and structured into a tabular format using pandas, ensuring compatibility with 

subsequent machine learning models. As such, the proposed classification approach in this 

study combines spectral, morphological, and texture information to address these shortcomings 

and to attain reliable and accurate outcomes (Figure 4-4). The use of multiple feature extractors 

is effective in improving overall classification accuracy (Fan et al., 2022; Umamaheswari and 

Jain, 2020). In this study, different feature extraction techniques, such as spectral data, 

morphological operations, and texture analysis, were employed as the input variables. The 

processing and analysis of these datasets were programmed using the scikit-learn package in a 

standalone Scientific Python Development Environment version 5.5.0 with Python 3.11, in a 

Windows 11 64-bit operating system powered by Intel(R) Core (TM) i5-3210M CPU @ 

2.50GHz with 8 GB RAM. 

4.3.1.1 Spectral analysis 

Spectral indices are widely acknowledged as highly effective features for remote sensing 

applications focused on vegetation analysis (Balasubramanian, 2017; Fuentes-Peailillo et al., 

2019; Gitelson et al., 2002; Hunt Jr et al., 2013; Y. Liu et al., 2021). These indices are powerful 

tools for analysing vegetation-related phenomena, and are conventionally used and derived 

from operations with the red, green, and blue chromatic layers of the image (Nyman, 2008). 

The spectral indices were calculated from the RGB images, as shown in Table 4-2. As such, 

12 spectral features in conjunction with the original RGB image were selected as input 

variables and evaluated in this study.  
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Table 4-2: Spectral indices used in this study. 

Spectral Index Name Formula Reference 

b 

 

Blue band 𝐵

𝐵 + 𝐺 + 𝑅
 

 

(Woebbecke et 

al., 1995) 

g 

 

Green band 𝐺

𝐵 + 𝐺 + 𝑅
 

 

(Woebbecke et 

al., 1995) 

r 

 

Red band 𝑅

𝐵 + 𝐺 + 𝑅
 

 

(Woebbecke et 

al., 1995) 

ExB 

 

Excess Blue Vegetation 

Index 1.4b − g 

 

 

ExG 

 

Excess Green Vegetation 

Index 2g – r - b 

 

(Nijland et al., 

2016) 

ExGR 

 

Excess Green minus 

Excess Red Vegetation 

Index ExG–ExR 

 

 

(Meyer and Neto, 

2008) 

ExR 

 

Excess Red Vegetation 

Index 1.4r - g 

 

 

GB 

 

Green divide by Blue 

𝑔

𝑏
 

- 

RB 

 

Red divide by Blue 

𝑟

𝑏
 

- 

RG 

 

Red divide by Green 

𝑟

𝑔
 

- 

TGI 

 

Triangular Greenness 

Index g–0.39 × r–0.61 x b  

 

(Hunt Jr et al., 

2013) 

VARI 

 

Visible Atmospherically 

Resistant Index 

g −  r

g +  r −  b
 

 

(Gitelson et al., 

2002) 

Where R, G and B are RGB-values between 0 and 255 and normalised into r (red), g (green), 

and b (blue) bands  

4.3.1.2 Morphological operations 

Morphological operations involve the extraction of relevant features using nonlinear 

mathematical operations that manipulate the shape and structure of objects in an image (Serra, 

1986; Raja Sekar et al., 2018). These operations are classified as binary morphological 

operations and consist of dilation, erosion, triggering and closing, hit-and-miss transformation, 

and morphological filtering. This process involves adding and removing pixels at the periphery 
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of objects (Banon et al., 2007; Nogueira et al., 2021). Morphological operations are widely 

used in image processing and are considered state-of-the-art techniques for various 

applications. In this study, we focused on using a combination of dilation and erosion as 

follows: 1) opening, which is simply an erosion operation followed by dilation; 2) closing, 

which is also a reverse of dilation operation followed by erosion; and 3) gradient, which focuses 

on the difference between the dilated and eroded images to produce a new image that highlights 

the boundaries and edges of objects in the original image.  

4.3.1.3  Texture analysis 

Unlike spectral indices, which suffer from the effects of spectral similarities, texture can be 

considered a distinguishing characteristic of specific land use or cover classes. This is because 

different classes exhibit unique patterns and structures (Haralick et al., 1973) that can be 

analysed through texture analysis to extract meaningful information within the predefined 

kernel (Kupidura, 2019). The texture of an image is determined by the arrangement of the grey 

levels within the image. This means that it can be conducted at varying scales, wherein micro-

textures are observed at a localised level, whereas macro-textures are observed over a wider 

region. The analysis of micro-textures involves the examination of value distribution within a 

small neighbourhood, whereas macro-texture analysis involves the evaluation of value 

distribution across a larger area. 

 

By examining texture at different scales, it is possible to gain a more detailed understanding of 

the patterns and structures within an image. A considerable amount of literature has been 

published on the extraction of texture features. Many researchers have proposed techniques for 

extracting texture features from RGB images (Cucho-Padin et al., 2020; Ghatol and Dhok, 

2008; Kawamura et al., 2021b; S. Li et al., 2019; Nardari et al., 2018; Pulido et al., 2017; Varela 

et al., 2018; Zhao et al., 2019). Although Haralick et al. (1973) identified 28 textural features; 

14 texture features were highly correlated with each other. This suggests that including all these 

texture features would result in duplicate spatial contextual information that does not contribute 

to classification. Therefore, in this study, we only used a combination of statistical and edge 

detector-based methods, as shown in Table 4-3. 
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Table 4-3: Texture features combining statistical and edge detector-based methods. 

Statistical methods Edge detector-based methods 

Gaussian (Sigma = 3 and 7) Canny Edge 

Median (Sigma = 3) Prewitt 

Variance (Sigma = 3) Roberts 

 Scharr 

 Sobel  

Edge detection-based methods, such as first-order derivative (Roberts, Sobel, Prewitt, and 

Scharr) and second-order derivative (Canny edge), are appropriate for assessing the structure 

and properties of objects in high-spatial-resolution RGB images (Flusser et al., 2007; Gonzalez 

and Woods, 2019; Miceli et al., 2018). Digital analysis of such images involves understanding 

abrupt changes in brightness, colour, shape, and texture (Illana Rico et al., 2022; Shu et al., 

2021). The importance of these local changes or discontinuities in image intensity is that they 

can be applied to determine the depth, size, and orientation, as well as the boundaries between 

different regions of an image.  

4.3.2 Random forest 

The main reason for choosing RF in this study is that it is much easier to implement and more 

forgiving about overfitting and outliers than the other algorithms. Random forest is a non-

parametric and powerful algorithm that can handle large datasets with high dimensionality 

(Muharam et al., 2021). Therefore, 26 different input variables were selected for this study. 

Finally, to achieve pixel-level classification, the random forest classification tool in the scikit-

learn package is used to implement the model.  

4.3.2.1 RF Fine-Tuning Hyperparameters, Training Set Selection and 

Classification 

To ensure optimal performance of the model, a Random Forest classifier needs a training 

dataset from all the selected types of features, namely, spectral, textural, and morphological 

features. These datasets were used as features to discriminate between maize, soybeans, bare 

soil, shadows, and weeds using the RF algorithm. Data were subjected to random sampling. 

80% was allocated for training the model, and the remaining 20% was used to assess its 
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accuracy through validation. The specific hyperparameters to run the RF algorithm were tuned 

as follows: n_estimators = 100, max_depth = 25, and random_state = 42. 

4.3.2.1 Variable Importance 

The variable importance in the random forest refers to the measure of the impact of each input 

feature on the model's performance. This is an important aspect of the algorithm as it helps to 

identify the most influential features in the dataset, which can be used to improve the 

interpretability of the model and provide insights into the underlying relationships between the 

features and the target variable. Random forest uses various methods to calculate the 

importance of a variable, such as the mean decrease in impurity and the importance of 

permutation. These methods can identify both the individual and joint contributions of features 

to the model's predictions and help select the most relevant features for further analysis or 

feature engineering. 

 

The importance of variables in random forests is also highlighted in situations where numerous 

input features are available, and it is essential to prioritise the features to be included in the 

model. By identifying the most important features, it is possible to reduce the dimensionality 

of the dataset, potentially improve the model's performance, and simplify the interpretation of 

the model's output. 

4.3.2.2 Model validation 

Random forest is a powerful machine learning algorithm that can accurately model complex 

data. However, to ensure that the model is reliable and generalises well using new data, it is 

important to use appropriate model validation techniques. In the last phase of categorising 

crops, significant elements such as confusion matrix, overall accuracy, precision, recall, F1 

score, and area under the receiver operating characteristic curve (ROC) were employed to 

assess effectiveness. The F1 score represents a gauge of the accuracy of test data, constituting 

a weighted mean of precision and recall. The equations for the selected metrics are as follows: 

 Overall accuracy = 
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

𝑁
 

 Precision = 
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

 Recall = 
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
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 F1 score = 2 x 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 

where,  

 true positive is a correct positive prediction  

true negative is a correct negative prediction   

false positive is an incorrect positive prediction  

a false negative is an incorrect negative prediction 

4.4 Results 

4.4.1 Spatial distribution of maize, soybean and other 

Spatial distribution analysis of the main land cover types, including maize, soybean, bare soil, 

shadows, and weeds, revealed interesting findings. The classification model performed better 

in treatment A5 (two maize vs. two soybeans) than in the mixed ratios in all plots studied. This 

contradicted the initial hypothesis, which expected better performance in the sole maize 

treatment (A1) compared to the mixed crops because of the complexity of classifying mixed 

crops with varied spectral responses. 

 

Additionally, the classification model achieved a prime area under the curve (AUC) value of 

one for bare soil, indicating excellent classification accuracy owing to the distinct colour 

difference between soil and green vegetation. Table 4-4 provides an overview of the random 

forest model performance for different treatments. Treatments A4 and A5 demonstrated the 

highest classification accuracy of 0.93, precision of 0.93, recall of 0.93, and F1-score of 0.92 

when utilising morphology and a combination of texture and morphology. Surprisingly, the 

sole maize treatment (A1) exhibited a lower accuracy than A4 and A5. Analysis of recall and 

precision for each category revealed that most errors occurred in the classification of soybeans 

and shadows. 

 

Figure 4-5 illustrates the quantitative assessment of treatments using the AUC for different 

crop ratios, further supporting the superior performance of A5 (two maize vs. two soybeans). 

Conversely, Figure 4-6 (a-e) depicts the performance curves for treatments A1 to A5, 

demonstrating the variations in classification accuracy across different land cover types. In 

summary, spatial distribution analysis revealed that treatment A5 had the highest classification 

accuracy among the tested ratios. This unexpected result challenges the assumption that maize 
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Table 4-4: Classification accuracy for different crops (bold and underlined numbers represent the best results). 

 Spectral Indices Texture Morphology Texture + Morphology All combined 

 Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score 

A1_1 0.52 0.72 0.6 0.75 0.75 0.69 0.85 0.85 0.84 0.84 0.81 0.78 0.82 0.79 0.74 

A1_2 0.53 0.72 0.6 0.82 0.82 0.8 0.86 0.86 0.86 0.86 0.86 0.84 0.85 0.84 0.83 

A1_3 0.62 0.71 0.63 0.85 0.86 0.84 0.92 0.92 0.92 0.91 0.91 0.9 0.91 0.91 0.9 

A1_4 0.64 0.72 0.6 0.73 0.76 0.71 0.82 0.81 0.81 0.81 0.81 0.79 0.79 0.79 0.75 

A1_5 0.59 0.72 0.62 0.74 0.76 0.68 0.79 0.8 0.76 0.79 0.78 0.73 0.78 0.77 0.71 

A2_1 0.65 0.75 0.66 0.76 0.77 0.7 0.86 0.85 0.83 0.84 0.81 0.76 0.83 0.79 0.72 

A2_2 0.59 0.75 0.64 0.79 0.8 0.76 0.86 0.86 0.84 0.86 0.85 0.83 0.85 0.83 0.8 

A2_3 0.65 0.76 0.68 0.74 0.79 0.73 0.85 0.85 0.83 0.84 0.83 0.79 0.83 0.81 0.76 

A2_4 0.61 0.75 0.65 0.79 0.77 0.7 0.84 0.84 0.81 0.83 0.8 0.75 0.82 0.79 0.72 

A2_5 0.72 0.75 0.64 0.78 0.77 0.68 0.83 0.83 0.8 0.83 0.79 0.73 0.81 0.78 0.71 

A3_1 0.56 0.75 0.64 0.73 0.77 0.7 0.84 0.84 0.82 0.83 0.81 0.77 0.81 0.79 0.74 

A3_2 0.6 0.75 0.65 0.75 0.77 0.7 0.85 0.85 0.83 0.84 0.82 0.78 0.81 0.8 0.74 

A3_3 0.63 0.75 0.66 0.77 0.8 0.74 0.87 0.88 0.87 0.87 0.85 0.83 0.85 0.83 0.8 

A3_4 0.63 0.76 0.67 0.76 0.79 0.73 0.85 0.85 0.83 0.84 0.82 0.77 0.83 0.8 0.73 

A3_5 0.64 0.75 0.65 0.77 0.78 0.71 0.86 0.87 0.85 0.85 0.83 0.8 0.83 0.81 0.76 

A4_1 0.56 0.75 0.64 0.75 0.79 0.73 0.85 0.85 0.84 0.85 0.84 0.81 0.84 0.83 0.79 

A4_2 0.7 0.77 0.69 0.82 0.82 0.78 0.86 0.86 0.84 0.87 0.86 0.84 0.85 0.85 0.81 

A4_3 0.7 0.78 0.69 0.82 0.81 0.76 0.85 0.85 0.83 0.86 0.84 0.81 0.85 0.83 0.79 

A4_4 0.63 0.77 0.69 0.78 0.79 0.72 0.85 0.85 0.82 0.85 0.83 0.79 0.85 0.83 0.77 

A4_5 0.74 0.76 0.67 0.8 0.81 0.78 0.93 0.93 0.92 0.87 0.86 0.84 0.87 0.86 0.83 

A5_1 0.6 0.75 0.65 0.77 0.79 0.73 0.83 0.83 0.8 0.84 0.83 0.79 0.82 0.81 0.75 

A5_2 0.72 0.77 0.69 0.82 0.83 0.79 0.87 0.87 0.85 0.88 0.86 0.84 0.86 0.85 0.82 

A5_3 0.64 0.75 0.66 0.87 0.88 0.87 0.9 0.9 0.9 0.93 0.93 0.92 0.91 0.91 0.9 

A5_4 0.63 0.75 0.65 0.79 0.81 0.77 0.86 0.87 0.85 0.87 0.87 0.85 0.85 0.84 0.82 

A5_5 0.65 0.77 0.68 0.79 0.8 0.75 0.85 0.85 0.84 0.85 0.84 0.81 0.84 0.83 0.79 
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4.4.2 Model characteristic 

The impact of fine-tuning hyperparameters, specifically the number of trees and their depth, 

on classification accuracy was investigated. The results indicated that the number of trees had 

a substantial influence on classification accuracy. Conversely, varying the depth of the trees 

led to a noteworthy enhancement in classification accuracy. However, the findings revealed 

that increasing the depth beyond 25 did not yield a proportional increase in the classification 

accuracy, as depicted in Figure 4-7. As a result, a maximum tree depth of 25 was selected as 

the optimal value for classification across all treatments.    

