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ABSTRACT 

This study introduces RMNet (Relative Maturity Neural Network) and its environmentally-

enhanced variant RMNet-E, efficient convolutional neural network architectures for soybean 

maturity classification using UAV-based RGB imagery. RMNet achieves 98.2% precision for 

mature plot identification while processing 3.3× to 20.4× faster than comparable deep learning 

models, addressing critical bottlenecks in breeding programs that traditionally rely on labor-

intensive manual evaluations. The research utilized over 52,000 experimental plots and 18,000 

unique genotypes, representing one of the most genetically diverse datasets used in soybean 

maturity classification studies to date, across two locations, creating 20 distinct micro-

environments to evaluate model transferability. RMNet demonstrated exceptional overall 

performance across all maturity classes with 90.4% accuracy, 93.5% precision, 96.8% recall, and 

95.1% f1-score, significantly outperforming both traditional machine learning (Support Vector 

Machine) and deep learning approaches (Xception) in mature class detection. RMNet-E integrates 

meteorological, radiation, and soil parameters to enable cross-location deployment, maintaining 

consistent performance when transferred between training and testing environments. During the 

critical harvest window, RMNet-E achieved 99.3% precision for mature plant detection with the 

lowest prediction variance  among all evaluated approaches, demonstrating superior reliability for 

harvest timing decisions across diverse environmental conditions. Comprehensive statistical 

validation using ANOVA and Tukey tests across 13 modeling approaches confirms RMNet's 

optimal balance of computational efficiency and classification accuracy. The cross-location 

validation simulates real-world deployment scenarios where models must transfer between 

different environmental conditions, addressing practical implementation challenges in breeding 

programs. This research provides a scalable solution for automated soybean maturity classification 

with proven transferability across diverse agricultural environments, enabling optimized harvest 

timing and accelerated genetic gain in breeding operations. 

 

Keywords: Deep learning; High-throughput phenotyping; Precision agriculture; Soybean maturity 

classification; Unmanned aerial vehicles. 
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1 INTRODUCTION 

Soybean (Glycine max L. Merril) stands as one of the world's most significant agricultural 

commodities, projected to reach a global production of 420.87 million metric tons in 2024/2025. 

This remarkable growth trajectory, representing a 6% increase from the previous year and 

maintaining a 10-year compound average growth of 3%, underscores the crop's critical role in 

global food security and agricultural economics. Brazil leads global production at 40% (169 million 

tons), followed by the United States at 28% (118.84 million tons), highlighting the concentration 

of production among major agricultural nations. 

The successful development of high-performing soybean varieties faces numerous 

challenges across diverse growing environments. Breeders must contend with variations in latitude, 

climate, altitude, soil conditions, and agricultural practices, while simultaneously addressing 

growth patterns, environmental stresses, and disease pressures. These complex interactions create 

substantial genotype-environment effects that significantly impact breeding program outcomes. 

The genetic diversity within breeding populations further complicates this challenge, as thousands 

of distinct genotypes with varying maturity characteristics must be evaluated simultaneously across 

multiple experimental plots. This research specifically addresses this complexity by incorporating 

over 12,000 unique genotypes across more than 50,000 experimental plots, representing one of the 

most genetically diverse datasets used in soybean maturity classification studies to date. Traditional 

phenotyping approaches, while foundational to breeding programs, present significant limitations 

in modern agricultural contexts. Manual assessment methods are typically costly, labor-intensive, 

and often destructive to plant materials. Moreover, the subjective nature of visual evaluations can 

introduce inconsistencies in data collection, particularly when scaling across large breeding 

programs. These limitations create bottlenecks in the breeding pipeline, potentially slowing genetic 

gain and reducing program efficiency. The heritability of maturity traits in the experimental 

populations tested in this study demonstrates the strong genetic basis for these characteristics, yet 

capturing this information through traditional methods remains challenging and inefficient, 

particularly when evaluating thousands of plots simultaneously. 

High-throughput phenotyping (HTP) technologies, particularly when combined with deep 

learning approaches, offer promising solutions to these challenges. The integration of unmanned 

aerial vehicles (UAVs), advanced imaging systems, and sophisticated data analysis techniques 

provides opportunities for rapid, non-destructive, and objective phenotypic data collection.  
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However, significant gaps remain in current approaches to soybean maturity classification. 

Existing methods often rely on complex multispectral imagery (Zhou et al., 2019), require 

extensive feature engineering (Hu et al., 2023), or demonstrate limited transferability across 

different environments (Zhang et al., 2022). Furthermore, many current models sacrifice 

computational efficiency for accuracy (Moeinizade et al., 2022) or lack the precision needed for 

mature plot identification, which is critical for harvest timing decisions. 

A particularly challenging aspect of high-throughput phenotyping for soybean maturity 

classification is the dynamic nature of field conditions across different locations and temporal 

sequences. This research specifically addresses this challenge by incorporating data from multiple 

locations captured across different days throughout the growing season, resulting in significant 

variations in environmental conditions, lighting, plant development stages, and image 

characteristics. This environmental variability, combined with the genetic diversity of the 

experimental populations, creates a complex classification problem that demands robust, adaptable 

modeling approaches. The temporal dynamics of plant development further complicate this 

challenge, as the visual characteristics of maturity stages evolve throughout the growing season, 

requiring models that can effectively capture these transitions. 

This research addresses these limitations through the development and validation of 

Relative Maturity Neural Network (RMNet), a novel convolutional neural network (CNN) 

architecture specifically designed for soybean maturity classification. We hypothesize that a 

carefully optimized CNN architecture using only RGB imagery can achieve comparable or superior 

performance to more complex approaches while maintaining computational efficiency and 

environmental adaptability. Furthermore, we propose that the integration of environmental data can 

enhance model robustness across diverse growing conditions without significantly increasing 

computational requirements. 

The study has four primary objectives: 

i. Develop an efficient and accurate deep learning model for soybean maturity 

classification using UAV-based RGB imagery. 

ii. Evaluate the model's performance across multiple locations and environmental 

conditions through the integration of environmental data. 

iii. Compare the model's effectiveness against both traditional machine learning 

approaches and contemporary deep learning architectures. 
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iv. Demonstrate the practical applicability and computational efficiency of the 

proposed solution in real-world breeding scenarios. 

This research contributes to the advancement of agricultural technology by providing a 

practical, efficient solution for automated soybean maturity classification. The development of 

RMNet represents a significant step toward modernizing breeding programs through the integration 

of high-throughput phenotyping and artificial intelligence, potentially accelerating genetic gain and 

improving efficiency in the breeding program. By addressing the limitations of existing approaches 

while accounting for the complex interactions between genetic diversity, environmental variability, 

and temporal dynamics, this work fills critical gaps in the current literature on high-throughput 

phenotyping for soybean breeding programs. 

The dissertation is organized into five chapters. Following this introduction, Chapter 2 

provides a comprehensive literature review covering global soybean production, maturity 

classification systems, high-throughput phenotyping technologies, and current applications of 

machine learning in agriculture. Chapter 3 details the materials and methods, including 

experimental design, data collection protocols, and model development procedures. Chapter 4 

presents the results and discussion, examining model performance across different Locations and 

conditions while comparing it with existing approaches. Finally, Chapter 5 concludes the 

dissertation by summarizing key findings and suggesting future research directions.  
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2 LITERATURE REVIEW 

This literature review provides a comprehensive examination of the key concepts, 

technologies, and methodologies underpinning soybean maturity classification using high-

throughput phenotyping and deep learning approaches. Beginning with an overview of global 

soybean production and breeding challenges, the review progresses through the complexities of 

soybean maturity classification systems and the genetic and environmental factors influencing 

plant development. The chapter then explores the evolution of high-throughput phenotyping 

technologies and their application in modern agriculture, with particular focus on digital image 

analysis techniques and processing workflows. The final sections delve into machine learning 

fundamentals, neural network architectures, and their specific applications in agricultural contexts, 

highlighting both traditional approaches and advanced deep learning methodologies. Throughout 

the review, special attention is given to the intersection of these technologies with soybean maturity 

assessment, establishing the theoretical foundation for the research methodology presented in 

subsequent chapters. 

2.1 Global Soybean Production and Breeding 

Soybean (Glycine max L. Merril) stands as one of the world's most significant agricultural 

commodities, projected to reach a global production of 420.87 million metric tons in 2024/2025, 

representing a 6% increase from the previous year and maintaining a 10-year compound average 

growth of 3%. The crop's remarkable expansion is primarily concentrated in a few key nations, 

with Brazil leading global production at 40% (169 million tons), followed by the United States at 

28% (118.84 million tons), and Argentina at 12% (49 million tons) (USDA, 2025). This 

concentration of production among major players has been driven by increasing demand for both 

vegetable oil and protein meal, with soybeans now occupying approximately 6% of the world's 

arable land (Hamza et al., 2024).  

The crop's significance extends beyond traditional agricultural boundaries, playing a crucial 

role in global food security through its high nutritional value and versatility in food products. The 

remarkable production levels are attributed to both the expansion of cultivated areas and enhanced 

productivity through technological advancement, including genomic technologies and improved 

management practices. This progress has been particularly evident in the development of varieties 

adapted to various environmental conditions and stress factors, supported by extensive research 
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and development conducted by breeding companies worldwide (Gomes et al., 2016; Hamza et al., 

2024). 

This substantial growth in soybean production and its expanding role in global agriculture 

has been made possible through decades of focused breeding efforts. The evolution from traditional 

farming practices to modern, high-yielding cultivation systems represents the culmination of 

systematic breeding programs and genetic improvement initiatives.  

Plant breeding aims to develop superior cultivars through genetic improvement, with the 

increase in performance achieved through artificial selection being termed genetic gain (Chawade 

et al., 2019). The process involves germplasm collection, forming basic populations through 

hybridization, and selection to achieve superior genotypes (Sulistyo; Purwantoro; Sari, 2018).  The 

concept of evolutionary plant breeding allows nature to select the best-adapted genotypes over 

time, minimizing the effort required for traditional selection and testing of individual genotypes 

(Reynolds; Braun, 2022). This genetic improvement results in valued characteristics through a 

process refined over thousands of years (Suza; Lamkey, 2023). 

Maximizing soybean yields requires the application of diverse management strategies to 

fully exploit the genetic potential of existing cultivars. While accelerating the breeding cycle is one 

approach to enhance genetic gain, the inherently long growth cycles of soybean present a 

significant limitation to this strategy (Watson et al., 2018). If certain characteristics could be 

predicted in advance, it would eliminate the need to wait until the end of the cycle to select the best 

materials within a population (Yuan et al., 2019). The intricate genetic makeup of soybean 

necessitates the continued use of traditional breeding methodologies. These time-tested approaches 

remain crucial for assessing and improving yield potential in this complex crop (Christenson et al., 

2016). 