 

4.4.3 Performance of feature selection in crop classification  

The evaluation of 26 different sets of metrics, based on spectral, morphological, and textural 

variables within each treatment, revealed varying performance levels. The highest 

classification accuracy was achieved by utilising the morphological operations feature group 

across all treatments, resulting in balanced class accuracies ranging from 0.8 to 0.93, as shown 
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Figure 4-7: Performance of random forest with increasing maximum depth. 
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in Table 4-5 and Figure 4-8. Among the morphological operations, the Closing and Opening 

operations, along with the gradient, exhibit comparable results, with the closing operations 

outperforming other classification schemes. 

 

The second most effective approach was texture analysis, which achieved overall accuracies 

ranging from 0.75 to 0.86. Within the texture feature group, the Gaussian (Sigma=3 and 7) and 

median (Sigma=3) variables were identified as the most influential in the classification of 

mixed crops. In contrast, the spectral datasets alone yielded the lowest classification accuracies, 

ranging from 0.71 to 0.78. Among the spectral variables, Red, Green, and the original RGB 

image emerged as the most crucial for crop classification, whereas Blue, ExG, and VARI 

showed negligible contributions across all treatments. Consequently, spectral indices were 

observed to be the least significant for crop classification (Figure 4-9). 

Table 4-5: Summary of overall accuracies on the test set for the random forest classifier 

(bold and underlined numbers are the best results per treatment). 

Plot Spectral  Texture Morphology  Plot Spectral Texture Morphology 

A1_1 0.72 0.75 0.85  A2_1 0.75 0.77 0.85 

A1_2 0.72 0.82 0.86  A2_2 0.75 0.80 0.86 

A1_3 0.71 0.86 0.92  A2_3 0.76 0.79 0.85 

A1_4 0.72 0.76 0.81  A2_4 0.75 0.77 0.84 

A1 5 0.72 0.76 0.80  A2 5 0.75 0.77 0.83 

         

A3_1 0.75 0.77 0.84  A4_1 0.75 0.79 0.85 

A3_2 0.75 0.77 0.85  A4_2 0.77 0.82 0.86 

A3_3 0.75 0.80 0.88  A4_3 0.78 0.81 0.85 

A3_4 0.76 0.79 0.85  A4_4 0.77 0.79 0.85 

A3_5 0.75 0.78 0.87  A4_5 0.76 0.81 0.93 

         

A5_1 0.75 0.79 0.83    

A5_2 0.77 0.83 0.87    

A5_3 0.75 0.88 0.90    

A5_4 0.75 0.81 0.87    

A5 5 0.77 0.80 0.85    
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Figure 4-8: Performance of each variable in different feature groups concerning the contribution of each variable to overall accuracy per treatment. 
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Figure 4-9: Classified maps for high overall accuracy ratios. 

4.4.4 Crop classification with combined variables 

Further analysis was performed by testing a combination of morphological operations and 

texture-feature groups. These feature groups were selected because they showed a high overall 

accuracy compared to the spectral group. As shown in Table 4-6, the integration of the 

morphological operations and texture feature groups significantly improved the overall 

classification accuracy. Using this approach, it was observed that Gaussian (Sigma = 3 and 7) 

and closing operations were the most important features for crop classification, with overall 
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accuracy ranging between 0.79 and 0.93. Surprisingly, a relatively lower classification 

accuracy (0.79) was obtained when classifying maize in monocultures than in mixtures of 

maize and soybeans.  

Table 4-6: Overall accuracy of combined input features (bold and underlined numbers 

represent the best results per treatment). 

 Ratio Text + Morph All_Combined   Ratio Text + Morph All_Combined 

A1_1 0.81 0.79  A2_1 0.81 0.79 

A1_2 0.86 0.84  A2_2 0.85 0.84 

A1_3 0.91 0.91  A2_3 0.83 0.81 

A1_4 0.81 0.79  A2_4 0.80 0.79 

A1_5 0.78 0.77  A2_5 0.79 0.78 

       

A3_1 0.81 0.79  A4_1 0.84 0.83 

A3_2 0.82 0.80  A4_2 0.86 0.85 

A3_3 0.85 0.83  A4_3 0.84 0.83 

A3_4 0.82 0.80  A4_4 0.83 0.82 

A3_5 0.83 0.81  A4_5 0.86 0.86 

       

A5_1 0.83 0.81 Where 

A5_2 0.86 0.85              Text is texture 

A5_3 0.93 0.91               Morph is morphology 

A5_4 0.87 0.84     

A5_5 0.84 0.83     

 

The combination of morphological, textural, and spectral features reduces the overall 

performance of the classification model. The All_Combined feature groups had the lowest and 

highest classification accuracy in the maize treatment (ranging from 0.77 to 0.91). The top ten 

input features consisted of the texture (Gaussian with sigma 3 and 7, as well as Median with 

sigma 3) and morphological operations (closing and opening), as shown in Figure 4-10. The 

spectral features contributed the least to the performance of the classification model. 
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4.5 Discussion 

In this study, we assessed the discriminative capabilities of fine-scale resolution RGB images 

obtained from Unmanned Aerial Systems (UASs) in a mixed-cropping experimental setup. The 

high spatial resolution of these images facilitates the extraction of detailed features, encompassing 

subtle variations in brightness, colour, texture, shape, and structure. These features proved to be 

valuable indicators for distinguishing between different crop types and for detecting anomalies. 

Moreover, the high-resolution datasets enabled improved separation and differentiation of adjacent 

crops, even in fields characterised by high plant density or complex vegetation structures. 

 

The acquisition of high spatial- and temporal-resolution RGB images yielded geometrically 

accurate datasets, presenting an unprecedented opportunity to enhance crop discrimination in 

heterogeneous environments, which has historically posed a challenge (Stutsel et al., 2021). These 

datasets offer the advantage of timely and cloud-free data acquisition, opening up new possibilities 

for discriminating mixed crops using spectral, morphological, and textural features within a 

random forest classification framework (Ball & Wei, 2018; Nair et al., 2019). The results 

demonstrate high classification accuracy, indicating that the integration of texture and 

morphological variables within the random forest algorithm improved crop area estimation in these 

complex cropping environments, characterised by features with intricate spectral properties. 

 

Although high-spatial-resolution RGB images may have limitations in terms of spectral 

characteristics, the utilisation of shape, colour, and structural features outweighed their 

deficiencies, rendering these datasets particularly valuable in developing countries with limited 

financial resources (Mafuratidze et al., 2024; McCarthy et al., 2023; Mugala et al., 2020). The ease 

of acquisition and cloud-free nature of these datasets further contribute to their practical utility in 

a range of applications. The performance of the Random Forest classifier was consistent across all 

mixture treatments, demonstrating robustness in differentiating crops in heterogeneous plots. High 

overall accuracy, precision, recall, and F1-scores were maintained regardless of the maize-to-

soybean ratios, indicating that the ensemble approach effectively leverages spectral, texture, and 

morphological features. While minor misclassifications occurred between spectrally or structurally 
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Finally, we can deduce that the use of high-spatial-resolution RGB images offers a unique 

advantage in reducing the impact of cloud cover and highly geometrically accurate image datasets, 

enabling the accurate discrimination of mixed crops. By utilising these high-spatial-resolution 

RGB images from UASs, which provide valuable cues for texture analysis, there is an opportunity 

to improve the accuracy of crop classification by incorporating multiple types of features, 

particularly morphological and textural features. 

4.5.2 Evaluation of the separability of crops in a mixed cropping system 

Our study further tested the spectral separability of crops grown under different densities in 

monocultures and mixtures. Surprisingly, the results indicated that maximum spectral 

differentiation was obtained when the maize crop was interspersed with soybean at a ratio of 2:1 

(A4) or 2:2 (A5). The lowest separability was obtained at the ratio of 1:1 (A2). It is important to 

note that the initial hypothesis presumed that classifying mixed crops (with varied spectral 

responses) would be more challenging than classifying a single crop with a uniform spectral 

signature. However, this study demonstrated comparable or even superior performance in 

classifying mixed crops. This was also reported by Hall et al. (2018), who obtained an overall 

accuracy of 98% using a combination of NIR-GB and texture when classifying maize in complex 

smallholder farming systems. The higher classification accuracies in the mixed cropping systems 

might be a result of the observations of Senay et al. (2000). In their study, they noted that soybean 

leaves differ from maize leaves in that they are lighter and reflect more near-infrared energy, 

thereby offering distinct variations in colour, texture, and structure that are useful for crop 

discrimination. These results indicate the complexity of crop classification in heterogeneous 

agricultural landscapes. Nevertheless, the approach adopted here overcomes the complexity of 

spectrally differentiating crops in mixed cropping systems through the integration of 

morphological and textural variables within a random forest classification model, suggesting the 

robustness of the proposed approach.  

 

Interestingly, there was limited spectral separability between the soybean, shadow, and weed 

classes. The confusion between soybean, shadow, and weeds could be attributed to their similarity 

in colour, texture, and their similarity in spectral responses, which RGB images cannot adequately 

distinguish. This suggests that the number of plants in each crop type in the field can affect the 
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accuracy of crop classification. Although the approach adopted in this study demonstrates 

robustness in A4 and A5, it remains a challenge to distinguish between similar features, such as 

soybean plants, weeds, and shadows. In this context, it is worth investigating whether models 

based on segmentation patterns and features can overcome this potential weakness. Deep learning 

techniques have emerged as a promising solution for addressing these challenges, harnessing the 

power of neural networks to automatically learn complex relationships, capture intricate patterns, 

and extract relevant features from data.  

 

Although we found few studies that are directly related to our work, our findings complement 

other similar studies in the literature. Chew et al. (2020a) used RGB images and deep convolutional 

neural networks to identify important food crop types in Rwanda. Their study mainly focused on 

bananas, maize, and legumes and obtained an overall accuracy and F1-score of 0.86. However, 

they also experience challenges in discriminating legumes from other crops with a precision of 

0.57 and an F1-score of 0.49. Classifying certain crops consistently can be challenging. Sa et al. 

(2018) also found difficulties in distinguishing between crops and weeds because of the similarity 

in spectral responses. Similarly, Kawamura et al. (2021b) employed a combination of a simple 

linear iterative clustering algorithm and a random forest classifier to discriminate rice and weeds 

in Loas. Using colour space images (RGB, HSV, and L*a*b*), CHMs, texture images (spatial 

variety of the G-band), and vegetation index images (ExG, ExR, GRVI, and CIVE) as input 

variables to a simple linear iterative clustering algorithm and random forest classifier on RGB 

images, they obtained an overall accuracy of 0.915, as shown in Table 4-7. Although the 

combination of HSV and texture managed to discriminate rice from weeds, they found that rice 

and weeds showed similar green colours and improved accuracy; auxiliary information layers need 

to be developed.  
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Table 4-7: Random Forest classification confusion matrix for crop classification in A5 using 

the most important feature group. 

Class Bare soil Maize Shadow Soybean Weeds User Accuracy 

Bare soil 355 4 0 5 23 0.92 

Maize 23 253 0 5 15 0.85 

Shadow 1 0 76 106 2 0.41 

Soybean 8 1 3 3936 19 0.99 

Weeds 24 2 1 128 297 0.66 

Producer 

accuracy 0.86 0.97 0.95 0.94 0.83  

 

It is also important to note that, in our study, we employed RGB images for analysis and obtained 

satisfactory overall classification results, similar to other studies that used multispectral datasets 

(Chivasa et al., 2020; Hall et al., 2018; JA et al., 2020; Kilwenge et al., 2021; Peña et al., 2013a; 

Zhao et al., 2019). Various previous studies have used data from existing field setups, but our study 

used datasets from an experimental setup. 

 

Overall, our findings highlight the significance of utilising fine-scale resolution RGB images 

acquired from UASs for crop discrimination in mixed-cropping scenarios. The incorporation of 

texture and morphological features within a random forest classification framework is a promising 

approach for accurate crop area estimation, especially in heterogeneous environments 

characterised by complex spectral properties. Furthermore, selecting appropriate training samples 

and features is crucial for the accurate classification of mixed-cropping systems. This research 

contributes to the advancement of crop discrimination methodologies, particularly in regions with 

limited resources, and provides valuable insights for agricultural management and decision-

making processes. 

4.6 Conclusion and Future Directions 

The examination of high-spatial-resolution RGB images obtained from UAS for discriminating 

crops in mixed cropping systems was conducted in this research. The study presented a 

comprehensive evaluation of the spatial distribution of maize, soybeans, shadow, weed and bare 

soil within a mixed-cropping experimental setup. The findings underscore the complexity of 

classifying mixed crops, challenging the initial hypothesis that maize monocultures would be 
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easier to classify due to their homogeneity. Instead, the study found that the two-row maize versus 

two-row soybean treatment (A5) achieved the highest classification accuracy, precision, recall, 

and F1-score. This unexpected outcome highlights the intricacies involved in crop classification 

when dealing with mixed crop ratios. 

 

This study also sheds light on the significance of spectral, morphological, and textural data for 

crop discrimination. The analysis indicated that morphological characteristics extracted from high-

spatial-resolution RGB images consistently outperformed spectral and textural methods for crop 

discrimination using a random forest classifier. Integrating textural and morphological features 

achieved the highest classification accuracy. The inclusion of these methods into practical 

applications could revolutionise crop classification, offering a scalable and accessible solution for 

smallholder farmers and agricultural stakeholders. Overall, this study contributes to the 

improvement of crop discrimination techniques by utilising cost-effective high-spatial-resolution 

RGB images. 

4.3 Summary 

This chapter evaluated the capabilities of UAS-based RGB imagery for discriminating between 

maize and soybean across varying crop mix ratios. The study assessed classification performance 

using different combinations of spectral (12 features), morphological (3 features), and textural (3 

features) datasets. Morphological features were found to significantly outperform both spectral 

and textural features in differentiating features in a mixed cropping field. Moreover, combining 

morphological and textural features further enhanced classification accuracy, but the results were 

not significantly different from morphological alone. However, the analysis revealed limited 

spectral separability between soybean, shadow, and weed classes, highlighting a persistent 

challenge in RGB-based crop discrimination. Consequently, Chapter 5 builds upon these findings 

by focusing on the detection and removal of shadow effects to improve the accuracy of crop 

acreage estimation in mixed cropping systems. 
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CHAPTER 5 : REMOVING SHADOW EFFECTS 

This Chapter is based on: 

Mafuratidze, P., Mutanga, O., Masocha, M., Dube, T., & Sibanda, M. (2025). Enhancing target 

crop discrimination: a novel shadow detection technique for RGB datasets in mixed agricultural 

environments. Journal of Spatial Science, 1–16. https://doi.org/10.1080/14498596.2025.2544143 
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ABSTRACT 

RGB datasets are increasingly used by researchers who cannot afford state-of-the-art multispectral 

sensors to extract vital agricultural information. However, these datasets tend to be contaminated 

by shadows. The shadow effect is amplified in the smallholder farming sector, in which farmers 

often mix two or more crops in the same field. Because smallholder farmers constitute the majority 

of developing countries, developing robust techniques for shadow detection is crucial for 

discriminating target crops in such settings. In this study, a new hue-intensity-green-blue (HIGB) 

difference technique was developed. Its performance was evaluated against the C3 and Normalised 

Saturation-Value Difference index (NSVDI) models based on five metrics. The metrics were 

computed based on RGB datasets, in which maize and soybean mixtures were experimentally 

manipulated. The new technique was developed based on the differences between hue and 

intensity and the difference between the green and blue channels. The results indicate that the 

HIGB difference technique consistently outperformed both the C3 and NSVDI models across the 

five treatments. The HIGB difference technique achieved overall accuracies ranging from 77% to 

95% compared to 63% to 84% for NSVDI. The overall accuracy for C3 ranged from 69% to 81%. 

The results of four other performance metrics revealed a similar pattern. Even for treatments where 

shadows were either dark or obscured by other plants, the lowest overall accuracy achieved by 

HIGB was 77% compared to 69% and 63% for NSVDI and C3, respectively. Overall, these results 

demonstrate the superiority of the new HIGB difference technique for shadow detection. 

 

Keywords: Glycine max, cast shadow, crop discrimination, hue intensity, RGB imagery, 

unmanned aerial systems. 
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5.1 Introduction 

In recent years, high spatial-resolution RGB images acquired using unmanned aerial systems 

(UAS) have been thriving and prevailing in precision agriculture (Andritoiu et al., 2018; H. Feng 

et al., 2022; Hatfield et al., 2008; Hunt Jr et al., 2013; Ndlovu et al., 2021a). However, when used 

in mixed cropping systems, the datasets are affected by shadows. This is inevitable, especially in 

smallholder farms that normally practice mixed cropping systems. A mixed cropping system is a 

combination of two or more crops in a single field (Sa et al., 2018; Swain et al., 2007; Tikkiwal & 

Khandelwal, 2012). For example, cereal and legumes are the most popular crop mixtures in most 

developing countries. Normally, cereal crops are taller than legumes. Therefore, the taller plants 

will totally or partially occlude direct light and cast shadows on smaller, shorter legumes in mixed 

cropping systems.  

 

Shadows are classified into two classes: cast shadows, which refer to those shadows cast on the 

ground by high-rise objects, and self-shadows, which refer to the part of the object that is not 

illuminated (Huang et al., 2004; Ma et al., 2008; Polidório et al., 2003). In remote sensing, shadows 

are often regarded as a nuisance, especially in heterogeneous environments (e.g., mixed cropping 

systems), because you can underestimate or overestimate each constituent crop acreage. 

Additionally, shadows also change shape and exhibit false colour tones of features.  This is 

normally seen in dark vegetation pixels that may appear like a shaded region if there is low 

luminance. The presence of cast shadows and self-shadows on images disturb accurate crop 

discrimination during image analysis, thus severely affecting the quality and the accuracy of the 

results. Therefore, they cause partial or total loss of accurate and correct statistics in the constituent 

crop area through misclassification and wrong interpretation of surface information. Furthermore, 

the identification of targeted features and important vegetation properties (Agarwal et al., 2021) 

becomes a complex task. Hence, the development of suitable algorithms that can utilise high 

spatial-resolution RGB images to minimise the shadow effect without losing the integrity of the 

visual representation is necessary. 

 

The presence of shadows in an image requires the use of algorithms that can detect and remove 

shadows, which is an unavoidable task during pre-processing. It is a necessary step to remove 

shadows and restore the actual scenes in remote sensing before feature extraction in the final image 
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classification pipeline (Silva et al., 2018). Several studies have been conducted to investigate 

shadow detection and removal in remote sensing applications (Alvarado-Robles et al., 2021; 

Alvarado-Robles et al., 2021; Dharani & Sreenivasulu, 2019; Han et al., 2018; Mostafa & 

Abdelhafiz, 2017b; Pons & Padró, 2019; Prabhakar & Garg, 2022). It is widely known that colour 

properties are valid description tools that simplify the identification of visual interpretation tools 

in remote sensing. Eventually, the retrieval of colour characteristics from high spatial-resolution 

RGB images requires new methodologies that enhance shadow detection. The initial step for 

detecting shadows on an image is to identify dark pixels. Previous studies repeatedly categorised 

shadow detection approaches into two classes: model-based and property-based methods (Ge, 

2019; Jiang et al., 2019; M-Desa et al., 2022; Pons & Padró, 2019). However, Adeline et al. (2013) 

noted that shadow regions are normally detected using several algorithms that include model-

based, machine-learning, physics-based, and property-based methods.  

 

In general, the first two methods, model-based and machine-learning, rely on a priori information, 

while physics-based methods generally use material reflectance (Adeline et al., 2013; Zigh et al., 

2016). Furthermore, model-based methods' accuracy is directly limited by the accuracy of 3D 

geometric models and can be affected by geometrical mismatches during the registration of data 

types. This method is also invariant to material reflectance. Machine learning methods are 

specifically unsupervised methods, for example, K-means (Prabhakar & Garg, 2022), have the 

limitation of the initial choice of the number of classes in the scene, and supervised methods such 

as the support vector machine (Lorenzi et al., 2012) require reference samples to train the classifier, 

which may be scarcely available. Physics-based methods require knowledge of accurate metadata 

to apply atmospheric correction and deal with problems occurring during histogram thresholding. 

They also require additional information like scene location, sun and viewing angles, and aerosol 

abundance, which is often lacking (Adler-Golden et al., 2002; Richter & Müller, 2005). 

Considering all the above-mentioned drawbacks, the accuracy of the shadow identification process 

is an area that requires further inquiry. 

 

Fortunately, remotely sensed images show that shadow regions are represented by dark pixels, 

which is a unique characteristic (Gonzalez & Woods, 1992). An image's unique features or 

properties can be effectively exploited to differentiate it from other features (Tsai, 2006). Unlike 
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the first three algorithms, property-based methods do not require any a priori information. These 

methods consider shadow properties directly deduced from image characteristics, including both 

radiometric attributes with spectral features and textural attributes through spatial features. 

Property-based methods are categorised into four different classes, which include simple 

histogram thresholding, invariant colour models, classification, and object segmentation. As 

analysed above, it shows that property-based methods are versatile and adaptable to different data 

sets without the need for prior knowledge or assumptions and apply to single images. 

 

In the last few years, researchers have proposed various methods for detection and correcting for 

shadowing in high spatial-resolution RGB images using property-based methods. The early 

property-based method by Gevers and Smeulders (1997), focused on the application of colour 

theory in pattern recognition. The method utilised various colour features such as intensity, RGB, 

normalised colour, hue, and saturation for the development of new colour models. In their study, 

they found that colour features l1l2l3, C1C2C3 and RGB are appropriate for multi-coloured objects 

invariant to shadow. Also, Sarabandi et al. (2004) proposed the use of a non-linear transformation, 

third dimension C3, to identify shadow boundaries. Tsai (2006) further proposed several invariant 

colour spaces, including hue, saturation, and intensity (HIS), hue, saturation, and value (HSV), 

hue, chroma, and value (HCV), luma, in-phase, and quadrature (YIQ), and YCbCr models for 

shadow detection. The researcher compared the effectiveness of these colour features and found 

that HIS performed better than others in revealing details under shaded regions.  In addition, 

Azevedo et al. (2015) proposed a semi-automatic shadow detection methodology that combined 

the spectral indices normalised difference vegetation index (NDVI) and normalised saturation-

value difference index (NSDVI) based on colour space properties. 

 

According to different literature sources above, various shadow detection algorithms tend to 

differentiate shadow and non-shadow regions in areas that have features with clear chromaticity 

and luminance (such as very high chromaticity and very low luminance) gaps. Furthermore, these 

mainly focused on detecting shadow and non-shadow regions using satellite images (Mostafa & 

Abdelhafiz, 2017a). However, to the best of our knowledge, there are no shadow detection 

methods for very high spatial resolution RGB images done in mixed cropping systems. As noted 

in the literature, mixed crops have high variation and intensity values that cause a loss of 
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information on overall accuracy. For example, dark vegetation pixels are normally misclassified 

as shaded regions because of low luminance. As a result, it would be desirable to develop a shadow 

detection algorithm that will minimise the shadow effect based on analysing the spectral features 

of objects and improving the spatial distribution of neighbouring pixels. The objectives of this 

study were to: 1) assess the efficacy of image enhancement techniques using high spatial resolution 

RGB images; 2) enhance class separability; and 3) devise a robust method for shadow detection.   

5.2 Materials and Methods 

5.2.1 Steps for developing a new shadow detection technique based on HIS 

Using human interpretation of high-resolution RGB images to identify and find shadows is easy 

because the shadow itself is one of the fundamental elements of image interpretation. However, in 

the process of shadow identification for high spatial resolution RGB images, there are complexities 

which include edge vagueness, colour inconsistency, illumination variation, colour tone variation, 

and others which seriously affect the quality of classified images (Alvarado-Robles et al., 2021; 

Silva et al., 2018). Tsai (2006) noted that the luminance and chromaticity properties of shadows 

on high spatial-resolution RGB images can be used for de-shadowing. Furthermore, it has been 

observed that shadow areas are characterised by the following features: 

• Lower luminance (intensity) because the electromagnetic radiation from the sun is blocked 

in these regions (Tsai, 2006), 

• Higher saturation with short blue-violet wavelength due to the Rayleigh effect of 

atmospheric scattering (Polidório et al., 2003), and 

• Increased hue values, because the intensity change of a shaded area when compared to an 

unshaded area is proportional to the wavelength values (Huang et al., 2004). 

 

Considering the characteristics of shadows as mentioned above, the proposed approach’s main 

objective was to improve shadow detection using a variety of variant and invariant indications. 

Our main goal was to exploit the invariant colour components occurrence for the three primary 

channels in red, green, and blue in conjunction with colour-transformed hue and intensity to create 

shadow masks. Firstly, the authors started with pre-processing the input datasets by applying an 

enhancement technique to minimise the amplification of noise. Secondly, we analysed the 
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effectiveness of the existing colour space and extracted hue, intensity, green, and blue channels 

for the calculation of the proposed approach. Thirdly, the calculated index was normalised to range 

between 0 and 255. Fourth, we applied thresholding to obtain a binary mask using Otsu's 

thresholding method and applied a morphological opening process to the processed image to obtain 

the binary shadow mask. In this way, we reduced the influence of the small shadows formed by 

soybeans. To achieve our main goal, the proposed approach for shadow detection had different 

steps divided into three as follows;  

1) Input data and pre-processing, 

2) Colour space transformation, 

3) Index normalisation, and  

4) Post-processing. 

 

The proposed approach is summarised as shown in Figure 5-1.  

 

Figure 5-1: Flowchart of the proposed approach. 

5.2.1.1 Input data and preprocessing 

Input data: The datasets used were obtained from five high spatial-resolution RGB images 

captured by a DJI Matrice 300 mounted with a Zenmuse (ZH20T) camera. The datasets were 

captured at an altitude of 90 m above ground level between 10:30 a.m. and 1:30 p.m. local time. 

The UAS datasets were acquired on the 12th of March 2022, 48 days after planting during maize’s 
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last vegetative stage (tassel emergence). At this stage, maize exhibits distinct spectral and 

structural characteristics, including fully developed leaves and tassels, which improve separability 

from soybean and background features. Collecting data at 48 DAP maximises the accuracy of crop 

classification while minimising spectral confusion from soil background or overlapping early 

growth stages. The five areas of interest (study plots) have different crop mixtures (Figure 5-2a), 

where A1 (1346 x 1039 pixels) is a sole maize area, A2 (1268 x 1103 pixels) is a mixture of one-

row maize and one row of soybean, A3 (1358 x 1063 pixels) is a mixture of one row of maize and 

two rows soybean, A4 (1258 x 1084 pixels) is two rows of maize and one row of soybean, and A5 

(2069 x 1168 pixels) is a mixture of two rows for both maize and soybean. Each treatment was 

replicated 5 times, and treatments were allocated to plots randomly. Note that the results presented 

in this work were based on one randomly selected RGB dataset for each treatment. 

 

Pre-processing: To maintain the characteristics of local regions while also improving the visual 

quality of high spatial-resolution RGB images in mixed cropping systems, it is better to employ a 

local contrast enhancement technique known as contrast-limited adaptive histogram equalisation 

(CLAHE)(Pizer et al., 1990). The application of this method will avoid the over-enhancement of 

the homogeneous regions and provide better contrast enhancement in detailed regions.  The 

CLAHE is a spatial domain-based method based on maximising entropy and limiting contrast, 

which is used to optimise input images (Qassim et al., 2019). Using CLAHE, it divides the input 

image into several non-overlapping grids of rectangular contextual sub-blocks of equal size. Thus, 

the initial step in achieving the desired clip limit is capturing every sub-block histogram. These 

blocks are used as the smallest processing unit, preserving and maintaining homogeneous 

characteristics. In addition, bilinear interpolation between mapping functions adjacent to blocks is 

performed to avoid the appearance of block artefacts. 

 

To quantitatively assess image quality and performance on the enhancement algorithms, various 

metrics such as entropy, mean and root mean square (RMS) contrast were tested. RMS is the most 

widely used standard model to quantitatively differentiate the detailedness of an image (Velichko 

et al., 2022). It also predicts human contrast detection thresholds for natural scenes. Larger RMS 

represents better image contrast and is computed as follows; 
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RMS = √
1

∑ 𝑊𝑖
𝑁
𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1

(𝐿𝑖−𝐿)2

𝐿2
     [1] 

 

with 

 L =  
1

∑ 𝑊𝑖
𝑁
𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1 𝐿𝑖 

 

where N is the total number of pixels in the patch,  𝑊𝑖 is the weight of the raised cosine windowing 

function at the ith pixel, and 𝐿𝑖is the luminance of the ith pixel. Another quantitative evaluation 

metric is entropy, and it involves the application of statistical metrics to successfully determine 

the amount of information that an image contains (Qassim et al., 2019). Entropy is calculated as 

follows; 

 

 Entropy (l) = − ∑ 𝑝𝑘
𝑛−1
𝑘=0 log2 𝑝𝑘     [2] 

 

where l is the original image,𝑝𝑘is the probability of occurrence of the value k in the image l, and 

n indicates the number of diverse grey levels. 
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Figure 5-2: Input RGB images for the proposed model, (a) Original RGB images, (b) 

histogram of the input image, and (c) manually annotated ground truth data showing shadow 

(white) and non-shadow (black) regions. 

5.2.1.2 Selection of spectral properties for Shadow detection (colour space 

transformation) 

The common appearance of shadows on high spatial-resolution RGB images is typically 

characterised by darker regions than the visual field in which they are situated. Furthermore, their 

pixel values are generally low in all RGB channels. Nonetheless, the fact that the shadows are 

simply correlated with the darkness is limited, as any lightless object can produce a shadow, 

resulting in an inaccurate binary shadow mask. Accordingly, for the proposed approach to work, 

we used the following steps; 

1) Image colour transformation from the RGB model into the photometric invariant HSI 

colour space, to separate colour from intensity information, 

2) Separation and selection of appropriate bands from R, G, B, H, S, and I, 

3) Development of a shadow detection index using the combination of HSI and RGB channels 

to exploit the fact that shadows have larger hue values and are more prevalent and exposed 

in green and blue channels, 

4)  Normalisation, and 

5) Thresholding. 