The success of plant breeding and research programs hinges on accurate and precise 

phenotypic data collection. Researchers utilize advanced phenotyping techniques in conjunction 

with genetic tools to achieve their breeding objectives and research goals (Singh et al., 2016). A 

persistent challenge in enhancing breeding program efficiency lies in the establishment of high-

quality phenotypic data from field trials. The ability to collect reliable, comprehensive phenotypic 

information continues to be a limiting factor in advancing breeding efforts (Singh; Sethi; Singh, 

2021). As the growing season concludes, breeding organizations face critical decisions. They must 

evaluate which varieties show promise for advancement to the next growing season or 
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commercialization, and which should be eliminated from further consideration (Moeinizade et al., 

2022).  

Current breeding programs face constraints from limited resources, technologies, and crop 

reproductive biology. The challenge of designing a plant breeding program represents an 

engineering approach to plant science (Suza; Lamkey, 2023). These constraints highlight the need 

for innovative solutions in modern breeding programs. 

These breeding efforts have been crucial in developing varieties that not only increase 

productivity but also address various agricultural challenges, from pest resistance to climate 

adaptation. Among these challenges, understanding and managing crop maturity emerges as a 

fundamental aspect of soybean breeding and production. The timing of maturity directly impacts 

yield potential, resource utilization, and adaptation to specific growing regions, making it a critical 

consideration in modern breeding programs. 

2.2 Understanding Soybean Relative Maturity and Growth Stages 

Maturity in agronomic crops is typically classified into two types: physiological maturity 

(cessation of reproductive growth) and harvest maturity (when the economically important organ 

reaches "ripeness") (Bruns, 2009). Relative maturity is a classification system that encompasses all 

environmental and genetic factors influencing a plant's developmental timeline, specifically 

measuring the period from planting to physiological maturity (Alliprandini et al., 2009).  

The relative maturity rating system serves as a standardized method for comparing different 

soybean cultivars, even when they haven't been directly evaluated in the same trials. This system 

is particularly valuable for breeding programs and farmers, as it provides a reliable framework for 

predicting crop development across various environmental conditions. When selecting cultivars, if 

all other characteristics are equal, early-maturity varieties are often preferred due to their shorter 

growing season, which can reduce risk exposure and allow for more flexible crop rotation strategies 

(Trevisan et al., 2020). 

The selection of ideal cultivars for specific regions requires careful consideration of local 

environmental conditions and agricultural practices. The optimal cultivar should maximize yield 

potential by fully utilizing the available growing season while avoiding delayed harvest, which can 

increase both risks and costs. This balance is particularly critical in regions with multiple cropping 

systems or where environmental stresses are common during specific periods of the growing season 

(Trevisan et al., 2020). 
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To fully understand how maturity classifications translate into actual plant development, 

it's essential to examine the detailed growth stages that characterize the soybean lifecycle. These 

stages provide precise benchmarks for monitoring plant development and making management 

decisions throughout the growing season. 

Understanding the growth stages of soybean plants is crucial for monitoring their 

development throughout the growing season. A widely adopted and comprehensive classification 

system, depicted in Figure 1, was introduced by Fehr and Caviness (1977). This system categorizes 

the soybean lifecycle into two main phases: vegetative (V) and reproductive (R). With the 

exception of VE (emergence) and VC (cotyledon) stages, each phase is further subdivided using 

numerical indices to denote specific development milestones. 

 

FIGURE 1. Soybean phenological scale showing the complete developmental sequence from emergence through 

reproductive stages, with distinct vegetative (V) and reproductive (R) phases (Fehr; Caviness, 1977). 

The soybean's journey begins with stage VE, marked by the emergence of cotyledon leaves. 

This is followed by stage VC, characterized by fully expanded cotyledons and the initial separation 

of unifoliate leaf edges. Subsequent vegetative stages are denoted numerically (V1, V2, V3, etc.), 

corresponding to the number of nodes with fully developed leaves. The final vegetative stage, VN, 

represents the topmost node with a fully expanded leaf. As the plant transitions from maximum 

vegetative growth to reproductive development, it enters a series of eight stages. These can be 
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grouped into four distinct phases: flowering (R1-R2), pod formation (R3-R4), seed development 

(R5-R6), and plant maturation (R7-R8) (Neumaier et al., 2000). 

The onset of the R7 stage, or initial maturity, is characterized by pods turning gray, beige, 

or brown. As the plant approaches its final stages, leaf chlorophyll content diminishes, resulting in 

a yellow/gray coloration. This physiological change significantly alters the plant's spectral 

reflectance properties. Consequently, plant maturity can be assessed by analyzing specific 

wavelength bands that are responsive to canopy characteristics such as chlorophyll content, 

nitrogen levels, and water stress (Zhou et al., 2019). 

The understanding and accurate classification of soybean maturity represents a crucial 

intersection between breeding objectives and practical agriculture. For breeding programs, 

maturity classification serves as a fundamental tool for developing adapted varieties that optimize 

yield potential within specific environmental constraints. Breeders utilize this knowledge to 

develop comprehensive crossing strategies that effectively combine desired maturity traits with 

other important agronomic characteristics.  

This approach enables the development of varieties specifically adapted to diverse 

geographical regions and cropping systems, while simultaneously creating cultivars capable of 

responding to changing climatic conditions. A key challenge in this process is balancing the trade-

offs between early maturity and yield potential, as these traits often exhibit complex interactions. 

These considerations have become increasingly relevant as breeding programs work to address the 

challenges of climate change and the need for sustainable intensification of agricultural production. 

Developing commercial soybean cultivars with varying maturity levels poses significant 

challenges for breeders worldwide. This complexity arises from the interplay of diverse factors 

including wide-ranging latitudes, climatic variations, altitude differences, soil type diversity, varied 

farming and planting methods, plant growth patterns, the presence or absence of long-juvenile 

traits, varying stress conditions, and disease pressures. These factors collectively contribute to 

substantial genotype-environment interactions (Alliprandini et al., 2009). 

Modern genomic analysis enables precise quantification of variation among individuals and 

populations. This technology supports quality control, maintenance of gene banks, distribution of 

genetic resources, identification of desired traits, development of improved varieties. These 

applications are crucial for addressing global food security challenges (Halewood et al., 2018). 
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Soybean is a short-day species with varying sensitivity levels, enabling broad adaptability 

across latitudes (Bruns, 2009). Nine major genes control flowering and maturity timing, with 

flowering typically suppressed under long-daylength conditions (Watanabe; Harada; Abe, 2012). 

Harvest maturity varies between seasons due to environmental conditions, particularly 

temperature, relative humidity, and cloud cover (Bruns, 2009). 

While maturity classification provides a practical framework for variety selection and 

breeding decisions, the underlying complexity of maturity traits stems from intricate interactions 

between genetic factors and environmental conditions. Understanding these interactions is crucial 

for developing adapted varieties and predicting crop performance across diverse growing 

conditions. 

2.3 Genetic and Environmental Influences in Soybean Maturity 

Plant phenotypes represent observable characteristics resulting from genotype-environment 

interactions and serve as indicators of plant performance under specific conditions. While a plant's 

genotype remains constant, its phenotype evolves over time, potentially enabling early-season traits 

to predict end-of-season outcomes such as yield, which could significantly accelerate crop breeding 

through earlier plant selection (Pasala; Pandey, 2020; Yuan et al., 2019). 

The primary abiotic factors influencing soybean phenology are temperature and 

photoperiod. Temperature generally exhibits a positive influence on crop development rate, while 

photoperiod modifies this temperature response. As a short-day plant, soybean's development rate 

decreases with longer daylength, which delays reproductive development (Setiyono et al., 2007). 

Additionally, water availability plays a crucial role in flowering and maturation cycles, with 

temperature being closely related to altitude and geographical position (Ferreira, 2021).  

The complexity of genotype-by-environment (G×E) interactions necessitate a deeper 

understanding of the phenome - the physical and biochemical traits of organisms as determined by 

their genetic makeup and environmental influences. The phenome represents a complex system 

with multiple organizational levels, from genes to populations, making it crucial for understanding 

plant responses under adverse conditions. While traditionally defined from a genetic perspective, 

modern phenomics considers the phenome as an intricate system that operates across various 

organizational levels, from molecular to population-wide responses (Lorence; Medina Jimenez, 

2022). 
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The relationship between genotype and phenotype, illustrated in Figure 2, for quantitatively 

expressed traits is complicated by G×E. This phenomenon, defined as the differential behavior of 

genotypes across environments, assumes a critical role in phenotypic manifestation. When 

predominantly qualitative or crossed, G×E interactions can hinder the selection process and cultivar 

recommendations, as genotype rankings may change across assessment environments (Krause et 

al., 2025; Tavares De Albuquerque et al., 2022). 

 

FIGURE 2. Conceptual illustration of the complex relationship among environments, genotypes, and phenotypes, 

demonstrating how genetic expression is modified by environmental conditions to produce observable plant 

characteristics. 

Plant phenotyping, an emerging science linking genomics with plant ecophysiology and 

agronomy, involves comprehensive assessment of complex traits including development, growth, 

resistance, tolerance, physiology, architecture, yield, and ecology (Gill et al., 2022; Xu; Li, 2022). 

The phenotypic value of an individual can be modeled using linear components, expressed as  

 𝑃 =  𝜇 + 𝐺 + 𝐸, (1)   

where P represents the phenotypic value, µ the overall mean, G the genotypic effect, and E the 

environmental effect (Suza; Lamkey, 2023). 

Network modeling has become widespread in systems biology and integrative genomics, 

with plant breeders primarily relying on linear phenotypic models. The determination of fixed or 

random effects in these models influences variance component estimation and significantly affects 

overall phenotypic variability analysis. Fixed effects represent deliberately arranged components, 

while random effect models provide inferences for broader populations.  (Alonso; Stepanova, 

2015; Suza; Lamkey, 2023). 
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The source of phenotypic variability determines whether trait selection will result in a 

heritable response that can be passed to subsequent generations. Within a population, the 

phenotypic variance (𝑉𝑃) equals the sum of genotypic variance (𝑉𝐺) and environmental variance 

(𝑉𝐸) (Suza; Lamkey, 2023). 

Heritability, a fundamental concept in breeding, can be expressed in two ways. Broad-sense 

heritability  

 𝐻 =  
𝑉𝐺

𝑉𝑃
 (2)   

represents the ratio of total genetic variance to phenotypic variance. Narrow-sense heritability  

 ℎ2 =  
𝑉𝐴

𝑉𝑃
 (3)   

represents how phenotypes are determined by genes transmitted from parents, where 𝑉𝐴 is the 

additive genetic variance referring to the deviation from mean phenotype due to specific allele 

inheritance. In field experiments, plant breeders often report heritability on an entry-mean basis 

using the formula 

 
ℎ2 =  

𝜎𝐺
2

𝜎𝐺
2 + (

𝜎𝐺𝐸
2

𝐸 ) + (
𝜎𝜀

2

𝑟𝐸
)

 (4)   

where 𝜎𝐺
2  is genotypic variance, 𝜎𝐺𝐸

2  is genotype by environment variance, 𝜎𝜀
2 is error variance, 𝑟 

is replication number, and 𝐸 represents environment number (Miller; Song; Li, 2023; Sulistyo; 

Purwantoro; Sari, 2018; Suza; Lamkey, 2023).  