 

The use of hue, saturation and intensity colour space is motivated by previous work, for example, 

Gettinger (2015) and Silva et al. (2018) noted that in shadow detection, single images can be used 

for detecting shadows and non-shadow regions.  They also noted that using RGB pixel values in 
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greyscale did not produce the desired overall accuracy. Furthermore, extracting important shadow 

regions using single-band information may lead to false categorisation of image pixels.  Hence, 

using other information available in different bands from high spatial-resolution RGB images is 

useful for increasing the segmentation’s overall accuracy as observed by Sarabandi et al. (2004) 

and Tsai (2006). Generating an illumination-invariant image could provide useful information on 

the shadow areas. As part of the work presented in this study, a combination of RGB bands and 

HIS colour space is used to detect shadows based on hue (H), intensity(I), green(G), and blue(B) 

channels.  

 

The principle of the proposed algorithm is based on the identification of two features, namely 

shadow and vegetation pixels. Prabhakar and Garg (2022) noted that the original image’s pixels in 

shadow regions have higher values as compared to non-shadow regions when using a hue (larger 

hue values) to intensity (low luminance) ratio, which heightens the hue attribute of shadows with 

low intensity. As such, the difference between H and I (H-I) aim to highlight pixels where the 

intensity is reduced without a significant change in hue, which will highlight potential shadow 

regions. This colour space provides better separation between chromaticity and intensity and 

highlights the presence of shadows than the RGB model on its own. Shadow regions are identified 

by a larger difference between hue and intensity (H-I). Also, RGB bands struggle to highlight the 

presence of shadows on their own; however, Mostafa and Abdelhafiz (2017a) observed that 

subtracting blue from green channels results in lower values for shadow pixels, while vegetation 

pixels have large differences between the two bands. The construction principle of HIGB is based 

on indicating shadows with higher values due to high differences between hue and intensity (H–

I), while there is a small difference between green and blue (G-B) due to the reduced green 

reflectance. On the contrary, areas with healthy vegetation might have lower HIGB values due to 

a smaller difference between H and I and potentially a higher difference between green and blue 

channels. 

 

This study proposed a new technique for shadow detection based on the green and blue bands from 

the RGB model and hue and intensity from HIS colour space of a high spatial resolution RGB 

image. Formally, the new technique is:  
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 HIGB = (H – I) – (G – B)    [3] 

where H is the hue component, I is the intensity, and G and B represent the green and blue channels 

of the image, respectively. The computation proceeds as follows: 

i) Hue (H) is derived from the RGB channels using: 

where H = {
𝜃               𝑖𝑓 𝐺 ≥ 𝐵

360° − 𝜃  𝑖𝑓 𝐺 < 𝐵 
    [4] 

 

with θ calculated as:  

 𝜃 = cos−1 {
1

2
[(𝑅−𝐺)+(𝑅−𝐵)]

[(𝑅−𝐺)2+(𝑅−𝐵)(𝐺−𝐵)]
1

2⁄
} [5] 

and  

ii) Intensity (I) derived from:  

 

I = 
(𝑅+𝐺+𝐵)

3
      [6] 

iii) Green-Blue Difference (G – B): The equation captures the relative dominance of green over 

blue, emphasising vegetation reflectance characteristics. 

iv) HIGB Index Computation: is computed by combining the hue and intensity components 

with the green-blue difference as shown in the main formula. 

For comparison purposes, the HIGB index result was normalised to the range of values in [0, 1] 

intervals. Furthermore, the Otsu method proposed by Otsu (1979) is an important model for 

determining the threshold of binary shadow. It is a threshold determination method, also known 

as the one which maximises the between-class variance of the two histogram classes and separates 

the image into two parts, background, and foreground. For the proposed method, a binary shadow 

mask was obtained using the Otsu method, which extracts the threshold of shadow segmentation 

automatically. 

5.2.1.3 Post-processing 

After the thresholding process, the binary shadow mask may be characterised by a “salt and 

pepper” effect that looks like small gaps due to the misclassification of shadow pixels. Gonzalez 
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and Woods (1992) proposed the use of morphological operations like Opening and Closing to 

eliminate such small gaps. However, the selection of morphological filters to solve this problem 

is based on their effectiveness. Hence, for this study, we proposed the use of the morphological 

Opening operation with a kernel of a 3×3 structuring element to avoid the generation of distorted 

structures as proposed by Wang et al. (2021). 

5.3 Image Evaluation 

5.3.1 Qualitative evaluation of the HIGB difference technique 

To verify the performance and effectiveness of the HIGB difference technique, both qualitative 

and quantitative measures were used. Specifically, the HIGB difference technique was compared 

to two widely extensively used shadow detection models, that is, the C3 model from the colour 

model (C1C2C3) constructed by Sarabandi et al. (2004) and the normalised saturation-value 

difference index (NSVDI) developed by Ma et al. (2008). The important aspect of these models is 

that they are pixel-based methods and output binary shadow masks. The HIGB, C3 and NSVDI 

were separately applied to five RGB datasets comprising maize and soybean (Glycine max) mixed 

at varying ratios with patches of bare soil, weeds and shadows. To achieve an unbiased 

comparison, the ground reference shadow image was obtained by manually creating and 

annotating shadow areas using selection tools in V7 Darwin (https://darwin.v7labs.com).  

5.3.2 Quantitative evaluation of the HIGB difference technique 

The ground reference shadows, generated through manual interpretations, were employed for 

accuracy assessment. The error matrix method was used for objective evaluation. As such, 

evaluation metrics such as user's accuracy (UA), producer’s accuracy, also known as true positive 

rate (TPR), specificity, also known as true negative rate (TNR), F1_score (FS) and overall 

accuracy (OA) were computed at pixel level using the following formulas; 

 

TPR = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
    [7] 

 

UA= 
𝑇𝑃

𝑇𝑃+𝐹𝑃
     [8] 
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OA = 
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
   [9] 

  

TNR = 
𝑇𝑁

𝑇𝑁+𝐹𝑃
    [10] 

FS = 2 
𝑇𝑃𝑅∗𝑈𝐴

𝑇𝑃𝑅+𝑈𝐴
    [11] 

 

where: TP, TN, FP, and FN are true positive, true negative, false positive, and false negative, 

respectively. TP is the number of shadow pixels correctly identified, TN is the number of non-

shadow pixels correctly identified, FP is the number of non-shadow pixels incorrectly identified, 

and FN is the number of shadow pixels incorrectly identified. As a result, the true positive rate 

shows the probability of the method accurately identifying a pixel as a shadow among the true 

shadow pixels. On the other hand, specificity provides the probability of the method accurately 

labelling a pixel as non-shadow among the actual non-shadow pixels. Consequently, higher values 

for these two measures, as well as the FS score, indicate improved prediction. 

5.4 Results 

5.4.1 Image enhancement for shadow detection  

Figure 5-3 presents the results of image enhancement compared against the original images. It can 

be observed that while the image enhanced using ordinary thresholding appears to resemble the 

features in the original image, the technique struggled to identify cast and self-shadows across the 

five treatments. If one zooms in on the image, it is apparent that ordinary thresholding works better 

in relatively homogeneous sub-areas of the image with less intensity. When image enhancement 

was performed using CLAHE, this technique was able to identify shadows regardless of the degree 

of crop mixing. For example, treatments A2, A3 and A5 have high crop density resulting in huge 

canopy differences. Despite this, CLAHE proved useful for discriminating target features from 

shadows. An interesting aspect of images enhanced using CLAHE is that they do not look ‘perfect’ 

when evaluated against the perception of the human eye. The images appear over-enhanced, 

especially in the homogeneous regions, as reflected in the A1 and A4 treatments. Results in Table 
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5-1 confirm that CLAHE enhanced all the images for the five treatments, resulting in higher values 

for both entropy and root mean square (RMS) compared to ordinary thresholding. The RMS values 

for CLAHE ranged from 1.628 to 1.677, while those for ordinary thresholding ranged from 1.482 

to 1.610.  

Table 5-1: Quantitative metrics of Ordinary Threshold and CLAHE algorithms for 

enhancing RGB images acquired over five crop mixing treatments. 

 Ordinary Threshold CLAHE 

Treatment Entropy RMS Mean Entropy RMS Mean 

A1 2.31 1.521 138.99 2.54 1.645 130.3 

A2 2.34 1.579 150.29 2.55 1.646 128.5 

A3 2.42 1.610 141. 90 2.59 1.677 125.9 

A4 2.26 1.482 134.99 2.53 1.628 126.5 

A5 2.33 1.517 132.07 2.56 1.651 127.6 

RMS = root mean square, CLAHE = contrast-limited adaptive histogram equalisation. A1 is a sole 

maize (control) plot, A2 is one-row maize and one row of soybean grown in the same plot, A3 is 

a mixture of one row of maize and two rows of soybean, A4 is two rows of maize and one row of 

soybean, and A5 is a mixture of two rows for both maize and soybean. 

Treatm
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Figure 5-3: Comparison of ordinary thresholding and CLAHE images showing shadow 

(white) and non-shadow (black) regions in enhanced RGB images for five plots with maize 

and soya mixed at different ratios. 
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5.4.2 Qualitative analysis of shadow detection results of the proposed model  

Figure 5-4 presents shadow detection results of the HIGB difference technique, the C3, and the 

NSVDI methods applied on the original RGB image for the five crop treatments. The detected 

shadows were compared to a manually created ground reference dataset of shadows. 

Comparatively, the HIGB difference technique detected shadows better than either of the two 

methods. This result was consistent across the five crop treatments. 
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Figure 5-4: The shadow detection results of the new HIGB difference technique, the C3 

model, and the NSVDI index when applied to five RGB datasets consisting of maize and soya 

mixed at different ratios. The original RGB datasets and manually delineated shadows are 

presented for ease of comparison. Shadows are white and non-shadows are black. 

5.4.3 Quantitative analysis of the proposed approach 

The study compared the results of the proposed methodology with those of conventional 

methodology. Given that our proposed approach utilises data from HSI and colour components, it 

becomes important to assess quantitatively the extent of their contributions to the achieved results. 

The accuracy assessment of shadow extraction for each index across different crop mixtures is 

presented in Table 5-2. The NSVDI index produced reasonable results of 0.83 and 0.84 with 

treatments A1 and A5, respectively. This was followed by treatments A3 and A4 with an overall 

accuracy of 0.76 and 0.82, respectively, while at treatment A2, the accuracy decreased to 0.63, 

mainly due to high crop density causing darkness of vegetation pixels. The C3 model produced 

high overall accuracy in treatments A1 and A4 of 0.77 and 0.81, respectively. The OA decreased 

to 0.74 and 0.71 for treatments A3 and A2, respectively, followed by the lowest on A5 with 0.69. 
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Table 5-2: Error matrix for the HIGB index, C3 and NSVDI models applied on five RGB 

datasets acquired by a UAS in mixed settings. 

 HIGB C3 NSVDI 

Crop mixture TPR UA TNR OA FS TPR UA TNR OA FS TPR UA TNR OA FS 

Sole maize (A1) 0.95 0.93 0.95 0.95 0.93 0.76 0.74 0.70 0.77 0.76 0.83 0.83 0.81 0.83 0.81 

One row of 

maize vs. one 

row of soybean 

(A2) 

0.77 0.71 0.77 0.77 0.74 0.70 0.69 0.68 0.71 0.65 0.63 0.62 0.60 0.63 0.59 

One row of 

maize vs. two 

rows of soybean 

(A3) 

0.80 0.63 0.81 0.81 0.71 0.75 0.71 0.72 0.74 0.73 0.76 0.76 0.73 0.76 0.74 

Two rows of 

maize vs. one 

row of soybean 

(A4) 

0.89 0.71 0.84 0.86 0.79 0.81 0.79 0.78 0.81 0.78 0.82 0.70 0.79 0.82 0.81 

Two rows of 

maize vs. two 

rows of soybean 

(A5) 

0.84 0.73 0.84 0.84 0.82 0.79 0.77 0.66 0.69 0.44 0.84 0.82 0.83 0.84 0.79 

Where HIGB = hue, intensity, green, and blue difference index, TPR = true positive rate, 

UA = user’s accuracy, TNR = true negative rate, OA = overall accuracy, FS = F1 score, and 

NSVDI = normalised saturation-value difference index. 

 

A careful examination of the results demonstrates that the proposed HIGB difference technique 

achieved higher overall accuracies than the two widely used shadow detection methods. Even 

though some treatments, such as A2, A3, and A4, had a high crop density with more dark 

vegetation pixels, the HIGB was stable and achieved TPR ranging from 0.71 to 0.79. The results 

demonstrate the effectiveness of the proposed method, achieving an overall average accuracy of 

0.85 across all treatments. These results are particularly promising, especially within the context 
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of the intricate and diverse treatments examined, reflecting the complexity of the heterogeneous 

environment under consideration, as shown in Table 5-3. 

Table 5-3: Comparison of the average overall accuracy performance of our proposed 

approach with two state-of-the-art techniques. 

Technique/method TPR UA TNR OA FS 

HIGB 0.850 0.742 0.842 0.846 0.798 

NSVDI 0.776 0.746 0.752 0.776 0.748 

C3 0.762 0.740 0.708 0.744 0.672 

Where TPR = true positive rate, UA = user’s accuracy, TNR = true negative rate, OA = 

overall accuracy, FS = F1 score, and NSVDI = normalised saturation-value difference index. 

5.5 Discussion 

This study successfully developed and tested a new technique for shadow detection on RGB 

datasets, demonstrating its applicability for discriminating target crops in heterogeneous 

agricultural settings. Comparison with two other start-of-the-art shadow detection methods 

revealed that the HIGB difference technique can efficiently and accurately detect shadows in a 

variety of crop mixtures. For example, in instances where the shadows were dark or obscured by 

other objects, the HIGB difference technique outperformed both the C3 and the NSVDI methods. 

 

An important aspect of the comparison is that the widely used NSVDI was unable to detect 

shadows cast by maize plants as well as artificially coloured soybean pixels. This result is shown 

in Figure 5-5. As a result of this inability, most of the pixels that are non-shadow were mistakenly 

detected as shadow pixels in treatments A2, A3, and A4 by this method. To our knowledge, this is 

the first time this result has been reported. The observed limitation likely arises from the nature of 

the HSI colour space, where an issue arises that when the pixel values of the Red (R), Green (G), 

and Blue (B) channels are equal, the denominator in the HSI model becomes zero. This situation 

leads to the generation of invalid values within the HSI space (Kawamura et al., 2021). Equally, 

the C3 method is susceptible to the impact of high crop density, causing it to mistakenly label dark 

green pixels within shadowed regions as non-shadow pixels. This leads to inaccurate shadow 

detection results, affecting the overall effectiveness of the algorithm. This pattern of results in this 

study is consistent with the previous study by Azevedo et al. (2015), who found that NSVDI had 

difficulty detecting shadows in vegetation due to similar behaviour in saturation and value 
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components. Mostafa and Abdelhafiz (2017) also supported this and compared C3*, NSVDI, and 

their proposed shadow detector index. In their study, the NSVDI index showed difficulty 

separating vegetation and shadow pixels. This observation by Mostafa and Abdelhafiz (2017) 

agrees with current results. Taken together, the findings imply that in areas with mixed vegetation, 

the accuracy of the NSVDI index tends to decrease, resulting in these vegetation pixels being 

misclassified as shadows. This is because the value of NSVDI for vegetation pixels approximates 

zero, causing instability in the approach based on the darkness degree of these pixels.  

 

A similar shortcoming was observed for the C3 method, that is, it is sensitive to shadow (Arévalo 

et al., 2008) which can lead to the misclassification of non-shadow pixels as shadows due to their 

instability in discerning certain colour values. This instability can result in inaccurate shadow 

detection. They also noted that some of the surface features with high-intensity values can be easily 

detected as shadows, leading to further misclassification.   
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Figure 5-5: Misclassified shadows in different crop mixtures: (a) the original RGB image, (b) 

the HIGB index, (c) the C3 model, (d) the NSVDI index showing shadow (white) and non-

shadow (black) regions. 

By contrast, the results of the newly developed HIGB difference technique illustrate the 

respectable reliability of shadow detection across all five treatments, as shown in Figure 5-5. 

Notably, the proposed method demonstrated stability even in scenarios with high crop density and 

dark vegetation pixels, where other methods might struggle due to increased darkness caused by 

other crop shadows (maize shadows on top of soybean plants). The HIGB difference technique 

maintained a high overall accuracy ranging from 0.77 to 0.95, even in such cases. This underscores 

its robustness. The effectiveness of the new HIGB difference technique is further indicated by the 

fact that it achieved an average overall accuracy of 0.85 across all five treatments compared to 

0.74 and 0.78 for C3 and NSVDI, respectively.  

 

This achievement is noteworthy given the complex and diverse treatment scenarios, reflecting the 

model's capacity to handle the challenges posed by heterogeneous environments. This was also 

supported by Arévalo et al. (2008), who found that the C3 model tends to be quite noisy, leading 

to misclassification of shadow pixels as non-shadow pixels and inaccuracies in shadow boundaries. 

It also becomes unstable for low saturation values, causing the misclassification of non-shadow 

pixels as shadow pixels. Additionally, colours close to blue are often wrongly detected as shadows. 

Furthermore, while Sarabandi et al. (2004) and Ma et al. (2008) methods have demonstrated 

satisfactory outcomes in eliminating basic shadows within their specific datasets, they prove to be 

less suitable for addressing shadow detection challenges in high spatial-resolution RGB images 

characterised by multiple shadows in complex and heterogeneous environments. The complexities 
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introduced by complex and heterogeneous environments tend to limit the efficacy of these methods 

in achieving accurate and comprehensive shadow detection.  

 

The complete assessment of the proposed shadow detection approach revealed its robustness, 

adaptability, and superior performance compared to traditional methods. The experimental nature 

of this study, in which two crops with different growth habits and canopy characteristics, that is, 

maize (a cereal with an erect habit) and soybean (a short legume with a spread-out canopy), were 

grown under a controlled mixing regime, made it possible to test the efficiency of the new model. 

The proposed approach makes the detection of shadows in complex heterogeneous environments 

much easier. Furthermore, comparing HIGB against the traditional models has shown that our 

proposed model achieved the highest accuracy as the degree of crop mixture increases.  

 

Regarding image enhancement before shadow detection, results have shown that image 

enhancement using the CLAHE algorithm improves complementary information about the image's 

distribution of pixel values and variations in intensity. As shown in Figure 5-5, high values for 

both entropy and RMS contrast showed that there is a wide range of pixel values and significant 

variations in intensity, which demonstrate that CLAHE can expose images with complex patterns 

and textures. As such, it is observed that treatment A3 (one row of maize vs. two rows of soybean) 

and A5 (two rows of maize vs. two rows of soybean) have more variation in intensity and have a 

wide range of pixel values as compared to A4 (two rows of maize vs. one row of soybean) and A1 

(one row of maize vs. one row of soybean). The purpose of this investigation is to propose an 

innovative approach for shadow detection and extraction suitable for a single high spatial RGB 

image with multiple shadows and complex surfaces in mixed cropping systems.  

 

Despite the success demonstrated by the proposed approach, there are some limitations, such as 

the fact that the proposed model was only tested on five different crop mixtures with varying land 

cover. Furthermore, the applicability of the HIGB index in other scenarios can be influenced by 

weather conditions, illumination conditions, camera pitch angle, sensor characteristics, and crop 

type, since it relies on raw RGB values. Also, high correlation between RGB channels in maize 

and soybean crop canopies can limit discrimination power. Thus, future research needs to assess 

the applicability of this new technique for remotely sensed datasets with higher spectral and 
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radiometric resolutions since the RGB images used are optimised only for high spatial resolution. 

Furthermore, while the HIGB index demonstrated significant success in crop discrimination, we 

acknowledge limitations (such as illumination normalisation, sensor integration and fusion, edge 

computing and model optimisation as well as generalisation on larger datasets) that point toward 

necessary future research, particularly for automation of shadow and real-time applications. 

5.6 Conclusion 

A new technique for shadow detection based on the HIS was developed and tested in a mixed crop 

setting at an experimental station in a subtropical climate in Zimbabwe. This new HIGB difference 

technique was applied to RGB datasets, and its performance was evaluated against two state-of-

the-art shadows developed specifically to detect cast and self-shadows on images. The quantitative 

analysis revealed that the proposed model surpasses the C3 model and NSVDI indices in terms of 

all evaluation metrics, including overall accuracy, user's accuracy, true positive rate, true negative 

rate, and F1 score. The proposed model obtained an average OA of 0.85 across all treatments, 

which is significantly higher than the OAs of 0.77 and 0.83 achieved by the C3 model and the 

NSVDI indices, respectively. This technique contributes to a suite of methods capable of dealing 

with the issue of shadows in RGB imagery. This potentially leads to better crop discrimination 

outcomes compared to existing techniques. 

5.7 Summary 

This chapter proposed a novel algorithm for shadow detection and removal. The method aims to 

enhance shadow detection by utilising invariant and variant indicators, specifically by exploiting 

colour components and transforming hue and intensity channels to generate more accurate 

shadow masks. Quantitative analysis demonstrated that the proposed HIGB difference technique 

outperformed the C3 model and NSVDI indices across all evaluation metrics, including overall 

accuracy, user's accuracy, true positive rate, true negative rate, and F1 score. In contrast, the 

proposed LIRB method worked in most parts of shadow areas; however, it exhibited limited 

effectiveness for low spectral resolution images, with persistent fuzziness, particularly in areas of 

dense shadow pixels, such as those associated with soybean crops, thereby increasing the 

likelihood of misclassification. To address these limitations, a region-based approach is 

recommended to mitigate misclassification errors, as it incorporates contextual information from 
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neighbouring pixels. The availability of region-based segmentation algorithms, such as SLIC, 

along with textural and morphological feature extraction techniques, provides a robust foundation 

for implementing advanced machine learning classifiers, including Random Forest (RF) and 

Extreme Gradient Boosting (XGBoost). The next chapter will explore integrating region-based 

segmentation methods with machine learning classifiers to assess the potential benefits of 

combining multiple diverse datasets for improved crop classification accuracy. 
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CHAPTER 6 : DEVELOPMENT OF A HYBRID APPROACH FOR CROP 

DISCRIMINATION 

This Chapter is based on: 

 

Mafuratidze, P., Mutanga, O., and Masocha, M. (in review). Improving Mixed-Crop 

Classification in Heterogeneous Agricultural Landscapes by Leveraging Multi-Feature 

Integration, ISPRS Journal of Photogrammetry and Remote Sensing. (Manuscript Number: 

PHOTO-D-25-00616)  
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ABSTRACT 

Heterogeneous agricultural landscapes pose a challenge for accurate crop discrimination. This 

problem is common, especially in developing regions where mixed-cropping systems are 

prevalent. The spectral and structural complexity of mixed-crop systems frequently presents 

challenges for conventional remote sensing techniques, leading to misclassification of crops with 

overlapping phenological cycles. To deal with these problems, this study used a novel hybrid 

approach that integrates region-based segmentation and pixel-based classification. This method 

integrates simple linear iterative clustering (SLIC) superpixels with texture and structural features, 

combining multiple characteristics to boost overall classification accuracy. The researchers then 

employed these features to train Random Forest (RF) and Extreme Gradient Boosting (XGBoost) 

classifiers. Experimental results demonstrated reasonable detection accuracy, with precision, recall 

and F1-scores exceeding 0.98 for both RF and XGBoost. In terms of feature contribution, mean 

intensity and standard deviation features derived from SLIC were found to have the greatest 

influence, followed by textural and morphological traits. Error rates decreased from 8% with 

SLIC-derived features alone to 1% when various features were integrated. Results of this study 

recommend the integration of multi-feature and machine learning classifiers to enable scalable 

high-resolution crop mapping. These results confirmed the benefits of employing such a robust 

solution for precision agriculture, especially in resource-constrained agricultural systems and 

heterogeneous landscapes. 

 

Keywords: SLIC; multi-feature, machine learning classifiers, feature combination, mixed cropping 

systems 
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6.1 Introduction 

Estimating the type of crops and their spatial distribution in heterogeneous agricultural landscapes 

is critical for precision agriculture, enabling efficient resource management and improved yield 

estimation for food security. These heterogeneous agricultural landscapes, popularly termed agro-

ecological systems, are prevalent in developing regions as a sustainable alternative to 

monocropping. Recent studies, such as those by Ouko et al. (2024) highlighted that agro-ecology 

is growing role in addressing food system sustainability, particularly in developing regions, where 

smallholder farming dominates. However, over 80% of farmers in developing regions rely on 

rainfed agriculture (Richard et al., 2017), leaving crops vulnerable to climate variability and 

hindering resilience. To mitigate this, governments and different organisations are increasingly 

encouraging and adopting climate-smart agriculture approaches, including crop diversification 

through mixed and intercropping systems (FAO, 2017; Honrado et al., 2017; Mafuratidze et al., 

2024; Maurice et al., 2015; Persello et al., 2019; Richard et al., 2017) on smallholder farms. Yet, 

the success of these strategies depends on accurate, scalable methods to map crop types in 

fragmented, mixed-crop landscapes, which is a challenge unresolved by existing approaches. 

Satellite-based cropland mapping has been extensively utilised for yield estimation globally 

(Hegarty-Craver et al., 2020; Khan et al., 2021; Löw et al., 2018; Zhang et al., 2021). However, 

detailed and current information regarding the actual crop type and its spatial distribution in a 

mixed cropping system remains limited. In practice, information on crop type and spatial 

distribution is primarily updated manually by farmers and agricultural officers through field 

surveys and local reporting systems. While these traditional methods are accurate, they are 

constrained by long data acquisition times and high costs, rendering them less practical for 

fragmented landscapes. Furthermore, these methods are labour-intensive and time-consuming. 

Their limited spatial coverage makes them impractical for fragmented landscapes with complex 

crop mixtures. 

In contrast to monocropping, mixed cropping systems involve cultivation of multiple crop species 

within a single field, resulting in spectral and structural complexity due to similar development 

cycles and crop phenology, which presents challenges to traditional classification methods (Arafat 

et al., 2013; Gerstmann et al., 2016; Shao et al., 2021). For instance, crops with overlapping 
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phenological cycles or similar spectral profiles, such as maize and sorghum, are frequently 

misclassified (Champagne, 2019; Chew et al., 2020a; Forkuor et al., 2014; Peña et al., 2013a). 

Advances in unmanned aerial systems (UAS) and computational algorithms now enable high-

resolution crop mapping, but their potential in heterogeneous landscapes remains under-exploited 

(Li et al., 2019; Michez et al., 2018; Psirofonia et al., 2017). Crop mapping approaches integrate 

various classes, taking into account the complex characteristics of the mixed crop system, which 

pose challenges for accurately identifying crop types and determining their spatial extent. 

Several researchers have investigated the use of crop spectral features and have indicated that they 

could contribute to the improvement in overall classification accuracy (Bosilj et al., 2018; Hebbar 

et al., 2014; Lottes et al., 2017b). Effective crop discrimination should involve three key steps: (1) 

reducing spectral confusion by masking non-vegetation pixels and isolating crop-specific signals 

(Lottes et al., 2017b), (2) identifying discriminative features beyond spectral data, such as textural, 

structural, and spatial patterns (Louargant et al., 2018; Meer et al., 2014; Stutsel et al., 2021), and 

(3) selecting optimal classifiers that balance accuracy and computational efficiency (Huang and 

Jensen, 1997). While spectral features such as NDVI, ExG, SAVI, etc., are foundational, they often 

fail to distinguish crops with overlapping reflectance profiles. For example, legumes and cereals 

in intercropped fields may share near-identical spectral profiles but differ in canopy texture or 

plant geometry. Hall, et al. (2018) and Kawamura et al. (2021b) indicated that it is difficult to 

identify different crop types using spectral features alone because maize shares similar spectral 

characteristics with other crops. 

Consequently, several researchers have shown that combining spectral features with spatial 

information and vegetation structure elements can significantly enhance classification accuracy 

(Ennouri et al., 2021; Li et al., 2019; Louargant et al., 2018; Lu & Weng, 2007b; Piermattei et al., 

2018; Xia et al., 2022). High-resolution UAS imagery enables the extraction of textural features 

to quantify spatial variability in canopy structure, morphological features to characterise crop 

geometry, and Simple Linear Iterative Clustering (SLIC) superpixels to partition fields into 

homogeneous regions, reducing spectral noise and aligning with natural crop boundaries 

(Blaschke, 2010; de Castro, Six, et al., 2018; Hu et al., 2018; Hunt & Daughtry, 2018; Ozdarici-

Ok et al., 2015; Zhao et al., 2019). While these features have been explored individually, their 

synergistic integration remains under-exploited in mixed-crop systems. Hence, optimal feature 



144 

 

combinations vary by crop type and landscape configuration, necessitating systematic evaluation 

(Zhao et al., 2019). Furthermore, even for identical crop types, the ideal features differ based on 

their spatial distribution.  

Classification methodologies are primarily categorised into pixel-wise and region-based 

approaches (Jin et al., 2019). Pixel-wise analysis provides fine-grained detail but suffers from 

computational inefficiency and noise in high-resolution imagery (such as variations in lighting or 

soil background) (Bosilj et al., 2018). In contrast, region-based methods classify segmented 

objects, leveraging spatial, shape, and contextual features to emulate human interpretation 

(Andrew et al., 2022; de Castro, Six, et al., 2018; Hebbar et al., 2014; Peña et al., 2013b; Wagner 

and Oppelt, 2020; Wang et al., 2021). Unfortunately, neither approach alone resolves the 

challenges of overlapping canopies and partial occlusion in mixed-crop fields.  

Numerous studies on species discrimination have aimed to enhance specific stages of this general 

framework (Aragones et al., 2019; Kaushik et al., 2025; Pieterse, 2016; Sencaki et al., 2019). To 

address this, Aguilar et al. (2015) incorporated textural features which capture spatial patterns in 

canopy structure and spectral indices, enabling distinction between crops with similar spectral 

profiles. Concurrently, morphological features were employed by Bosilj et al. (2018) to 

characterise crop geometry, particularly in fragmented fields. Studies like Balasubramanian (2017) 

demonstrated that combining spectral and textural data improved classification accuracy in crop-

weed detection, while Kawamura et al. (2021b) emphasised the complementary role of spatial-

contextual features. However, few studies have systematically integrated all three feature types, 

such that spectral, textural, and morphological features within a unified framework. For instance, 

Kupidura (2019); Lu et al. (2018); and Zhang et al. (2021) optimised spectral-textural 

combinations but overlooked morphological traits, while Hamuda et al. (2017) focused on 

spectral-structure synergies without leveraging advanced segmentation techniques. 