Heritability values provide crucial insights into the relative influence of genetic and 

environmental factors on phenotypic expression. A heritability value approaching 0 indicates that 

phenotypic variation is predominantly influenced by environmental factors, while a value 

approaching 1 suggests strong genetic control over the trait's expression. For practical breeding 

applications, heritability values are typically categorized into three ranges: low (h² < 0.2), medium 

(0.2 < h² < 0.5), and high (h² > 0.5). These classifications serve as valuable guidelines for plant 

breeders in developing selection strategies, as they indicate the degree to which trait expression 

will be consistently inherited across generations versus being modified by environmental 

conditions. Traits with higher heritability values generally respond more effectively to selection 

pressure, making them more reliable targets for breeding programs (Sulistyo; Purwantoro; Sari, 

2018). 
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The relationship between replication number and heritability estimation is particularly 

evident in the denominator of the entry-mean heritability formula, where the experimental error is 

weighted by the number and replications. As the number of replications decreases, the error 

component increases proportionally, leading to a larger denominator and consequently lower 

heritability estimates. This effect becomes especially pronounced in multi-stage breeding 

programs, where early-generation materials typically have fewer replications due to limited seed 

availability or resource constraints. This mathematical relationship underscores the importance of 

considering replication structure when comparing heritability estimates across different stages of a 

breeding program or when making selection decisions based on these estimates. 

Research has consistently demonstrated the critical importance of environmental 

considerations in breeding programs across different geographical regions. A comprehensive study 

in Ethiopia examining twenty soybean genotypes across six environments revealed highly 

significant environment, genotype, and G×E effects on grain yield, oil, and crude protein content. 

The study found that environmental variance and G×E captured the largest portion of total sum of 

squares, highlighting the substantial influence of environmental conditions on soybean 

performance under Ethiopian conditions (Gurmu; Mohammed; Alemaw, 2010).  

In Mato Grosso State, Brazil, a six-year study across nine Locations with multiple sowing 

dates demonstrated that Locations were significantly more crucial than years for yield testing. The 

research revealed highly significant Location effects across all six years and three maturity groups, 

with significant Location × cultivar interactions suggesting challenges in selecting for wider 

genotype adaptation. The study concluded that breeding for broad adaptation in Mato Grosso State 

was an efficient strategy for cultivar development, recommending increased investment in testing 

Locations rather than years to enhance experimental precision (Tavares De Albuquerque et al., 

2022).  

Further supporting these findings, research in Pakistan examining 96 soybean genotypes 

across different ecological regions demonstrated substantial genetic diversity for grain yield and 

identified environment-specific adaptations. This study identified 13 environment-specific 

genotypes and broadly adapted varieties which showed superior performance across multiple 

environments. Through advanced DNA technology and association mapping, the research 

identified 26 marker-trait associations for six agronomic traits, with significance levels ranging for 

plant height and for hundred-grain weight (Rani et al., 2023).  
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These findings collectively emphasize the complexity of genotype-environment 

interactions and their crucial role in soybean breeding programs worldwide, highlighting the 

importance of multi-environment testing and the potential of combining traditional breeding 

approaches with modern genomic tools. 

For modeling and interpretation of predictive results, reliable phenotypic data collection is 

essential. However, when screening hundreds or thousands of genotypes daily, there is a high 

probability of errors, especially in field conditions. Without adequate environmental 

characterization, even the generation of multidimensional information may not achieve consistent 

models. Genotypic sensitivity to macro- and microclimate conditions is recorded at each 

assessment; for example, spectral signatures of genotypes vary according to the environmental 

characteristics under which measurements are performed (Lorence; Medina Jimenez, 2022). 

Modern phenotyping faces several challenges, particularly when screening large numbers 

of genotypes. While simple trait phenotyping can be accomplished by untrained personnel, 

complex trait assessment requires experienced professionals and is time-intensive. Visual 

phenotyping of large genotype sets often leads to measurement errors due to fatigue and subjective 

assessments (Reynolds; Braun, 2022). Digital phenotyping offers advantages through data 

reanalysis capabilities and objective quantitative analyses of large image sets (Sozzani; Benfey, 

2011). 

The integration of genetic and environmental influences in soybean breeding represents a 

complex challenge that requires sophisticated approaches to phenotyping and data analysis. As 

breeding programs continue to evolve, the combination of traditional field-based observations with 

modern digital phenotyping technologies offers promising opportunities for accelerating genetic 

gain. Understanding these interactions is crucial for developing resilient cultivars adapted to 

specific environmental conditions while maintaining desired agronomic traits. Future breeding 

efforts will likely depend increasingly on precise environmental characterization and high-

throughput phenotyping methods to effectively select superior genotypes across diverse growing 

conditions (Chawade et al., 2019). 

The complexity of genetic and environmental interactions in soybean development 

necessitates advanced approaches to phenotype assessment. High-throughput phenotyping (HTP) 

has emerged as a transformative solution, addressing the limitations of traditional phenotyping 
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methods while enabling the evaluation of large populations under diverse environmental 

conditions. 

2.4 High-Throughput Phenotyping in Plant Breeding 

HTP has emerged as a transformative approach in plant breeding, addressing the limitations 

of traditional phenotyping methods. Conventional approaches, which rely on manual sampling, are 

typically costly, labor-intensive, and destructive, with inherent subjectivity in visual assessments 

compromising data accuracy and limiting throughput (Alabi et al., 2022; Sankaran et al., 2018; 

Xu; Li, 2022). This is particularly challenging in large-scale breeding programs where thousands 

of genotypes require evaluation, making manual field measurements impractical and time-

consuming (Lorence; Medina Jimenez, 2022).  

Field trials in plant breeding typically involve evaluating thousands of breeding lines and 

clones in small plots ranging from 1 to 10 meters in length. The major challenges include measuring 

numerous plots across multiple environments while optimizing resources, time, and data quality. 

High-throughput phenotyping directly addresses these challenges by increasing selection intensity 

and improving selection accuracy, ultimately accelerating genetic gain in breeding programs 

(Chawade et al., 2019). This acceleration of genetic gain is crucial for developing improved 

varieties that can meet growing agricultural demands while adapting to changing environmental 

conditions. 

The concept of HTP encompasses field-based platforms designed to deliver the necessary 

throughput for large-scale experiments while providing accurate trait performance assessment in 

real-world environments (Trevisan et al., 2020). These technologies enable consistent, rapid, and 

extensive data acquisition beyond manual measurement capabilities, generating data on thousands 

of phenotypes per monitored unit (Alabi et al., 2022; Chang et al., 2021; Lopez-Cruz et al., 2020).  

Forward phenomics, a key application of HTP, uses advanced phenotyping tools to identify 

the most promising genotypes within large collections, enabling selection of elite lines with 

desirable traits. This approach is particularly valuable for phenotyping diverse plant populations, 

including germplasm collections, breeding populations, and mapping populations under varied 

growth conditions (Pasala; Pandey, 2020). 

The rapid evolution of technologies for generating and analyzing large quantities of 

genotypic, phenotypic, and environmental data has revolutionized biological research. Halewood 

et al. (2018) emphasize that these technological advances, particularly in high-throughput assays 
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and genetic material synthesis, are transforming our understanding of plant biology and 

accelerating breeding progress. This technological revolution has enabled the development of 

increasingly sophisticated phenotyping platforms that combine multiple sensing technologies with 

advanced data processing capabilities. 

Unmanned aerial vehicles (UAVs) have become particularly valuable in breeding programs 

requiring simultaneous evaluation of numerous genotypes (Johansen et al., 2019). Equipped with 

various sensors including digital cameras, multispectral, hyperspectral, thermal infrared, and lidar 

devices, UAVs enable precise screening of hundreds of plots in a short timeframe (Ren et al., 2023). 

Their ability to operate at low altitudes, collect data rapidly and accurately, and maintain 

functionality under varying atmospheric conditions makes them especially useful (Franchini et al., 

2018), though battery capacity limitations can restrict their utility for very large-scale operations 

(Gill et al., 2022). 

HTP integrates various methodologies to capture information related to plant performance, 

function, and structure. The development of RGB (red, green and blue) sensors and other imaging 

technologies has revolutionized plant phenotyping, allowing visualization of plant ontogeny, 

anatomy, physiology, and biochemistry throughout development stages (Lorence; Medina Jimenez, 

2022). These systems can vary from ground-based imaging to aerial phenotyping and remote 

sensing, often incorporating artificial intelligence for data analysis (Gill et al., 2022). 

The integration of these technologies with breeding programs has particular relevance for 

soybean cultivation. For instance, physiological maturity date, a crucial selection criterion, can be 

more efficiently monitored through HTP systems. This is especially important as extended 

maturation can maximize yield potential, though delayed harvesting may impact seed quality 

(Vergara et al., 2019). The interaction between maturity timing and latitude adds another layer of 

complexity, as early-maturing varieties from high latitudes may experience premature flowering in 

low-latitude regions, while late-maturing varieties may face frost risk when grown at high latitudes 

(Song et al., 2019). 

Recent years have witnessed significant advancement in technologies for generating and 

analyzing large quantities of genotypic, phenotypic, and environmental data (Halewood et al., 

2018). The emergence of intelligent agriculture has sparked increased interest in leveraging deep 

learning methods for soybean yield prediction, phenotype evaluation, and breeding research (Guo 

et al., 2022). These developments, combined with the integration of remote sensing technologies 
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and phenotyping platforms, are enabling more efficient and accurate phenotyping with stable error 

across all genotypes, whether as single plants or in micro-plots (Reynolds; Braun, 2022).  

The effectiveness of high-throughput phenotyping systems relies heavily on sophisticated 

image analysis techniques. The evolution of digital imaging and processing methods has 

revolutionized agricultural monitoring, enabling rapid and precise phenotypic assessment at 

unprecedented scales. 

2.5 Digital Image Analysis and Processing in Modern Agriculture 

The evolution of non-invasive, affordable sensors and imaging techniques has 

revolutionized plant phenomics, with remote sensing emerging as a cornerstone of agricultural 

monitoring (Gill et al., 2022).  Remote sensing, which involves deriving information about Earth's 

surfaces using electromagnetic radiation data collected from an overhead perspective, has its roots 

in early photography from the 1800s. By the mid-2000s, the convergence of various technologies 

- including remote sensing, Geographic Information Systems (GIS), and Global Positioning 

Systems (GPS) - created integrated systems capable of acquiring high-precision imagery and 

combining diverse data forms. This technological integration, coupled with the decentralization of 

information technology services and aerial imagery acquisition, has fostered innovation in 

specialized agricultural applications (Campbell; Wynne, 2011). 