To address the limitations of existing crop discrimination approaches, this study aimed to achieve 

three primary objectives: (1) reduce spectral ambiguity in mixed cropping systems through 

vegetation masking, (2) identify and prioritise optimal features for discriminating maize and 

soybean, and (3) enhance classification accuracy by integrating pixel-based analysis with region-

based segmentation. To meet these objectives, a hybrid approach was employed using UAS-
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derived RGB imagery, combining the granularity of pixel-level methods with the contextual 

coherence of object-based segmentation. This methodology is designed to address the unique 

complexities of heterogeneous agricultural landscapes and provide a scalable solution for precision 

agriculture in resource-limited environments. 

6.2 Materials and Methods 

6.2.1 Methodological framework 

The employed methodology to enhance crop classification accuracy consists of four stages, as 

shown in Figure 6-1. The initial pre-processing stage emphasises vegetation masking, which is 

subsequently followed by superpixel segmentation in the next phase. The third stage is textural 

and morphological feature extraction, and the fourth stage is pixel-based spectral classification. 

To achieve the aforementioned tasks, we utilised Spyder version 5.5, which is an IDE tailored for 

scientific computing and machine learning. A significant aspect of utilising Spyder is its intuitive 

multiplane interface with tools for code editing, debugging, and variable exploration, rendering it 

suitable for handling large datasets. Spyder seamlessly blends with popular Python libraries, such 

as OpenCV, NumPy, Pandas, and Matplotlib, enhancing its capability for data processing and 

visualisation. Scikit-Learn is the primary Python library used for image processing. This library 

provides a comprehensive suite of classification tools. It includes robust model evaluation 

techniques, hyperparameter tuning, and preprocessing utilities to facilitate efficient data-driven 

decision-making. When used within Spyder, Scikit-Learn leverages performance optimisations for 

improved computational efficiency, making it well-suited for large-scale data analysis and 

predictive modelling. 

6.2.1.1 Vegetation Masking 

Vegetation masking constitutes the foundational step in the employed methodology, aimed at 

isolating crop pixels from non-vegetation background elements, such as soil, shadows, and debris. 

This process mitigates spectral interference and enhances feature extraction accuracy. The Excess 

Green Index (ExG), a vegetation-sensitive metric defined as: 

ExG=2g−r−b 
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Where r, g, and b represent normalised red, green, and blue spectral channels, respectively. ExG 

was developed by Woebbecke et al. (1995) to amplify greenness signals characteristic of 

photosynthetic activity. To differentiate vegetation from non-vegetation regions, Otsu’s 

thresholding algorithm (Otsu, 1979) was applied systematically to the ExG-derived grey-scale 

image. This non-parametric method iteratively optimises the threshold value by maximising inter-

class variance between vegetation and background pixels, ensuring robust segmentation across 

heterogeneous scenes. 

 

The resultant binary mask encodes vegetation pixels as 1 (white) and non-vegetation pixels as 0 

(black) (Figure 6-2). An inversion was selectively applied during post-processing, rendering 

vegetated areas as white against a black background. This inversion facilitates intuitive 

visualisation while preserving analytical integrity. The mask’s efficacy was validated through 

visual inspection, confirming its capacity to suppress spectral noise and focus subsequent analyses 

on mixed cropping settings. 

6.2.1.2 Superpixel Segmentation 

To address the complexity of mixed cropping systems, where fields often contain multiple crop 

types with irregular boundaries, we employed the Simple Linear Iterative Clustering (SLIC) 

algorithm. SLIC functions by decomposing the image into smaller, adaptive regions called 

superpixels. These superpixels align with natural crop boundaries, making it easier to analyse and 

classify different crops within the same field (Kailasam et al., 2021). By grouping pixels into 

coherent units while preserving edges, SLIC reduces computational complexity and helps 

efficiently process mixed cropping settings (Stutsel et al., 2021). In this study, the SLIC algorithm 

was implemented with the following parameter settings: number of segments = 250, maximum 

iterations = 100, compactness = 10, and start label = 1. 

6.2.1.3 Textural and Morphological Feature Extraction 

After segmenting the image into superpixels, the subsequent step involves extracting features that 

capture the unique characteristics of each region. In mixed cropping systems, crops often differ 

not only in colour but also in texture and shape. To account for this variation, both textural and 
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morphological features were extracted from the superpixels (Table 6-1). These features provide 

valuable information for distinguishing between crop types and improving classification accuracy.  

6.2.1.4 Pixel-Based Spectral Classification 

The final critical stage in the employed approach is the section on the optimal classifier. In this 

study, we opted for a pixel-based spectral classification which employs two widely used ensemble 

machine learning classifiers (random forest and extreme gradient boosting) to classify maize and 

soybean using spectral data while integrating superpixel-derived contextual features. These 

classifiers were selected for their robustness in handling high-dimensional datasets, resistance to 

overfitting, and capacity to model non-linear relationships in heterogeneous agricultural 

landscapes (Breiman, 2001). 
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6.2.2 Data collection and preprocessing 

6.2.2.1 Dataset 

The dataset used in this study was collected from two plots characterised by mixed-cropping 

systems. The dataset comprises two images, each depicting distinct cropping arrangements: one 

image features a single row of soybean adjacent to two rows of maize (1 vs. 2) (A3), while the 

other presents a configuration of two rows of maize alongside two rows of soybean (2 vs. 2) (A5). 

The data acquisition was conducted using an unmanned aerial system (UAS) equipped with a 

Zenmuse camera, which captured RGB imagery at a spatial resolution of 2 cm per pixel. The 

dataset was divided into training and testing subsets, with 80% of the images used for model 

training and the remaining 20% reserved for validation and performance evaluation. Ground truth 

data, including crop type labels and spatial distribution maps, were collected through field surveys. 

Figure 6-1: Flow of the input image, feature extraction, and classification process. 
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6.2.2.2 Input dataset composition 

Accurate identification and discrimination of different crop species require a comprehensive 

approach that combines multiple image-processing techniques to improve their separability. In this 

work, we employed feature extraction processes that regularly involve the use of textural features, 

morphological operations, segmentation-based clustering (Table 6-1) or a combination of these 

features to enhance the quality of images and extract meaningful crop segments. Each of these 

variables plays a significant role in image pre-processing, segmentation, and classification.  

Table 6-1: Feature extractors used in this study. 

Type Variable Description 

 

Texture 

Median 

Gaussian S3 

Gaussian S7 

A filtering technique used to reduce noise in an image 

A filter with a standard deviation (sigma) of 3 

A filter with a standard deviation (sigma) of 7 

 

Morphological operations 

Gradient 

Closing 

Opening 

The difference between the dilation and erosion  

The dilation of an image followed by erosion  

The erosion of an image followed by dilation 

 

 

SLIC clusters 

Mean 

Median 

Standard deviation 

Minimum 

Maximum 

The average pixel value across all pixels  

The median intensity of pixels within a superpixel 

The standard deviation of an object/pixel in band x 

The smallest pixel value found in the superpixel 

The largest pixel value found in the superpixel 

6.3 Data analysis 

6.3.1 Image segmentation 

Various techniques have been applied to segment UAS images into homogeneous regions by 

analysing colour similarity and spatial proximity (Bellón et al., 2017; Jin et al., 2019; X. Liu et al., 

2022; Marino & Alvino, 2018; Tian et al., 2022). Simple Linear Iterative Clustering (SLIC) is one 

of the simplest methods to segment raw images into pixels that represent common characteristics 

(Sodjinou et al., 2022). The SLIC algorithm operates by clustering pixels in the dimensional space 

of colour and spatial coordinates (x, y), ensuring that the generated segments adhere to natural 

object boundaries. The algorithm initialises the cluster centres across the image and iteratively 
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refines them using k-means clustering until convergence (Guo et al., 2021). This results in visually 

coherent superpixels that preserve important image structures while significantly reducing the 

computational complexity. In crop classification, SLIC enhances feature extraction by grouping 

spectrally and texturally similar pixels, improving model accuracy by reducing noise and capturing 

meaningful spatial patterns.  

6.3.2 Image classification 

Random forest is a robust ensemble-based machine learning algorithm renowned for its efficacy 

in classification tasks (Breiman, 2001). This model operates through the construction of multiple 

decision trees, each trained on a randomly selected subset of the training data using bootstrap 

aggregation (commonly known as bagging). By leveraging parallel processing, RF independently 

builds these trees, ensuring diversity in the ensemble through feature and sample randomisation. 

The advantage of using this classifier is that it minimises overfitting and enhances generalisation, 

as the final prediction is derived from majority voting across all trees (Pandey et al., 2022). The 

inherent parallelism of the algorithm not only accelerates training but also improves scalability, 

making it particularly advantageous for large datasets. In agricultural applications, the ability of 

RF to handle high-dimensional data while maintaining computational efficiency underscores its 

utility in resource-constrained environments. The RF classifier hyperparameters were set as 

follows; 

maximum number of estimators = 1 000,  

maximum depth = 25, and 

random state= 42 

 

Extreme Gradient Boosting Classifier is a robust machine learning algorithm for crop 

classification, leveraging multiple input features to refine predictions iteratively (Chen & Guestrin, 

2016; Sandino, Pegg, et al., 2018). Unlike traditional boosting methods, it constructs trees in 

parallel, efficiently capturing complex feature relationships while minimising overfitting through 

built-in regularisation. Its superior classification accuracy and ability to highlight key features 

make it highly effective for crop discrimination. Bellis et al. (2022) and Sandino et al. (2018) noted 

that with strong scalability and computational efficiency, XGBoost is a well-suited model for 

processing large datasets. The XGBoost classifier hyperparameters were set as follows; 
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maximum number of iterations = 500,  

maximum depth = 25,  

learning rate = 0.3, and 

gamma = 0.3 

6.3.3 Input feature selection and evaluation metrics 

From each superpixel, a suite of features was derived, including SLIC-based clusters, 

morphological operators, and textural indices. To minimise redundancy, variables exhibiting high 

multicollinearity (r > 0.9) were systematically excluded. Subsequently, feature importance ranking 

was conducted using RF and XGBoost, enabling the retention of only the most discriminative 

predictors. This sequential selection strategy ensured that the final feature set effectively integrated 

both spectral and spatial attributes, enhanced classifier robustness, and mitigated risks of 

overfitting. Several metrics were considered for evaluating the performance of the classification 

models. The most commonly used method for evaluating the classification performance is the 

confusion matrix table. Precision, recall, kappa and F1-score were used to evaluate the 

classification performance for each category (maize and soybean). The metrics provide deeper 

insights into the ability of the model to avoid false positives, detect all relevant cases, and balance 

both aspects. Finally, the feature importance was examined to identify the most influential features 

used by each model, allowing for comparisons and insights into how the models interpreted the 

data. 

6.4 Results 

This study evaluated the effectiveness of multi-feature integration, which consists of textural, 

morphological, and SLIC features, for improving maize and soybean discrimination in a mixed 

cropping setting. The discrimination of crops was conducted using random forest and XGBoost 

algorithms, and the outputs were refined with a vegetation mask to exclude non-crop areas. 

Following this, SLIC-based segmentation was applied to generate small homogeneous regions for 

analysis. In terms of overall feature contribution, the results indicated that mean intensity and 

standard deviation features derived from SLIC were found to have the greatest influence, followed 

by textural and, lastly, morphological traits. In this study, key findings demonstrated reasonable 
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classification accuracy between maize and soybean, with high precision, recall and F1-scores 

exceeding 0.98 for both RF and XGBoost. 
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Figure 6-2: Image processing procedure. 
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6.4.1 Classification accuracy and model performance 

The findings shown in Table 6-2 present a performance comparison of the RF and XGBoost 

classifiers for two distinct scenarios: 1 vs. 2 (one row of soybean and two rows of maize) (A3) and 

2 vs. 2 (two rows of soybean and two rows of maize) (A5). Both RF and XGBoost exhibited 

optimal classification performance for maize and soybean discrimination, with extremely low error 

rates and near-perfect precision, recall, kappa coefficient and F1-scores. 

Table 6-2: Evaluation metrics for RF and XGBoost. 

RF 

 Precision Recall F1-score Kappa 

1 vs 2 0.98 0.98 0.98 0.95 

2 vs 2 0.99 0.99 0.99 0.98 

XGBoost 

1 vs 2 0.98 0.98 0.98 0.95 

2 vs 2 0.99 0.99 0.99 0.97 

 

Both machine learning algorithms, RF and XGBoost, achieved an average of precision, recall, and 

F1-scores of 0.98, 0.98 and 0.99, respectively, indicating highly accurate predictions with minimal 

errors in both positive and negative classes. This performance was consistent across the A3 and 

A5 plots, demonstrating the model's effectiveness in distinguishing maize from soybean. 

Interestingly, both classifiers obtained a very low number of misclassifications with 0.02 and 0.01 

error rates, respectively, for A3 and A5. The fundamental difference between the two models was 

that RF had a marginally higher Kappa value of 0.98 compared to a slight difference for XGBoost 

with 0.97, suggesting slightly better agreement with ground truth training data.  
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6.4.2 Confusion matrix analysis 

Table 6-3: Confusion matrix for RF and XGBoost. 

 Random forest XGBoost 

 One row of soybean vs two rows of maize 

 Maize Soybean Maize Soybean 

Maize 8438 222 8411 249 

Soybean 164 7065 189 7040 

 Two rows of maize vs two rows of soybean 

Maize 8570 90 8544 116 

Soybean 88 7141 99 7130 

 

Table 6-3 summarises the metrics derived from the confusion matrices for the RF and XGBoost 

classifiers under two mixed cropping settings of A3 and A5. The differences in the mean overall 

accuracy between these classifiers indicate that their performance was comparable. In more detail, 

from the A3 plot, maize is slightly more accurately classified compared to soybean, as indicated 

by the lower number of misclassifications with 164 against 222 when using RF. Similarly, 

XGBoost on A3 produced comparable results, but with a slightly higher number of 

misclassifications, with 27 more maize instances and 25 more soybean instances. On A5, the RF 

model achieved high accuracy with only 178 total misclassifications across both classes, as 

compared to 215 total misclassifications for XGBoost, which indicated a slightly lower 

classification accuracy. Overall, RF consistently exhibited slightly fewer misclassifications than 

XGBoost, thereby showing a stronger ability to discriminate between maize and soybean in these 

mixed cropping settings. 

6.4.3 Feature importance analysis 

From Figure 6-3, general trends are revealed in the pattern of each variable utilising XGBoost and 

RF across the two experimental conditions, represented by plots A3 and A5. In this study, each 

dataset was analysed using four distinct feature groups: (i) SLIC, (ii) SLIC + Texture, (iii) SLIC 

+ Morphology and (v) All variables. In all these procedures, SLIC consistently emerged as the 

most influential variable for both A3 and A5. For A3, the four most important features were SLIC, 

SLIC_Std_Intensity, SLIC_Mean_Intensity, and SLIC_Max_Intensity, while 
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SLIC_Min_Intensity and SLIC_Median_Intensity showed limited contribution to the 

classification. 

Additional features, including textural and morphological features, contributed moderately to the 

models' performance. These features are more prominent under A3, particularly for XGBoost, 

which tends to prioritise them over RF. For instance, in plot A3, RF assigned greater importance 

to morphological operators, especially Gradient and Closing, whereas XGBoost continued to focus 

predominantly on Gaussian_s7. Finally, in A5, both classifiers align more closely, with SLIC and 

its related statistics being the most significant, followed by the moderate importance assigned to 

Opening and Median_s3. 

Table 6-4: Error rates of each crop mixture for RF and XGBoost. 

 
SLIC SLIC + Texture SLIC + Morphology All variables 

 RF XGBoost RF XGBoost RF XGBoost RF XGBoost 

1 vs 2 0.08 0.08 0.05 0.05 0.03 0.04 0.02 0.02 

2 vs 2 0.06 0.06 0.02 0.03 0.02 0.02 0.01 0.01 

 

To determine the effectiveness of each feature class, the analysis showed that combining different 

feature types significantly improves the accuracy of maize and soybean classification. Table 6-4 

shows that using only SLIC features results in relatively high error rates between 0.06 and 0.08. 

However, when texture and morphological features were added, the error rates decreased 

drastically, with morphology providing the most significant improvement. The best classification 

results occur when all features, such as SLIC, texture, and morphology, are combined, achieving 

the lowest error rate of 0.01 for both crop mixtures. This demonstrates that a multi-feature 

approach is crucial for effectively distinguishing between maize and soybean, leading to improved 

classification performance. 
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6.4.4 Spatial distribution of maize and soybean 

The spatial distribution maps of maize and soybean were derived using the Random Forest and 

XGBoost classifiers, as shown in Figure 6-4. With results displayed for two cropping scenarios: 

2 vs. 2 (two rows of maize and two rows of soybean) (A5) and 1 vs. 2 (one row of maize and 

two rows of soybean) (A3). The results highlight the effectiveness of machine learning 

classifiers in discriminating between maize and soybean crops in high-resolution imagery. 

Although both RF and XGBoost achieved reasonable accuracy, XGBoost consistently delivered 

superior spatial accuracy and robustness against boundary effects and shadows. These findings 

underscore the importance of selecting advanced classification algorithms for precision 

agriculture applications, where high-resolution and accurate crop mapping are essential. 

6.4.5 Model robustness 

Table 6-5 presents a comparison analysis of RF and XGBoost, based on their training times for 

different crop mixtures. The results indicate that XGBoost consistently requires more training 

Figure 6-4: Spatial distribution of maize and soybean. 
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time than RF, with 12.12 seconds vs. 8.16 seconds for A3 and 16.69 seconds vs. 12.61 seconds 

for the A5. This disparity highlights that RF is 33% faster than XGBoost’s for A3 and a 24% 

for 2 vs. 2 ratios. Although XGBoost can be more accurate for complex predictions, Random 

Forests are faster and use less computing power. The potential performance gains of XGBoost 

come with higher computational costs, whereas RF prioritises efficiency, making it preferable 

for time-sensitive and hardware-limited agricultural applications. 

Table 6-5: Algorithm’s training times (seconds) across crop mixtures. 

 RF XGBoost 

Ratio Training Times (seconds) 

1 vs 2 (A3) 8.16 12.12 

2 vs 2 (A5) 12.61 16.69 

6.5 Discussion 

6.5.1 Model performance and feature integration 

Both RF and XGBoost achieved exceptional classification accuracy with F1-scores well above 

0.98 across A3 and A5 plots, underscoring their suitability for fine-scale crop discrimination. 

The minimal error rates of less than 0.02 and high Kappa values ranging between 0.95 and 0.98 

reflect firm agreement with ground truth, aligning with studies that highlight machine learning’s 

efficacy in precision agriculture (Gao et al., 2018; Kilwenge et al., 2021; Yang et al., 2017). 

Notably, the integration of SLIC-derived features, texture indices, and morphological operators 

proved pivotal, reducing error rates from 0.06–0.08 (SLIC alone) to 0.01 (all features 

combined). These findings align with previous studies that have employed machine learning 

models for crop classification, such as those by Bellis et al. (2022); Prins (2019) and Hao et al. 

(2018), where RF and XGBoost achieved high accuracies for distinguishing different crop 

types. This aligns with the growing emphasis on multi-feature fusion to capture crop-specific 

spectral, structural, and textural traits (Maia et al., 2021; Maimaitijiang et al., 2020; Psirofonia 

et al., 2017).  

 

However, unlike these earlier studies, our approach showed that SLIC’s dominance in feature 

importance suggests that superpixel segmentation effectively delineates crop boundaries, 

whereas textural and morphological features augment discrimination by characterising leaf 

arrangement and canopy structure. Although most studies rely solely on spectral and textural 

features, our results indicate that SLIC-derived metrics, for example, mean intensity and 
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standard deviation, were the most influential variables. This contrasts with the findings of Maia 

et al. (2021), that emphasised spectral indices as the dominant features for crop classification. 

Our results suggest that structural properties derived from the SLIC improve object-based 

classification, particularly in mixed cropping systems, where individual plant boundaries are 

less distinct. 

6.5.2 Comparative model insights 

While RF and XGB exhibited comparable overall accuracy, RF demonstrated marginally 

superior performance in balanced ratios (2 vs. 2), with fewer misclassifications (178 vs. 215) 

and a higher Kappa (0.98 vs. 0.97). This stems from the inherent RF resistance to overfitting 

via ensemble averaging (Breiman, 2001). Conversely, XGBoost’s superior spatial accuracy in 

boundary highlights its strength in handling complex spatial hierarchies through gradient-

boosted tree optimisation (Chen & Guestrin, 2016). However, the computational cost for 

XGBoost relative to RF is 48.5% for A3 and 32.4% for A5, which is a trade-off between 

accuracy and resource efficiency. This means that in a field with a higher crop ratio, 

distinguishing between them becomes more computationally demanding for both RF and 

XGBoost. 

6.5.3 Statistical and practical implications 

When comparing the baseline SLIC features with the addition of texture indices, both RF and 

XGBoost demonstrated a statistically significant improvement. Similarly, incorporating 

morphological operators significantly improved RF and XGBoost's performance. This aligns 

with RF and XGBoost's reputation for excelling in high-dimensional spaces (Kondal, 2023). 

However, when comparing SLIC + Texture and SLIC + Morphology against the use of all 

variables, neither RF with a p-value of 0.344 and 0.205 nor XGBoost with a p-value of 0.205 

and 0.295 respectively showed statistically significant improvements. This suggests that texture 

and morphology are the most influential variables in enhancing classification accuracy, 

particularly for XGBoost, whereas additional variables provide diminishing returns on 

performance improvement. Additionally, maize and soybean exhibit distinct textural and 

structural patterns, and XGBoost is effectively leveraged for better discrimination. 

 



161 

 

A key innovation of this study is the systematic evaluation of feature combinations, which 

provides critical insights into the role of different data layers in enhancing the classification 

performance: 

1. Utilising only SLIC-based features resulted in higher misclassification rates (6–8%), 

confirming that spectral segmentation alone is insufficient for precise crop 

differentiation. 

2. The inclusion of textural features reduced the error rate to ≤3%, highlighting the 

importance of structural variation in crop identification. 

3. Morphological operators provided additional refinement, leading to the lowest error rate 

(1%) when combined with the SLIC. 

Unlike previous studies that primarily compare, our findings emphasise the complementary role 

of different feature sets in improving classification performance. This aligns with the results of 

Kawamura et al. (2021a), that demonstrated that multi-feature integration enhances remote 

sensing classification. However, our study extends this by demonstrating that morphological 

operators, which are rarely used in crop mapping, play a critical role in refining object-based 

segmentation. From a practical perspective, this study validates the utility of UAS-based 

mapping for mixed-crop systems with models that accurately resolve row-specific planting 

configurations. Such precision supports yield estimation and resource management in precision 

agriculture. 

6.5.4  Limitations and future directions 

While the models demonstrated robust performance within the tested crop ratios, their 

scalability and applicability across diverse agro-ecologies remain to be fully established. In 

particular, mixed cropping systems with more than two species, varying planting densities, or 

contrasting phenological patterns may present additional spectral and textural variability that 

affect model generalisation. Moreover, environmental factors such as soil type, topography, 

microclimate, and seasonal variability influences canopy structure and reflectance, potentially 

reducing the transferability of models trained under specific conditions. 

 

The current reliance on a pre-trained vegetation mask introduces further constraints; 

inaccuracies in this mask, especially under heterogeneous agro-ecological contexts, could 

propagate errors through the classification pipeline. To enhance scalability, future work should 
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explore end-to-end deep learning approaches capable of learning hierarchical features directly 

from imagery, potentially reducing dependency on pre-defined masks. Additionally, systematic 

validation across multiple agro-ecological zones, encompassing different crop combinations, 

management practices, and climatic conditions, would provide insights into model robustness 

and operational viability at larger spatial scales. This would not only improve model 

generalisation but also support broader adoption for precision agriculture and crop monitoring 

in heterogeneous landscapes. 

6.6 Conclusion 

This study showed the feasibility of the synergy of SLIC-based segmentation, multi-feature 

integration (texture, morphological and SLIC), and machine learning classifiers (random forest 

and extreme gradient boosting) for crop discrimination in a heterogeneous agricultural 

landscape. While both RF and XGBoost excel with an overall accuracy of more than 0.98, their 

trade-offs in accuracy, speed, and spatial precision necessitate context-driven model selection. 

Furthermore, the lack of statistical significance when using all variables compared to texture or 

morphology alone implies that adding more features beyond these does not necessarily improve 

performance. This indicates that texture and morphology are the most important factors for crop 

classification. Furthermore, this has shown that incorporating excessive variables may lead to 

redundancy rather than meaningful improvements. These insights contribute to scalable, high-

resolution crop monitoring frameworks essential for sustainable agricultural management. 

6.7 Summary 

Chapter Six presented a comprehensive data-driven approach for crop discrimination within 

smallholder farming systems. By leveraging UAS-based RGB data, the chapter highlights the 

importance of integrating diverse datasets for accurately distinguishing maize from soybean with 

high classification accuracies. The following Chapter Seven synthesises the key findings from this 

study, contextualises their implications and provides recommendations for future research, offering 

a comprehensive conclusion to this dissertation 

 

  



163 

 

CHAPTER 7 : SYNTHESIS AND CONCLUSION  

Application of unmanned aerial systems for crop discrimination in smallholder 

farms: A Synthesis 

 

7.1  Introduction 

Why do we need remotely sensed data for the accurate detection and identification of crop types 

in mixed cropping systems? Identification and estimation of the spatial extent of constituent 

crops in a mixed cropping system is crucial for better agricultural production and for food 

management. It is also important to note that understanding each crop type and its spatial 

distribution within the field is vital not only for resource allocation and yield estimation but 

also for ensuring food security. Emerging UAS technology has the ability to discriminate and 

spatially quantify the extent of specific crop types in complex configurations and spatial 

heterogeneity of agro-ecological landscapes. 

 

Previous studies demonstrated that crops with similar development and overlapping 

phenological cycles exhibit high spectral, structural and spatial variability, making it difficult 

to accurately delineate crop boundaries using traditional satellite remote sensing. Generally, 

satellite remotely sensed data lacks the optimal spatial and spectral resolution needed to map 

small, intercropped plots, which normally cover less than a metre for intra and across rows. 

Similarly, although ground surveys are accurate in terms of spectral separability, they are 

labour-intensive, costly, and impractical for large-scale mapping. Various studies mainly 

focused on discriminating crops grown under a monoculture environment with very minimal 

challenges in terms of spectral separability. Also, they did not focus on distinguishing crops in 

heterogeneous agro-ecological landscapes or incorporate phenological data obtained from 

emerging technologies.  As such, this implies that accurately detecting each crop type extent in 

mixed cropping systems is important to filter out undesirable results. Unlike satellite remote 

sensing, which is constrained by orbital cycles, weather conditions, and resolution limitations, 

UASs can be deployed as needed to capture timely datasets for crop discrimination across 

phenological stages. The UASs have the capacity for rapid and localised deployment, which 

provides a potential for crop discrimination across phenological stages in a mixed cropping 

environment at a relatively low cost.  
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The spectral responses of crops in agro-ecological landscapes are normally affected by 

surrounding features such as soil background, shadows and atmospheric conditions, limiting 

the effectiveness of remote sensing techniques. Crop discrimination in such environments 

requires critical selection of optimal feature extractors and classification algorithms that can 

process large amounts of data with limited resources. These critical problems have limited the 

application of remotely sensed imagery to discriminate and quantify constituent crops in mixed 

cropping systems at different levels. Therefore, this study sought to develop innovative 

techniques that employ UAS-based imagery for crop discrimination in heterogeneous agro-

ecological landscapes to create accurate, specific crop masks. Specifically, the proposed 

approaches in this thesis focused on the following objectives:  

i. To systematically review the current state, challenges and opportunities in the 

application of unmanned aerial systems for crop discrimination, with a particular focus 

on smallholder farms and heterogeneous agro-ecological systems. 

ii. To investigate the spectral response characteristics of maize and soybean across distinct 

phenological stages using hyperspectral data, and to determine the stage(s) at which 

spectral separability is maximised for effective crop discrimination. 

iii. To develop and validate machine learning algorithmic approaches for accurately 

distinguishing crop types in mixed cropping systems using UAS-derived imagery. 

iv. To determine the optimal field parameters, specifically the number of crop species and 

crop row widths, that facilitate accurate crop discrimination using UAS data in 

fragmented agricultural landscapes. 

v. To evaluate the efficacy of integrating object-based image analysis with machine 

learning algorithms in enhancing the classification accuracy of UAS imagery for crop 

discrimination. 
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Table 7-1: Highlighting the main contributions of this thesis to UAS-based crop discrimination in heterogeneous agro-ecological systems. 

Chapter Main Objectives Key Findings Innovations / Contributions 

Introduction 
Introduce research problem, 

objectives, and rationale 

Identified gaps in UAS-based crop discrimination 

in heterogeneous smallholder systems 

Developed research questions targeting mixed 

cropping systems in agro-ecological landscapes 

Literature review 

Review UAS applications, UAS 

types and characteristics, feature 

extractors and classifier methods 

for crop discrimination 

UAS use in agriculture has increased, especially 

rotary-wing platforms with RGB sensors; 

challenges remain in heterogeneous and mixed 

cropping systems; hyperspectral approaches are 

promising but limited 

Synthesised gaps in crop discrimination; highlighted 

the need for plot-to-field-level scaling 

Hyperspectral crop 

discrimination 

Evaluate in-situ hyperspectral 

data to discriminate maize and 

soybean 

Narrow-band hyperspectral data effectively 

distinguished maize and soybean, especially 

between flowering and senescence; red-edge and 

NIR bands were most informative 

Demonstrated optimal phenological windows and 

spectral regions for mixed crop discrimination; 

validated analytical methods (statistical, 

distance/divergence-based, PLS-DA) 

UAS RGB-based 

feature analysis 

Evaluate RF classifier with 

spectral, textural, and 

morphological features from 

UAS RGB imagery 

Morphological features outperformed spectral and 

textural features; combining textural + 

morphological features gave the highest accuracy; 

shadows caused misclassification 

Results showed that hybrid feature extraction 

enhances crop discrimination at the field scale; 

highlighted limitations of spectral-only approaches 

Shadow detection 

and removal 

Develop methods to detect and 

remove shadow pixels 

The HIGB difference technique outperformed C3 

and NSVDI for shadow detection; the LIRB 

removal approach introduced artefacts 

Introduced novel HIGB shadow detection; 

emphasised scene- and context-sensitive shadow 

handling for improved classification accuracy 

Segmentation and 

machine learning 

integration 

Integrate SLIC segmentation 

with machine learning classifiers 

(RF, XGBoost) using multi-

feature datasets 

Achieved up to 99% accuracy in maize-soybean 

discrimination; texture + morphology 

outperformed spectral indices; RF and XGBoost 

trade-offs observed 

Demonstrated scalable approach combining 

superpixel segmentation and hybrid feature 

engineering; addressed spectral overlap and spatial 

heterogeneity; validated potential for operational 

precision agriculture 

Conclusion and 

recommendations 

Summarise contributions and 

future directions 

Validated the effectiveness of SLIC -XGBoost for 

mixed cropping; outlined operational relevance 

Recommended operational adoption for precision 

agriculture and testing across diverse agro-ecologies 

to enhance robustness 
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As summarised in Table 7-1, the contributions of this thesis span both theoretical and practical 

dimensions. Theoretical contributions include methodological advances in UAS-based crop 

discrimination, including hybrid feature extraction, SLIC segmentation, and machine learning 

applications in heterogeneous agro-ecological landscapes. Practical contributions, on the other 

hand, involve operational workflows and actionable tools that can be implemented in 

smallholder farming systems for crop monitoring, yield estimation, and resource allocation. 