The fundamental components of digital image analysis in agriculture encompass three 

primary domains: spectral analysis, spatial analysis, and temporal analysis. Spectral analysis 

examines the interaction between electromagnetic radiation and plant tissues across different 

wavelengths, providing insights into crop health, nutrient status, and physiological conditions. 

Spatial analysis focuses on the geometric relationships and patterns within images, while temporal 

analysis tracks changes over time, crucial for monitoring crop development stages and stress 

responses (Campbell; Wynne, 2011). 

The history of agricultural imaging dates back to the 1850s, when the first large-scale 

landscape photos were captured from balloons, establishing the foundation for modern analytical 

techniques. These early applications have evolved into sophisticated workflows involving spectral 

differentiation, radiometric differentiation, spatial differentiation, and geometric transformations 

(Lorence; Medina Jimenez, 2022). 

Image standardization and calibration represent critical steps in agricultural image analysis. 

Radiometric calibration corrects for atmospheric effects and sensor variations, while geometric 
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calibration ensures spatial accuracy and proper alignment of multi-temporal images. Standard 

procedures include the use of calibration panels, ground control points, and automated image 

registration techniques. Quality assessment metrics typically include spatial resolution verification, 

radiometric accuracy, and geometric precision measurements (Wang; Myint, 2015). 

Image composition and quality play crucial roles in agricultural analysis. Standard RGB 

cameras, the most widely used phenotyping sensors, capture images in three color channels, while 

some specialized applications, such as satellite imagery, may include additional frequencies like 

infrared (Géron, 2019). However, field conditions can affect image quality due to natural 

illumination variations (Xu; Li, 2022).  

RGB image processing in agricultural applications follows a systematic workflow, as 

illustrated in Figure 3. The process begins with georeferencing, where raw image data is combined 

with metadata (geospatial information) to create accurate orthomosaic. Pre-processing follows, 

involving color space transformations such as RGB to HSV (Hue, Saturation, Value) or LAB color 

spaces, which enhance the separation of plant features from background elements. Plot extraction 

then identifies specific areas of interest within the orthomosaic, enabling focused analysis of 

individual experimental units. The segmentation phase isolates plant material from background 

elements, while feature extraction captures relevant characteristics including texture, shape, and 

spectral indices. Finally, post-processing techniques refine the extracted data and prepare it for 

analysis. This comprehensive workflow enables the generation of detailed phenotypic data for 

agricultural applications, with each step contributing to the overall accuracy and reliability of the 

analysis (Hamuda; Glavin; Jones, 2016). 

 

FIGURE 3. Comprehensive image processing workflow for agricultural applications, showing the sequential steps 

from image acquisition through georeferencing, preprocessing, plot extraction, segmentation, feature extraction, and 

final analysis. 
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Data management in agricultural image analysis presents unique challenges due to the 

volume, variety, and velocity of data generation. Modern phenotyping platforms can generate 

terabytes of data daily, requiring robust storage systems, efficient data compression techniques, and 

automated quality control procedures. Implementing standardized metadata schemas and 

automated data validation protocols helps ensure data integrity and accessibility (Kamilaris; 

Prenafeta-Boldú, 2018). 

For phenotyping applications, proper georeferencing of sensor data is essential to ensure 

images can be accurately linked to specific plots during post-processing workflows (Lorence; 

Medina Jimenez, 2022). The implementation of machine learning methods, particularly with UAV-

collected data, has enhanced data processing and prediction capabilities. High spatial resolution 

UAV-based remote sensing imagery, with resolutions between 0 and 10 cm, has become the primary 

data source for machine learning approaches, supporting both classification and regression 

analyses (Reynolds; Braun, 2022).  

Feature classification in agricultural image analysis employs both traditional computer 

vision techniques and modern deep learning approaches. Spectral features include vegetation 

indices (such as NDVI, EVI, and SAVI), textural features derived from gray-level co-occurrence 

matrices, and shape-based features describing crop morphology. These features serve as inputs for 

various classification algorithms, enabling automated crop monitoring and phenotyping (Ram et 

al., 2024). 

One of the primary challenges in widespread HTP adoption is the analysis and interpretation 

of the vast amount of data generated. The field generates terabytes of data daily, necessitating 

automated processing through machine learning and deep learning programs (Gill et al., 2022). 

This challenge extends to the development of specialized software tools for remote sensing data 

processing, extraction, and analysis, which has been identified as a potential bottleneck in 

generating high-quality phenotypic data. These tools must integrate various aspects, including crop 

growth performance assessment, phenological stage detection, agronomical yield component 

analysis, and pest and disease identification (Reynolds; Braun, 2022). 

The integration of marker-assisted and genomic selection with image analysis has emerged 

as a powerful tool in modern plant breeding. High-throughput image analysis provides phenotypic 

data that, when combined with genetic information, enables more precise selection of desired traits. 
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This integration has particularly benefited the development of crops with improved stress tolerance 

and yield stability (Araus; Kefauver, 2018). 

Quality assessment in agricultural image analysis follows a multi-tiered approach. At the 

acquisition level, factors such as spatial resolution, temporal frequency, and spectral fidelity are 

evaluated. During processing, quality metrics include segmentation accuracy, feature extraction 

reliability, and classification performance. The final analysis stage incorporates validation against 

ground-truth data and cross-validation with multiple datasets to ensure robust results (Detring et 

al., 2024). 

Recent advances in spectral analysis techniques have expanded beyond traditional RGB 

imaging. Hyperspectral imaging, which captures hundreds of narrow spectral bands, enables 

detailed chemical and physiological analysis of crops. Multi-temporal analysis combines images 

from different growth stages to track developmental changes and stress responses. These advanced 

techniques require sophisticated calibration procedures and standardized processing workflows to 

ensure data compatibility and reliability (Sarić et al., 2022).  

The vast amount of data generated through modern imaging techniques creates both 

opportunities and challenges in agricultural research (Hu et al., 2023). Machine learning has 

emerged as a crucial tool for extracting meaningful patterns and insights from these complex 

datasets, enabling automated analysis and prediction in agricultural applications (Ren et al., 2023). 

2.6 Machine Learning Fundamentals and Implementation in Agricultural Systems 

The rapid adoption of HTP platforms in agriculture has generated enormous volumes of 

diverse data, creating significant challenges in data management and interpretation. Machine 

learning (ML) and deep learning (DL) have emerged as powerful solutions for extracting useful 

information from these complex datasets, offering interdisciplinary approaches that combine 

probability, statistics, classification, regression, decision theory, data visualization, and neural 

networks (Gill et al., 2022). At its core, ML is essentially applied statistics with increased emphasis 

on computer-based function estimation (Goodfellow; Bengio; Courville, 2016), representing a 

multidisciplinary approach that combines probability theory, decision theory, visualization, and 

optimization (Gill et al., 2022). 

Artificial Intelligence (AI), the broader field encompassing machine learning, represents 

the effort to automate intellectual tasks typically performed by humans (Chollet, 2021). Within this 

framework, machine learning requires three fundamental components: input data points, examples 
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of expected output, and a way to measure algorithm performance (Chollet, 2021). This approach 

enables the discovery of patterns in massive datasets by simultaneously analyzing multiple traits, 

rather than examining each feature in isolation (Gill et al., 2022). 

ML provides significant advantages to plant breeders, pathologists, physiologists, and 

agronomists by enabling the extraction and analysis of multiple parameters simultaneously. Its 

success lies in its ability to infer trends from data and generalize results through model training, 

efficiently identifying underlying structures, patterns, and relationships within datasets for 

classification and prediction tasks (Gill et al., 2022). Machine learning is particularly valuable for 

problems requiring extensive fine-tuning, complex problem-solving, adaptation to fluctuating 

environments, and analysis of large datasets (Géron, 2019). 

2.6.1 Machine Learning Paradigms 

Machine learning systems can be classified into four major categories based on their 

supervision levels during training shown in Figure 4: supervised learning, unsupervised learning, 

semi-supervised learning, and reinforcement learning (Géron, 2019). Among these, supervised and 

unsupervised learning represent the two primary approaches (Gill et al., 2022). 

 

FIGURE 4. Classification framework of machine learning systems according to the amount and type of supervision 

during training, including supervised, unsupervised, semi-supervised, and reinforcement learning approaches. 

In supervised learning, algorithms work with labeled datasets where each example is 

associated with a target outcome. The training process involves mapping relationships between 
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input and output variables, typically addressing either classification tasks (categorizing output 

variables) or regression problems (predicting real values) (Gill et al., 2022). Key supervised 

learning algorithms include k-Nearest Neighbors, Linear Regression, Logistic Regression, Support 

Vector Machines (SVMs), Decision Trees, Random Forests, and Neural Networks (Géron, 2019). 

Conversely, unsupervised learning algorithms work with unlabeled data, attempting to 

discover inherent patterns and structures within the dataset (Goodfellow; Bengio; Courville, 2016). 

This approach encompasses various techniques including clustering methods (such as K-Means, 

DBSCAN, and Hierarchical Cluster Analysis), anomaly detection, dimensionality reduction 

(including Principal Component Analysis and t-SNE), and association rule learning (Géron, 2019). 

Since labeling data is often time-consuming and costly, some algorithms can handle partially 

labeled data through semi-supervised learning approaches (Géron, 2019). 

Reinforcement Learning represents a distinct category where an agent learns optimal 

behavior through interaction with its environment, receiving rewards or penalties based on its 

actions. The agent must develop a policy - a strategy for choosing actions in given situations - to 

maximize long-term rewards (Géron, 2019). 

Machine learning systems can also be classified based on their learning method: batch 

learning requires training on all available data simultaneously, while online learning enables 

incremental learning from sequential data streams. The learning rate in online systems determines 

how quickly they adapt to new data, with higher rates enabling rapid adaptation but potentially 

forgetting older patterns, and lower rates providing more stability but slower learning (Géron, 

2019). 

2.6.2 Machine Learning Basics: Preprocessing and Evaluation 

Data preprocessing represents a critical step in agricultural machine learning applications, 

particularly given the diverse nature of agricultural data. One of the most fundamental 

transformations required is feature scaling, as machine learning algorithms typically perform 

poorly when input numerical attributes have significantly different scales (Géron, 2019). This is 

especially relevant in agricultural applications where features may range from small-scale 

measurements like leaf thickness (millimeters) to large-scale measurements like field size 

(hectares). 

Two primary approaches to feature scaling are commonly employed: min-max scaling and 

standardization. Min-max scaling, often referred to as normalization, transforms values to range 
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from 0 to 1 by subtracting the minimum value and dividing by the range (maximum minus 

minimum). This approach is particularly useful for agricultural image processing, where pixel 

values need to be normalized for consistent model performance. Standardization, alternatively, 

centers the data around zero by subtracting the mean and dividing by the standard deviation, 

resulting in unit variance. While standardization doesn't bound values to a specific range, it proves 

more robust against outliers, which are common in agricultural data due to environmental 

variations (Géron, 2019). 

A critical aspect of machine learning is the model's ability to generalize - performing well 

on new, previously unseen inputs rather than just the training data (Goodfellow; Bengio; Courville, 

2016). This creates a fundamental tension between optimization (improving performance on 

training data) and generalization (maintaining performance on new data) (Chollet, 2021). 

A typical ML model implementation involves a careful calibration process where the model 

is trained on a designated training set and validated on a separate testing set (Gill et al., 2022). To 

properly evaluate model performance, data is typically split into three sets: training, validation, and 

test sets. The validation set helps prevent information leaks and enables model tuning, while the 

test set provides the final evaluation of model performance before deployment (Chollet, 2021). 

Two common validation approaches are simple holdout validation and k-fold validation. In 

holdout validation, a portion of data is set aside as the test set, with the remaining data used for 

training and validation. K-fold validation divides data into K equal partitions, training the model 

K times using different combinations of partitions, which is particularly useful when model 

performance shows significant variance based on the train-test split (Chollet, 2021). 

Most ML algorithms require careful selection of hyperparameters - settings that control the 

learning algorithm's behavior but are not learned during training. These include learning rate, 

regularization constants, dropout ratio, and model architecture. The complexity of modern ML 

models makes selecting optimal hyperparameter combinations increasingly challenging (Cho; 

Hegde, 2019). Typically, about 80% of the training data is used for actual training, with 20% 

reserved for validation to guide hyperparameter selection (Goodfellow; Bengio; Courville, 2016). 

Two central challenges in machine learning can be seen in Figure 5: underfitting and 

overfitting. Underfitting occurs when the model fails to achieve sufficiently low error rates on the 

training set, indicating it's too simple to capture the underlying data structure. Overfitting happens 

when the model performs well on training data but fails to generalize, showing a large gap between 
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training and test errors (Goodfellow; Bengio; Courville, 2016). To combat overfitting, 

regularization techniques can be employed, including early stopping - halting training when 

validation error begins to increase (Géron, 2019). 

 

FIGURE 5. Canonical overfitting behavior graph showing the relationship between model complexity and error 

rates, with the characteristic U-shaped test error curve illustrating the transition from underfitting (high bias) to 

overfitting (high variance) as model complexity increases (Goodfellow; Bengio; Courville, 2016). 

During the initial phases of model training, there is a direct relationship between model 

optimization and its ability to generalize: as the model's performance improves on the training 

dataset (shown by decreasing loss), it similarly improves on the test dataset. During this phase, the 

model is considered underfit, meaning it has not yet fully captured or learned the essential patterns 

within the training data, indicating room for improvement. However, as training continues and 

iterations increase, the model's ability to generalize reaches a plateau and subsequently deteriorates 

– this marks the onset of overfitting. At this point, the model begins to memorize specific 

characteristics or noise from the training data rather than learning meaningful patterns, making 

these learned features unreliable or meaningless when applied to new, unseen data (Chollet, 2021). 

Several performance metrics are used to evaluate machine learning models, often differing 

from the cost functions used during training (Goodfellow; Bengio; Courville, 2016). For 

classification tasks, accuracy - the proportion of correctly classified examples - serves as a basic 

metric: 
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 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (5)   

where 𝑇𝑃 is the number of true positives, 𝑇𝑁 is the number of true negatives, 𝐹𝑃 is the number of 

false positives and 𝐹𝑁 is the number of false negatives. However, more nuanced metrics are often 

necessary for comprehensive evaluation. 

Precision and recall are two fundamental metrics used in classification tasks. Precision 

measures the accuracy of positive predictions, calculated as the ratio of true positives to all positive 

predictions (Géron, 2019; Goodfellow; Bengio; Courville, 2016) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (6)   

Recall, also known as sensitivity or true positive rate (TPR), measures the proportion of 

actual positive instances correctly identified (Géron, 2019; Goodfellow; Bengio; Courville, 2016) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (7)   

To combine precision and recall into a single metric, the F1 score is commonly used. This 

score represents the harmonic mean of precision and recall: 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (8)   

The F1 score particularly favors classifiers with balanced precision and recall. However, this 

balance isn't always desirable, as some applications may prioritize one metric over the other. This 

creates the precision/recall trade-off, where improving one metric typically comes at the cost of 

degrading the other (Géron, 2019; Goodfellow; Bengio; Courville, 2016). 

The success of machine learning in agricultural systems ultimately depends on careful 

model selection, appropriate data preparation, proper validation procedures, and thorough 

performance evaluation. As agricultural data continues to grow in volume and complexity, machine 

learning techniques will become increasingly vital for extracting meaningful insights and 

supporting decision-making in agricultural research and practice. 

2.6.3 Machine Learning in Agriculture 

Agricultural machine learning applications face unique implementation challenges. Field 

data collection often involves dealing with missing values due to sensor failures, weather 

interference, or incomplete measurements. Additionally, agricultural data typically exhibits strong 

temporal and spatial correlations, requiring careful consideration during the train-test split to avoid 

data leakage (Kumar et al., 2018). 
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In agricultural applications, feature scaling becomes particularly crucial when dealing with 

multiple data sources. For example, when combining drone imagery data (measured in reflectance 

values) with ground sensor data (measuring soil moisture, temperature, and nutrient levels), proper 

scaling ensures all features contribute proportionally to the model's learning process (Wang; Myint, 

2015). 

Recent research has demonstrated the versatility of machine learning approaches in soybean 

cultivation and assessment. Multiple regression models have shown promise for yield prediction, 

with Cubist and Random Forest achieving particularly strong results (r² = 0.89) against Extreme 

Gradient Boosting (r² = 0.68), Stochastic Gradient Boosting (r² = 0.59) and Support Vector Machine 

(r² = 0.70),  when integrating UAV-derived spectral bands, canopy height, and texture features 

(Alabi et al., 2022). Neural Network sensitivity analysis has successfully identified key 

meteorological factors influencing harvest dates (Niedbała et al., 2022), while Random Forest, 

Neural Network, and Support Vector Machine algorithms have demonstrated high accuracy (>89%) 

in segmenting seed maturation stages using spectral imaging (Batista et al., 2022). 

For soybean maturity assessment specifically, several techniques have shown effectiveness. 

Multiple Linear Regression models using both wavebands (r² = 0.43) and vegetation indices (r² = 

0.50) have provided valuable maturity predictions, with waveband approaches offering greater 

simplicity (Christenson et al., 2016). Partial Least Square Regression utilizing fractional vegetation 

cover and leaf chlorophyll content from UAV-RGB imagery has achieved impressive accuracy 

(>98%) in maturity monitoring (Hu et al., 2023). Non-Parametric Local Polynomial Regression 

has also demonstrated strong performance (r² = 0.84–0.97) when analyzing vegetation indices from 

UAV imagery (Volpato et al., 2021). 

The integration of maturity group information with remote sensing data has significantly 

enhanced soybean yield estimation through various regression techniques, including Partial Least 

Square Regression, Gaussian Process Regression, Random Forest Regression and Kernel Ridge 

Regression (Ren et al., 2023). UAV-based multispectral imagery has proven practical for 

estimating maturity dates across hundreds of breeding lines using Partial Least Square Regression 

with cross-validation (Zhou et al., 2019). Random Forest models have successfully performed 

binary maturity classification (accuracy >93%) using temporal multispectral data (Yu et al., 2016).  
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More sophisticated approaches include Artificial Neural Networks for tropical soybean 

genotype classification by maturity group (Amaral et al., 2022) and multilayer regression networks 

for predicting days to maturity (r² = 0.66) using multitemporal-multispectral datasets (Teodoro et 

al., 2021).  

Despite these advancements, gaps remain in the current state of the science. Most studies 

have focused on integrating multispectral imagery and traditional vegetation indices, with 

waveband models showing limitations due to their complexity. Although Partial Least Square 

Regression and other models have achieved high accuracy in monitoring soybean maturity, there 

is a need for more streamlined and efficient approaches. 

While traditional machine learning approaches have demonstrated significant value in 

agricultural applications, the complexity of phenotypic data and the need for automated feature 

extraction have led to increased adoption of deep learning methods. Deep neural networks, 

particularly convolutional architectures, offer powerful solutions for processing and analyzing 

agricultural imagery. 

2.7 Convolutional Neural Networks in Agricultural Applications 

Deep learning represents a specialized branch of machine learning and artificial intelligence 

that has evolved significantly over recent decades, drawing heavily from our understanding of 

human brain functionality, statistics, and applied mathematics. While these systems can process 

vast amounts of data, they still fall considerably short of human brain capabilities (Altalak et al., 

2022). The field has seen remarkable growth due to advances in computing power, larger datasets, 

and improved training techniques (Goodfellow; Bengio; Courville, 2016). 

The fundamental philosophy of deep learning is based on connectionism: while individual 

neurons or features may not exhibit intelligence independently, their collective behavior can 

demonstrate intelligent patterns. The effectiveness of neural networks has significantly improved 

since the 1980s, primarily due to the dramatic increase in network size and complexity 

(Goodfellow; Bengio; Courville, 2016). 

Deep learning represents a new approach to learning data representations through 

successive layers of increasingly meaningful representations. The term "deep" refers to these 

multiple layers of representations rather than any deeper understanding achieved by the approach. 

The layered representations are learned through neural networks structured in literal layers stacked 

upon each other (Chollet, 2021). 
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Unlike traditional machine learning approaches that require extensive feature engineering 

- a laborious and expertise-dependent process - deep learning automates the feature extraction 

process. In shallow learning methods, input data typically needs to be transformed into one or two 

successive representation spaces through simple transformations. These approaches proved 

insufficient for complex problems that required more refined representations, forcing human 

experts to manually engineer appropriate layers of data representation. This feature engineering 

process was not only time-consuming but also heavily reliant on domain expertise and often 

resulted in suboptimal solutions. Deep learning, in contrast, automates this entire process by 

learning all necessary features in a single pass, eliminating the need for manual feature engineering. 

This automation has greatly simplified machine learning workflows, often replacing sophisticated 

multi-stage pipelines with single, end-to-end models (Chollet, 2021).  

In agricultural applications, deep learning has demonstrated superior performance 

compared to conventional machine learning methods, particularly in plant phenotyping 

applications, where the automatic feature extraction capability has proven especially valuable in 

handling complex visual patterns and characteristics (Gill et al., 2022). This shift from manual to 

automated feature extraction has democratized machine learning applications in agriculture, 

allowing researchers to focus more on problem definition and result interpretation rather than on 

the technical intricacies of feature design. 

The learning process in deep learning involves mapping inputs (such as images) to specific 

targets (such as labels) through a series of data transformations. These transformations are stored 

in the layer's weights - essentially numerical values that parameterize the layer's operation. 

Learning occurs by finding optimal values for these weights across all network layers to correctly 

map inputs to their associated targets (Chollet, 2021). 