Table 7-1 provides a concise overview of these chapter-wise innovations and their relevance to 

both knowledge advancement and real-world application. 

 7.2  Conclusion 

The central aim of this thesis was to explore the potential of UAS-based RGB-derived feature 

datasets for distinguishing between maize and soybean in a mixed cropping system. Despite the 

inherent limitations associated with RGB datasets, the findings presented in this study have 

demonstrated their utility in achieving reasonable levels of accuracy in crop discrimination. The 

overarching conclusion of this research is that the integration of region-based segmentation, a 

comprehensive multi-feature approach encompassing texture, morphological characteristics, 

and SLIC-derived features within varied feature sets, coupled with the application of machine 

learning classifiers (random forest and XGBoost), significantly contributes to the feasibility of 

accurate crop discrimination within heterogeneous agricultural landscapes. 

The synthesis of the key conclusions drawn from this study, directly addressing the research 

objectives, is as follows: 

a) Evidence from literature indicates that the application of UASs in agricultural activities, 

particularly crop mapping and monitoring, has been extensively documented. A review 

of published studies reveals that the use of UAS technology in this domain has grown 

significantly, especially over the past decade. Rotary-wing UAS platforms have 

emerged as the preferred choice among researchers due to their superior 

manoeuvrability in spatially constrained environments. These platforms, when 

equipped with RGB sensors, represent the most commonly utilised combination, 

reflecting a broader preference for cost-effective, accessible, and adaptable tools, 

especially in developing regions. Despite these advancements, challenges persist in the 

domain of crop discrimination, particularly within heterogeneous and complex mixed 

cropping systems. Current remote sensing platforms, including satellites and 
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conventional ground surveys, often struggle to resolve spectral overlaps between crop 

types at varying spatial and temporal scales. This limitation constrains the accuracy of 

crop-type classification in such environments. Additionally, while hyperspectral data 

analytics offer promising potential for improving crop discrimination, their application 

remains in infancy with little progress. Existing studies are limited, and methodological 

refinement is required to fully exploit the high spectral resolution offered by 

hyperspectral sensors in operational agricultural monitoring. 

 

b) To address the aforementioned challenges, experimental surveys were conducted using 

in-situ hyperspectral measurements to collect spectral signatures of maize and soybean. 

These measurements utilised narrow-band spectral settings, which possess the 

capability to capture fine spectral details, thereby enhancing the potential to accurately 

extract and discriminate between the two crop species. Accordingly, this chapter aimed 

to evaluate the utility of hyperspectral data in discriminating maize from soybean and 

to compare the performance of statistical, distance-based, divergence-based, and PLS-

DA methods in characterising crop types cultivated under mixed cropping systems. The 

results presented in this chapter demonstrate the effectiveness of in-situ hyperspectral 

remote sensing data, along with various analytical techniques, in discriminating 

between maize and soybean cultivated under mixed cropping systems. The study 

underscores the importance of phenological timing, identifying flowering to senescence 

as optimal windows for discrimination of maize and soybean. This was achieved by 

specific wavelengths located within the red-edge and near-infrared regions of the 

electromagnetic spectrum. This finding underscores the fundamental spectral 

differences between the two crop types. However, despite the high overall classification 

accuracies achieved using hyperspectral remotely sensed data, its applicability remains 

largely constrained to the plot level. The data lacks sufficient spatial coverage for 

effective large-scale mapping of maize and soybean distributions. Therefore, there is a 

need to evaluate the same objective using UAS-acquired remotely sensed data collected 

across different phenological stages, in order to validate the above observations and 

assess the generalisability of the findings beyond the plot level. 

 

c) The significance of this study was to evaluate the performance of the RF algorithm for 

discriminating between maize and soybean based on their spectral, textural and 
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morphological differences using UAS-based RGB imagery. This foundational insight 

validates the applicability of extending spectral analysis from field spectrometry to 

UAS-based RGB imagery to distinguish crop types in complex agro-ecological 

environments. Results obtained from this chapter indicated that morphological features 

consistently outperformed spectral and textural features for crop discrimination using a 

random forest classifier, while integrating textural and morphological features achieved 

the highest classification accuracies. The normally preferred features, particularly 

spectral features, were the least effective for discriminating and mapping mixed crop 

species. This chapter has shown that employing diverse feature extraction techniques 

can indeed enhance the spectral discrimination capabilities between maize and soybean 

within the same agricultural field. However, misclassification among the soybean, 

shadow, and weed classes was observed, highlighting the challenges of accurately 

distinguishing crop types within mixed cropping systems. This confusion caused by the 

presence of shadow pixels has tangible implications for the detection and 

characterisation of vegetation features, ultimately compromising the reliability of crop 

acreage estimation. 

d) Although the random forest classifier effectively discriminated and mapped the spatial 

extent of various features using UAS-based RGB imagery, the presence of shadow 

pixels, particularly those overlapping with soybean, negatively affected overall 

classification accuracy. Consequently, this chapter focused on shadow detection and 

removal, processes that are often regarded as critical steps in image preprocessing. The 

primary objective was to develop and evaluate a novel hue-intensity-green-blue (HIGB) 

difference technique for accurately detecting shadows within diverse crop mixtures. The 

results demonstrated that the HIGB difference technique consistently outperformed both 

the C3 and normalised shadow vegetation difference index (NSVDI) models across all 

five experimental treatments. Although the HIGB successfully detected shadows, the 

alternative light intensity ratio-based (LIRB) shadow removal approach failed to meet 

performance expectations, often introducing blurry artifacts in dense shadow pixels 

rather than effectively removing shadows. These findings underscore the importance of 

contextual sensitivity and the differential efficacy of shadow-handling techniques 

depending on scene composition and image complexity. 
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e) Previous chapters have shown that crops may share near-identical spectral profiles but 

differ in canopy texture or plant geometry. As such, this chapter focused on a model that 

only utilises vegetation pixels for discrimination, thereby eliminating surrounding 

features such as soil, shadow and weeds. The proposed integration of SLIC-based 

segmentation with machine learning classifiers, specifically RF and XGBoost, 

demonstrated exceptional performance in distinguishing maize and soybean crops 

within heterogeneous agricultural landscapes, achieving an overall classification 

accuracy of 99%. The highest classification accuracies were obtained through the 

combination of SLIC-based segmentation with multi-feature datasets, incorporating 

textural and morphological features, whereas the inclusion of spectral indices reduced 

accuracy levels. This underscores the significance of spatial coherence and hybrid 

feature engineering in addressing the spectral and structural complexity inherent in 

agro-ecological systems. The trade-offs observed between the RF and XGBoost 

classifiers regarding accuracy, speed, and spatial precision necessitate a context-driven 

approach to model selection. Notably, the lack of statistically significant improvement 

when using all variables compared to texture or morphology alone suggests that simply 

adding more features does not guarantee enhanced classification accuracy. Overall, the 

synergy of SLIC segmentation and machine learning classifiers effectively addressed 

spatial heterogeneity and spectral overlap, demonstrating its potential scalability for 

precision agriculture applications, particularly in resource-constrained regions. 

These findings collectively underscore the potential of advanced image processing and machine 

learning techniques applied to UAS-based RGB imagery for effective crop discrimination in 

complex agricultural settings. This capability holds significant implications for improved 

resource management, yield estimation, and ultimately, enhanced food security in regions 

relying on mixed cropping systems. Importantly, the contributions of this thesis are novel in 

their explicit focus on smallholder mixed-cropping systems in sub-Saharan Africa, which 

remain significantly underrepresented in the remote sensing and precision agriculture literature. 

By tailoring UAS-based crop discrimination methods to heterogeneous, resource-constrained 

contexts, this study not only advances methodological innovation but also provides regionally 

relevant solutions for sustainable agricultural intensification. Furthermore, the study 

demonstrates the complete methodological pipeline, from spectral theory through feature 



170 

 

extraction and image processing to operational classification, highlighting both the scientific 

rigour and practical applicability of the approach. 

7.3  Policy Relevance and Pathways for Regional Scalability 

The findings of this study have clear implications for agricultural policy and operational crop 

monitoring, demonstrating that low-cost UAS-RGB imagery, processed through automated 

SLIC segmentation and machine learning, provides a scalable and policy-relevant tool for 

accurate crop discrimination. This approach offers a practical framework for precision 

agriculture interventions that can enhance yield estimation and resource allocation in 

heterogeneous smallholder systems, enabling policymakers to leverage these insights for 

evidence-based decision-making, particularly where traditional methods are limited. From an 

extension perspective, the outputs generated can be transformed into advisory products such as 

field-level crop maps, weed infestation alerts, and seasonal acreage estimates. These can be 

delivered through agricultural advisory services, mobile platforms, or integration into decision-

support systems to guide farmers on input use and management practices. At the policy level, 

such tools can support national crop assessments, food security monitoring, and the design of 

targeted subsidy or input-distribution programs. 

 

For regional scalability, this affordable technology stack shows significant potential for 

adaptation across diverse agro-ecological zones. Successful adoption will depend on calibrating 

models with local crop varieties and conditions, leveraging robust multi-feature datasets, and 

addressing key infrastructural needs like UAS accessibility, personnel training, and context-

specific adjustments to ensure reliable deployment beyond the study site.  

7.4  Practical Steps and Implementation Tools 

To operationalise the findings of this study, the following steps are recommended:  

i. Deploy UASs (rotary-wing for smallholder fields and fixed-wing for larger areas) 

equipped with RGB sensors, and schedule flights at key crop phenological stages: early 

vegetative, mid-vegetative, flowering/tasselling, mid-grain filling, and senescence 

onset.  

ii. Apply pre-processing procedures, including shadow detection and compensation via the 

HIGB difference technique, supplemented by appropriate image restoration methods,  
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iii. Conduct image segmentation using SLIC-based superpixels to improve object-level 

feature extraction, and classify imagery using XGBoost or Random Forest with hybrid 

feature sets (SLIC clusters, morphological indices, and textural features),  

iv. Calibrate the model to local crop varieties, planting densities, and agro-ecological 

conditions to ensure regional scalability and robustness,  

v. Integrate outputs with GIS platforms and farm management systems to produce 

actionable products for crop monitoring, acreage estimation, yield forecasting, and 

resource allocation, and  

vi. Build capacity by training local personnel and immediate data users in UAS operations, 

data processing, and interpretation to ensure sustainable adoption. 

7.5  Challenges and Future Directions 

While this study has highlighted the significant potential of UAS-based imagery and advanced 

feature extraction methods for enhanced crop discrimination in heterogeneous agro-ecological 

landscapes, several challenges remain, paving the way for future research endeavours. 

 

❖ Firstly, the inherent limitation of RGB sensors lies in their spectral resolution compared to 

multispectral and hyperspectral remotely sensed data. This can restrict their ability to 

differentiate crops with similar reflectance characteristics in the visible spectrum. Future 

research should explore the integration of data from other parts of the electromagnetic 

spectrum, such as thermal regions, to ascertain if they can further enhance the results 

obtained in this study. Combining RGB sensors with affordable alternatives like LiDAR, 

thermal, multispectral and hyperspectral imaging sensors could provide complementary 

datasets, including 3D structural information and canopy temperature, thereby enriching 

spectral and structural insights. 

 

❖ Secondly, the intrinsic spectral similarities and high spatial heterogeneity prevalent in 

mixed cropping systems often lead to fragmented or overlapping crop boundaries in 

imagery. To address this, future research should focus on developing region-specific crop 

libraries containing spectral signatures of locally relevant crops. Furthermore, the creation 

of open-access repositories of well-labelled imagery for mixed cropping systems is crucial 

for improving the transferability and robustness of developed models across different 

regions and agricultural practices. 
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❖ Thirdly, the substantial data variability and noise inherent in heterogeneous agro-ecological 

landscapes necessitate significant computational resources, often requiring GPU clusters 

for the effective implementation of hybrid methods. In particular, the generation of 

superpixels and the extraction of spatially explicit features are computationally intensive 

processes, especially when applied across large datasets or extensive geographic scales. As 

the complexity of crop mixtures and the ratio of different crops increase, these demands 

grow considerably, underscoring the need for more advanced computational infrastructure 

and optimisation strategies (e.g., parallelisation, cloud-based pipelines) to enable practical 

scalability. 

 

❖ Fourthly, future research should prioritise enhancing the separability of crop classes with 

overlapping spectral and structural characteristics. This can be achieved by incorporating 

advanced preprocessing techniques and leveraging attention-based deep learning models. 

For such models to perform effectively under erratic weather conditions, the integration of 

water-resistant sensors, such as Synthetic Aperture Radar (SAR), is recommended. These 

sensors can ensure continuous image acquisition across different phenological stages, 

regardless of cloud cover or precipitation. Furthermore, optimisation of deep learning 

architectures should focus on the integration of spectral, textural, morphological, and 

temporal features, while simultaneously mitigating the noise introduced by mixed pixels 

and the inherent complexity of heterogeneous agricultural systems.  

 

❖ Furthermore, no field-based ground truth measurements of physiological or biophysical 

parameters (e.g., leaf area index, biomass) were collected to validate the spectral responses. 

As such, future work should integrate such field data to enhance the calibration and 

validation of UAS-based models, thereby improving biophysical interpretability and 

strengthening the reliability of crop discrimination outcomes. 

 

❖ Finally, beyond methodological advances, future work should prioritise the development 

of lightweight, user-friendly tools that can translate UAS-based analytics into actionable 

insights for end-users. One possible pathway is the design of a mobile-friendly application, 

web-based application or plugin, capable of integrating classification outputs into simple 

dashboards accessible to local users. Coupling this with cloud-based processing pipelines 
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such as Google Earth Engine, Amazon Web Services or UAS-specific platforms like 

Pix4Dcloud and DroneDeploy would minimise computational demands on local devices, 

making the approach more accessible across diverse agro-ecological and infrastructural 

contexts. 

 

In conclusion, this research contributes valuable insights into the application of UAS-based 

RGB imagery for crop discrimination in mixed cropping systems. The identified challenges and 

proposed future directions highlight the ongoing need for innovation and development in this 

critical area of precision agriculture, with the ultimate goal of supporting sustainable 

agricultural practices and ensuring global food security.  
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