To control and optimize this learning process, deep learning systems employ a loss function 

(also called objective or cost function) that measures the distance between the network's predictions 

and the desired outputs. This function provides a feedback signal that allows the network to adjust 

its weights incrementally through a process called backpropagation. Initially, the network's weights 

are randomly assigned, resulting in random transformations and high loss scores. As the network 

processes more examples, the weights are gradually adjusted to minimize the loss function, 

eventually resulting in a trained network capable of making accurate predictions (Chollet, 2021).  
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The deep neural networking modeling represented in Figure 6 involves three crucial 

components: 

1) An optimizer - the mechanism for model self-improvement based on training data. 

2) A loss function - the means of measuring performance on training data. 

3) Monitoring metrics - such as accuracy measurements during training and testing. 

 

FIGURE 6. Deep neural network modeling framework illustrating the three essential components: optimizer for 

model improvement, loss function for performance measurement, and monitoring metrics for evaluation during 

training and testing (Chollet, 2021). 

Deep learning models are typically overparameterized, meaning they have more degrees of 

freedom than necessary to fit the data. However, this overparameterization isn't problematic 

because training is interrupted before reaching minimum possible training loss. Finding the optimal 

point during training - the boundary between underfitting and overfitting - is crucial for improving 

generalization (Chollet, 2021). 

Preprocessing requirements for deep learning are relatively minimal compared to 

traditional approaches. While images must be formatted to a standard size through cropping or 

scaling, other preprocessing steps are often unnecessary when working with large datasets and 

models. The system can learn to handle various types of data variability automatically (Chollet, 

2021). 

The size and complexity of neural networks make hardware infrastructure a critical 

consideration in deep learning applications. While traditional neural networks were trained using 

single-machine CPUs, modern deep learning typically requires more sophisticated computing 
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resources. Contemporary approaches primarily utilize GPU computing or networked CPU clusters, 

as neural networks involve large parameter buffers, activation values, and gradient values that must 

be updated during each training step (Goodfellow; Bengio; Courville, 2016). 

GPUs offer significant advantages over CPUs due to their superior memory bandwidth, 

which becomes crucial when parameter buffers exceed traditional desktop computer cache sizes. 

Neural networks are particularly well-suited for GPU processing due to their minimal branching 

requirements and the independent nature of neuron processing within layers. This architectural 

compatibility allows neural networks to effectively leverage GPU parallelism (Goodfellow; 

Bengio; Courville, 2016). 

In agricultural applications, particularly for deployment in field conditions, inference 

optimization becomes crucial. While training costs may be significant, they are typically one-time 

expenses, whereas inference costs affect each end-user interaction. For applications without 

personalization requirements, a single trained model can serve billions of users, making inference 

efficiency particularly important for resource-constrained end-users (Goodfellow; Bengio; 

Courville, 2016). 

The development of deep learning architectures often follows an evolutionary rather than 

purely designed approach, with improvements emerging through iterative experimentation. This 

evolutionary nature requires careful validation through ablation studies - systematic investigations 

where system components are selectively removed or replaced to understand their contributions to 

overall performance (Chollet, 2021). 

Ablation studies serve as a low-effort but effective method for understanding causality 

within deep learning systems. When a system combining components X, Y, and Z shows good 

performance, testing various combinations (X, Y, Z, X+Y, X+Z, Y+Z) helps identify the true 

sources of performance improvements. This approach is particularly valuable in agricultural 

applications, where understanding the contribution of different input features (such as spectral 

bands or temporal sequences) can inform both model optimization and data collection strategies 

(Chollet, 2021). 

In the agricultural domain, numerous studies have explored the application of deep learning 

techniques. Reviews of these research efforts have consistently demonstrated that deep learning 

approaches outperform traditional machine learning methods in terms of accuracy. Comprehensive 

surveys of various deep neural network architectures used in agriculture have been conducted, 
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providing an overview of the current state-of-the-art technologies. These analyses have revealed 

that convolutional neural networks are the most frequently adopted foundational structure in 

agricultural applications  (Altalak et al., 2022; Gill et al., 2022; Kamilaris; Prenafeta-Boldú, 2018; 

Mehta et al., 2021; Ren; Kim; Jeong, 2020). 

While CNNs remain dominant in agricultural image analysis, it is worth noting that the 

field continues to evolve with newer architectural approaches. Recent research has explored 

transformer architectures, originally designed for natural language processing but adapted to image 

recognition tasks through models like Vision Transformer (ViT) (Dosovitskiy et al., 2021). Unlike 

CNNs, which process images through local convolutional filters with fixed receptive fields, 

transformers employ a self-attention mechanism that allows global modeling of relationships 

across the entire image. This capability has shown promise in agricultural applications requiring 

long-range spatial context or multi-modal data integration, particularly when pre-trained on large 

datasets (Wang et al., 2024). However, transformers typically require more computational 

resources than CNNs and may underperform when training data is limited, making CNNs still the 

preferred choice for many practical agricultural applications, especially in resource-constrained 

environments. Hybrid approaches that combine CNN and transformer components have emerged 

as an area of ongoing research, potentially offering complementary benefits of both architectures. 

2.7.1 Convolutional Neural Networks 

Convolutional Neural Networks (CNNs) represent a specialized type of neural network 

designed to process data with grid-like topologies, such as time-series data (1D grid) or image data 

(2D grid). These networks have achieved remarkable success in practical applications, particularly 

in computer vision tasks. The term "convolutional" refers to the mathematical operation of 

convolution, a specialized linear operation that replaces general matrix multiplication in at least 

one network layer (Goodfellow; Bengio; Courville, 2016). 

CNNs have emerged as the most commonly used classification model in plant studies, with 

their primary advantage being the ability to utilize raw images as input without extensive 

preprocessing. These networks excel at learning complex problems rapidly through weight sharing 

and sophisticated model structures, enabling extensive parallelization (Pan; Yang, 2010). The 

architecture typically consists of three main components: convolutional layers, pooling layers, and 

fully connected layers as shown in Figure 7 (Ren; Kim; Jeong, 2020). Convolutional layers are 

primarily responsible for feature extraction, leveraging their ability to detect spatial relationships. 
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Pooling layers complement this process by reducing dimensionality, enhancing efficiency, and 

mitigating overfitting  (Mendoza-Bernal; González-Vidal; Skarmeta, 2024). 

 

FIGURE 7. Architectural illustrations of (a) a typical convolutional neural network showing the sequence of 

convolutional, pooling, and fully connected layers, and (b) the convolution operation with a 3×3 kernel, stride of 1, 

and no padding, demonstrating how feature maps are generated (He et al., 2023). 

In the convolutional layers, neurons connect to small regions of the input image called 

receptive fields, rather than to every pixel. This design allows the network to focus on small, low-

level features in the initial layers and progressively assemble them into larger, higher-level features 

in subsequent layers. The process involves sliding windows of defined sizes (typically 3×3 or 5×5) 

over the input feature map, extracting 3D patches at every possible Location (Chollet, 2021). 

These networks implement parameter sharing, where the same parameters are used for more 

than one function in the model. This approach significantly reduces memory requirements and 

improves statistical efficiency compared to traditional neural networks. The convolution operation 

creates equivariance to translation, meaning that if the input changes, the output changes in the 

same way. This property is particularly useful for detecting features regardless of their position in 

the input data (Goodfellow; Bengio; Courville, 2016). 
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The pooling layers serve to subsample the input, reducing computational load, memory 

usage, and the number of parameters, thereby limiting overfitting risk. Unlike convolutional layers, 

pooling neurons have no weights and simply aggregate inputs using functions such as max or mean. 

The combination of convolutional and pooling layers progressively reduces the spatial dimensions 

while typically increasing the depth (number of feature maps) of the network (Géron, 2019). 

The mathematical framework of CNNs involves specific calculations at each layer type. In 

the convolutional layer, the feature value at location (i,j) for the kth feature map of the lth layer is 

calculated through a combination of weights, input values, and activation functions. The most 

commonly used activation function in CNNs is ReLU (Rectified Linear Unit), which outputs the 

input directly if positive, or zero otherwise (Moreno-Revelo et al., 2021). 

After multiple convolutions, the fully connected layer integrates these highly abstracted 

features, which can be normalized to produce classification probabilities. While early layers 

commonly employ ReLU activation functions, the fully connected layers typically use softmax 

activation, which scales outputs between zero and one to indicate the probability of an input 

belonging to a specific class (Mendoza-Bernal; González-Vidal; Skarmeta, 2024). 

The network's components can be mathematically described as follows: 

• convolutional layer: the feature value at location (i, j) referring to the kth feature map of the 

lth layer, 𝑧𝑖,𝑗,𝑘
𝑙   is calculated as: 

 𝑧𝑖
𝑙 =  𝜎 (𝑤𝑘

𝑙𝑇
 𝑥𝑖,𝑗

𝑙 +   𝑏𝑘
𝑙 ) , (9)   

in which 𝑥𝑖,𝑗
𝑙  is the input centered at position (i, j) referring to the lth layer, 𝑤𝑘

𝑙𝑇
 and 𝑏𝑘

𝑙  are 

respectively the weight vector and the bias term of the kth filter on the lth layer, and σ is the 

activation function which in convolutional neural networks architecture is usually ReLu 

(Santos et al., 2023): 

 𝑅𝑒𝐿𝑢 (𝑥) = max{0, 𝑥} , (10)   

• pooling layer: each feature map of a pooling layer is connected to the corresponding feature 

map of the previous convolutional layer. The output generated by the pooling function for 

the feature map 𝑧𝑖,𝑗,𝑘
𝑙  is represented by the expression: 

 𝑝𝑚,𝑘 =  max𝑛=1
𝑁 (𝑧𝑖−1

𝑙 × 𝑞 + 𝑛 ) , (11)   
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in which 𝑁 is the cluster size; and 𝑞 is the slide size, which determines the degree to which 

adjacent pool windows overlap (Santos et al., 2023). 

• fully connected (dense) layer: a fully connected layer takes all the neurons in the previous 

layer and connects them to every neuron in the current layer. Dropout technique is usually 

adopted is this layer, in which some neurons are randomly turned off, along their 

connections, during training only (Santos et al., 2023). For classification problem, it is 

common to use as many neurons as there are classes to predict and the output 𝜎(𝑧)𝑖 has a 

softmax activation function for the ith class represented in the following equation: 

 𝜎(𝑧)𝑖 =  
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗𝐾

𝑗=1

, (12)   

in which 𝐾 is the total number of classes. 

The training process of CNNs is computationally intensive, with the most expensive part 

being feature learning. During supervised training with gradient descent, each step requires 

complete forward and backward propagation through the entire network (Ren; Kim; Jeong, 2020). 

The data used typically consists of several channels, each representing different quantities at 

specific points in space or time (Goodfellow; Bengio; Courville, 2016). 

To combat overfitting, various regularization techniques are employed (Moreno-Revelo et 

al., 2021). Dropout is one of the most effective and widely used methods, implementing a 

remarkably simple yet powerful regularization strategy. During training, each neuron in the 

network (except output neurons) has a probability p of being temporarily "dropped out" or 

deactivated at each training step. This dropout rate typically ranges between 20% and 50%. The 

technique effectively creates an ensemble of different neural networks by randomly removing 

various combinations of neurons during training, as each dropout configuration essentially 

produces a different sub-network of the original architecture. This approach is computationally 

inexpensive yet highly effective, as it forces the network to learn more robust features that are 

useful in conjunction with many different random subsets of the other neurons as shown in Figure 

8. During testing, no units are dropped, but output values are scaled down by a factor equal to the 

dropout rate to maintain balance between training and inference phases. This introduction of noise 

helps break up coincidental patterns that the model might otherwise memorize, preventing complex 

co-adaptations between neurons where a feature detector is only helpful in the context of several 
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other specific feature detectors (Chollet, 2021; Géron, 2019; Goodfellow; Bengio; Courville, 

2016). 

 

FIGURE 8. Dropout regularization technique visualization showing how randomly deactivating neurons during 

training creates an ensemble effect that improves model generalization by preventing co-adaptation of features 

(Goodfellow; Bengio; Courville, 2016). 

Early stopping represents another crucial regularization technique, particularly effective for 

deep learning models that are inherently overparameterized. While training error typically 

continues to decrease throughout the training process, validation error often begins to increase after 

a certain point, indicating overfitting. Early stopping addresses this by monitoring the model's 

performance on a validation set and preserving the model parameters when validation metrics are 

at their best. The training process is terminated when the validation error shows no improvement 

for a predetermined number of iterations. This approach effectively finds the optimal point between 

underfitting and overfitting, ensuring the most generalizable model possible. Implementation 

typically involves saving the model state whenever validation performance improves and reverting 
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to the best-performing version once training concludes. This method has become one of the most 

widely used regularization techniques in deep learning, valued for both its effectiveness and 

simplicity (Chollet, 2021; Goodfellow; Bengio; Courville, 2016). 

2.7.2 Other Deep Learning Techniques in Agriculture 

Deep learning has emerged as a transformative approach for agricultural image analysis, 

with numerous applications specifically focused on soybean phenotyping and maturity assessment. 

A deep learning method within the Convolutional neural network was used to detect mature 

soybean stem nodes and identified soybean structural features through a novel directed search 

algorithm and RGB images - YOLOX had a maximum average accuracy of 94.36% for soybean 

stem nodes and scale markers (Guo et al., 2022). A recognition method of soybean pods and 

estimation of pods weight per plant using RGB images were proposed based on improved YOLOv5 

model reaching 91.7% with detection rate of 24.39 frames per millisecond (He et al., 2023). Two 

complementary Convolutional neural networks were developed to predict the maturity date in an 

image-based high-throughput phenotyping system for evaluating soybean in breeding programs 

with an RMSE lower than 2.0 days in four out of five trials (Trevisan et al., 2020). An UAV-based 

multimodal data fusion using RGB, multispectral and thermal sensors were used to estimate 

soybean grain yield within the framework of Deep Neural Network (Maimaitijiang et al., 2020). 

Five deep learning architectures, Inception-v3, Resnet-50, VGG-16, VGG-19 and Xception, were 

evaluated for the classification of soybean pest images reaching accuracies of up to 93.82% (Tetila 

et al., 2020). An automatic approach for estimating the relative maturity of soybeans using a time 

series of UAV images and an end-to-end hybrid model combining Convolutional neural networks 

and Long Short-Term Memory was tested on six different environments with less than 2 days of 

error for five environments (Moeinizade et al., 2022). A new Convolutional neural network, called 

DS-SoybeanNet, was designed to improve the performance of UAV-based soybean maturity 

information monitoring showing overall accuracies for different fields of 99.19% and 86.26% 

(Zhang et al., 2022). 

While multimodal approaches have been explored, integrating diverse data types (RGB, 

multispectral, thermal) remains complex and computationally intensive. Streamlining these 

processes is necessary for practical applications. Moreover, models often show variability in 

performance across different environmental conditions, indicating a need for more robust models 

that can generalize well to various field conditions. High accuracy models often rely on complex 
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and resource-intensive methodologies, which may limit scalability and accessibility for broader 

agricultural use. By addressing these limitations and introducing innovative methodologies, this 

study seeks to advance the field of soybean maturity classification, contributing to improved 

agricultural practices and decision-making. 

2.8 Previous Studies in Soybean Maturity Classification 

This section examines key studies focused specifically on soybean maturity classification 

and prediction, highlighting their methodological approaches, achievements, and limitations that 

inform the current research. The present work builds upon these foundations while addressing 

several persistent challenges, particularly the need for environmental robustness and efficient 

deployment in breeding programs. Our approach leverages convolution-based deep learning 

architectures that can effectively process single-timepoint RGB imagery while maintaining high 

accuracy across diverse environments – a combination that previous methods have struggled to 

achieve simultaneously. 

Soybean maturity classification represents a critical application of computer vision in 

agriculture. Trevisan et al. (2020) developed an RGB image-based high-throughput phenotyping 

system using UAV imagery with two complementary CNNs to predict maturity dates. Rather than 

classifying discrete maturity stages, their system was designed to directly predict the days until 

maturity from images taken at various timepoints throughout the growing season. Their system 

achieved RMSE values below 2.0 days in four out of five trials across diverse environments. 

However, they noted decreased performance when applied to environments with different lighting 

conditions or plant architectures, highlighting the challenge of environmental transferability. 

Building on this foundation, Moeinizade et al. (2022) developed a temporal approach 

combining CNN feature extraction with LSTM networks to capture developmental patterns across 

multiple imaging dates. Their model achieved predictions within 2 days of ground-truth 

measurements across five of six environments tested. A key innovation was the integration of 

temporal information through the LSTM architecture, allowing their model to learn patterns of 

color change over time rather than relying on single-time point assessments. While their model 

performed exceptionally well in five environments (with MAE < 2 days), they observed reduced 

accuracy in one environment (MAE of approximately 2.5 days), which they attributed to outliers 

and the use of a different UAV platform. This highlights the ongoing challenge of creating models 

that generalize perfectly across diverse imaging conditions. 
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Zhang et al. (2022) focused on extracting both shallow and deep image features with their 

DS-SoybeanNet architecture. This approach was applied to classify soybean plots into four 

maturity categories: immature, near-mature, mature, and harvested. Testing across two independent 

soybean breeding fields, they achieved classification accuracies of 99.19% on their training field 

and 86.26% on an independent validation field. Their approach showed greater robustness to 

environmental variation compared to standard CNN architectures like MobileNetV2 and 

ResNet50, which exhibited substantial performance degradation when applied to the independent 

validation field. However, the authors acknowledged limitations in their approach, particularly the 

large model size which could limit deployment on resource-constrained devices and noted that 

further validation across additional fields and growing seasons would be necessary to fully 

establish the model's generalizability. 

While Zhang's work focused on classifying current maturity states, other researchers have 

investigated predictive approaches that forecast maturity timing from earlier growth stages. Several 

researchers have explored the temporal dimension of soybean maturity. Yuan et al. (2019) 

developed an early prediction approach using color and texture features extracted from early-

season canopy RGB imagery. Rather than tracking temporal changes in vegetation indices, their 

method focused on extracting rich feature sets from early-season images (V4/V5 growth stage) to 

predict end-season traits including maturity. Using the Cubist regression algorithm, they achieved 

promising results with R² = 0.76 and RMSE = 3.70 days across four locations. Texture features 

alone provided better predictions than color features, suggesting that canopy structural information 

carried more predictive power than simple color metrics. A key strength of their approach was 

enabling early-season predictions, though they acknowledged limitations including unexplained 

mechanisms, limited generalizability beyond their test environments in Nebraska, and potential 

inconsistencies due to lack of color calibration in their imaging protocol. 

Zhou et al. (2019) focused on multispectral imagery during the maturity transition period 

(R7-R8), extracting 130 spectral features from five-band multispectral images and using PLSR to 

predict maturity dates with R² = 0.81 and RMSE = 1.4 days. They found that vegetation indices 

related to chlorophyll content and water stress were particularly valuable for capturing maturity 

transitions, and their method performed best using images from the beginning of maturity 

combined with change rates from mid-maturity. However, they acknowledged limitations in their 

approach, particularly related to imaging conditions due to environmental factors. 
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Volpato et al. (2021) tracked changes in vegetation indices over time using LOESS 

regression applied to time-series of GLI values derived from UAV imagery. They demonstrated 

that weekly imaging was sufficient to achieve high accuracy (r = 0.84-0.97), with minimal 

improvements from more frequent flights. Their approach showed robustness across different 

environments, with broad-sense heritability estimates for UAV-based dates equal to or higher than 

ground-based estimates in 40 of 53 field trials. While they emphasized the importance of 

environment-specific threshold calibration based on region, sensor hardware, and germplasm, they 

found their method relatively insensitive to small threshold variations once properly configured, 

indicating good cross-environmental robustness. 

While the above studies primarily relied on RGB imagery or derived vegetation indices 

tracked over time, researchers have also explored whether incorporating additional sensing 

modalities beyond temporal information could further improve phenotyping accuracy.  

Maimaitijiang et al. (2020) investigated the integration of RGB, multispectral, and thermal data for 

soybean phenotyping, demonstrating that multi-modal data fusion significantly improved 

prediction accuracy. Their deep neural network approach achieved R² = 0.72 for yield prediction 

by leveraging complementary information: RGB data captured structural information, 

multispectral indices tracked physiological properties, and thermal imagery detected temperature 

variations related to plant water status. While showing promise for comprehensive phenotyping 

beyond maturity classification, the authors acknowledged that their approach required validation 

across diverse crops, genotypes, development stages, and environments, with the complexity of 

their multi-sensor system and data processing pipeline presenting significant barriers to adoption 

in production breeding programs. 

Recent advances in deep learning have enabled more sophisticated approaches. Guo et al. 

(2022) used the YOLOX object detection network to identify stem nodes with a maximum average 

precision 94.36% and a novel directed search algorithm to extract structural features in mature 

soybeans. Their automated measurements of multiple phenotypes achieved Pearson correlation 

coefficients between 0.9084 and 0.9925 compared to manual measurements. While this work 

focused on stem-related phenotypes rather than maturity classification specifically, it demonstrated 

the potential of advanced deep learning approaches for high-throughput phenotyping of mature 

soybean plants. 
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He et al. (2023) enhanced the YOLOv5 architecture with a coordinate attention module and 

modified regression loss function to detect and count soybean pods, achieving 91.7% average 

precision while reducing computational requirements by 17%. Their yield prediction model based 

on pod phenotypic traits achieved R² = 0.945 for single pod weight estimation and a mean relative 

error of 0.122 for whole-plant yield estimation. 

More recently, transformer architectures have emerged as powerful alternatives to 

traditional CNN-based approaches for agricultural image analysis. Unlike CNNs that process 

images using fixed receptive fields, transformers employ self-attention mechanisms that can 

dynamically model relationships between all parts of an image or sequence, potentially capturing 

more complex patterns in plant development and appearance. Bi et al. (2023) proposed a 

transformer-based approach for early soybean yield prediction using time-series images and seed 

information that reduced prediction error by over 40% by separately processing plant and soil 

image components and modeling temporal dependencies. However, their approach was limited by 

a dataset from a single location and season with only three time-series images per plot, restricting 

temporal analysis. The model also incorporated minimal seed information without considering 

other environmental or genetic factors, and calculated attention scores separately for images and 

time series rather than exploring cross-temporal patch relationships. 

Beyond soybeans, Khan et al. (2023) developed a convolutional transformer for tomato 

maturity recognition that effectively classified ripeness stages across three datasets. While their 

hybrid architecture handled occlusion well, it struggled with extremely occluded or small tomatoes 

and sometimes generated false masks or pixel-level false positives. Their dataset's limited diversity 

in tomato varieties, growth stages, and lighting conditions potentially reduced generalizability, and 

its greenhouse-focused nature might not translate well to open-field applications without additional 

training data. 

While these advanced sensing approaches and deep learning techniques offer improvements 

in accuracy, practical breeding applications must consider trade-offs in cost, complexity, and 

scalability. Multi-modal approaches show promise for improving robustness, but further work is 

needed to develop systems that are both accurate and practical for large-scale breeding operations. 

Analysis of the current literature reveals several consistent challenges and research gaps in 

soybean maturity classification: 
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a. Environmental Transferability: A persistent challenge across studies is the degradation in 

model performance when applied to new environments with different lighting conditions, 

plant architectures, or imaging platforms. While Volpato et al. (2021) demonstrated some 

cross-environmental robustness, most approaches like Trevisan et al. (2020) and 

Moeinizade et al. (2022) show significant performance drops in novel environments. This 

highlights the critical need for models that can generalize across diverse growing conditions 

without extensive recalibration. 

b. Temporal Information Integration: Current approaches vary widely in how they leverage 

temporal information. While Moeinizade et al. (2022) and Bi et al. (2023) incorporated 

time-series data through LSTM and transformer architectures respectively, they were 

limited by sparse temporal sampling. Yuan et al. (2019) took a different approach by 

extracting rich feature sets from early-season images. The optimal strategy for temporal 

information integration — balancing prediction accuracy with practical data collection 

requirements — remains an open question. 

c. Feature Representation: Studies have utilized diverse approaches to feature extraction, from 

handcrafted color and texture features (Yuan et al., 2019) to CNN-based representations 

(Trevisan et al., 2020) and transformer architectures (Bi et al., 2023; Khan et al., 2023). 

Zhang et al.'s (2022) DS-SoybeanNet demonstrated that combining shallow and deep 

features can improve robustness, but the ideal feature representation strategy for maturity 

classification remains unclear, particularly for achieving environmental generalization. 

d. Practical Deployment Considerations: Many high-performing approaches rely on 

specialized equipment (Maimaitijiang et al., 2020), multiple imaging dates (Volpato et al., 

2021), or complex processing pipelines that limit practical implementation in large-scale 

breeding programs. The computational requirements of advanced models like Khan et al.'s 

(2023) convolutional transformer or Zhang et al.'s (2022) DS-SoybeanNet further 

complicate field deployment. Solutions that balance accuracy with operational simplicity 

could significantly increase adoption. 

e. Experimental Validation vs. Performance: Most deep learning approaches focus primarily 

on achieving high accuracy metrics without extensive experimental validation of the 

underlying biological mechanisms. While these models demonstrate impressive 

performance, the limited scope of experimental validation restricts understanding of the 



 

 

42 

 

visual features driving classification decisions and the biological processes underlying 

maturity progression. More comprehensive experimental frameworks could both improve 

model reliability and provide valuable insights into phenotypic mechanisms beyond simple 

classification. 

f. Handling Spatial Heterogeneity: Within-plot maturity variation represents a significant 

challenge rarely addressed in current literature. Most approaches aggregate plot-level 

features, potentially obscuring important spatial patterns in maturity progression. 

Automated methods for handling heterogeneous maturity patterns could improve both 

accuracy and utility for breeding applications where uniform maturity is a desirable trait. 

The present research addresses these gaps by developing a computationally efficient 

architecture that maintains high accuracy across diverse environments while requiring only single-

timepoint RGB imagery. By incorporating convolutional mechanisms that automatically focus on 

relevant plot regions and implementing domain adaptation techniques, this work aims to overcome 

the environmental transferability limitations identified in previous studies. Additionally, the 

proposed approach includes extensive and comprehensive experimental validation that provides 

insight into the visual features driving classification decisions, moving beyond the closed-system 

nature of many current solutions while maintaining the performance advantages of deep learning 

architectures. 
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3 MATERIALS AND METHODS 

The experimental study was conducted during the 2023 growing season across two 

Locations in Iowa state, USA, utilizing advanced imaging technology and comprehensive 

environmental monitoring to develop and validate a deep learning approach for soybean maturity 

classification. The research infrastructure combined high-resolution aerial imagery, environmental 

sensors, and extensive genetic trials to create a robust framework for cross-location maturity 

assessment. This research was conducted using proprietary data from Syngenta Seeds breeding 

programs, with all experimental materials, genetic information, and resulting datasets remaining 

the exclusive property of Syngenta Seeds. 

3.1 Experimental Design and Data Collection 

The research was conducted at two experimental sites in Iowa, USA: a primary location in 

Slater (Location 01) and a secondary site in Alleman (Location 02) shown in Figure 9. Location 01 

comprised 41,072 experimental plots, with dimensions of 10 × 2.5 feet per plot, strategically 

divided into training (33,184 plots) and testing (7,888 plots) fields. Location 02 contained 11,672 

plots of identical dimensions, serving as an independent validation site for assessing model 

transferability across different environmental conditions. These experimental sites are part of 

Syngenta Seeds' proprietary breeding network, with all genetic materials representing confidential 

germplasm under development. 

Data collection was performed using a DJI Phantom 4 unmanned aerial vehicle (UAV) 

equipped with an RGB camera. Flight operations were conducted between 11:00 and 13:00 local 

time to ensure consistent lighting conditions. The UAV operated at an altitude of 30 meters with 

80% forward overlap and 70% side overlap, achieving a spatial resolution of 10mm. Flight 

campaigns at Location 01 spanned from 74 to 111 days after planting (DAP), resulting in 12 

temporal datasets, while Location 02 was monitored from 75 to 107 DAP across 9 flight dates. All 

image data collection was conducted by Syngenta Seeds field operations team following 

standardized protocols for breeding program evaluations. 

The experimental design incorporated multiple maturity groups and varying planting dates 

to capture the full spectrum of soybean development stages. Figure 10 illustrates the temporal 

distribution of soybean maturity classes across both locations, showing the progression from 
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predominantly immature plots to mature plots in late season. This visualization reveals critical 

transition periods between 80 and 100 DAP, where rapid shifts in maturity classification occur, 

presenting particular challenges for classification algorithms. The stacked bar charts quantify the 

percentage of plots in each maturity category throughout the growing season, highlighting the non-

linear nature of the maturation process. 

The study employed a multi-environment approach where each unique combination of 

location and flight date constituted a distinct environment, resulting in 20 discrete micro-

environments (11 at Location 01 + 9 at Location 02). This design captured environmental 

variability through temporal variation within locations and spatial variation between locations, 

 

FIGURE 9. Temporal distribution of soybean maturity classes (Immature, Near-mature, and Mature) by days after 

planting in (A) Location 01 and (B) Location 02, showing the progression of maturity throughout the growing 

season. 
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(A) Location 01

 

(B) Location 02

 

FIGURE 10. Temporal distribution of soybean maturity classes (Immature, Near-mature, and Mature) by days after 

planting in (A) Location 01 and (B) Location 02, showing the progression of maturity throughout the growing 

season. Percentages indicate the proportion of plots in each maturity class at specific timepoints, demonstrating the 

transition from immature plots to predominantly mature plots by late season, with a critical transition period 

occurring between 80 and 100 days after planting (DAP). 

creating natural environmental gradients for robust model evaluation. Each environment was 

characterized by unique combinations of meteorological conditions, solar radiation patterns, and 

soil moisture levels during image acquisition. 

Environmental data was collected from the NASA POWER satellite-derived database for 

both experimental locations, synchronized with UAV flight dates throughout the growing season. 

The dataset incorporated both hourly and daily measurements of environmental parameters (Table 
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1), providing comprehensive coverage of atmospheric and soil conditions, ranging from 

temperature and humidity to radiation metrics and soil moisture indices.  

TABLE 1. Environmental parameters used in the study showing parameter abbreviations, descriptions, units of 

measurement, and temporal resolution for data collection. 

Abbreviation Description Unit 
Temporal 

Resolution 

T2M Temperature at 2 Meters °C Hourly 

RH2M Relative Humidity at 2 Meters % Hourly 

QV2M Specific Humidity at 2 Meters g/kg Hourly 

ALLSKY_SFC_SW_DWN Surface Shortwave Downward Irradiance MJ/hr Hourly 

CLRSKY_SFC_SW_DWN Clear Sky Surface Shortwave Downward Irradiance MJ/hr Hourly 

ALLSKY_SFC_SW_DNI Surface Shortwave Downward Direct Normal Irradiance MJ/hr Hourly 

ALLSKY_SFC_SW_DIFF Surface Shortwave Diffuse Irradiance MJ/hr Hourly 

TOA_SW_DWN Top-Of-Atmosphere Shortwave Downward Irradiance MJ/hr Hourly 

ALLSKY_SFC_PAR_TOT Surface PAR Total W/m² Hourly 

CLRSKY_SFC_PAR_TOT Clear Sky Surface PAR Total W/m² Hourly 

ALLSKY_SFC_UVA Surface UVA Irradiance W/m² Hourly 

ALLSKY_SFC_UVB Surface UVB Irradiance W/m² Hourly 

ALLSKY_SFC_UV_INDEX Surface UV Index W/m² Hourly 

GWETTOP Surface Soil Wetness dimensionless Daily 

GWETROOT Root Zone Soil Wetness dimensionless Daily 

GWETPROF Profile Soil Moisture dimensionless Daily 

 

The multi-environment approach was implemented through strategic flight scheduling 

across different dates, creating distinct environmental conditions for each imaging session. 

FIGURE 11 illustrates the environmental variability captured across different flight dates, showing 

substantial variation in key climatic parameters that created natural environmental gradients within 

the experimental design. 

The environmental data integration process followed a two-step approach. First, daily 

measurements were merged with image data using the flight date as the linking parameter. Second, 

hourly measurements were processed by calculating mean values over a two-hour window centered 

on the typical flight time (11:00 a.m.-01:00 p.m. local time), ensuring temporal alignment with 

image acquisition. This integration strategy provided a comprehensive environmental context for 

each captured image while maintaining data quality through systematic handling of missing values. 
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(A) Location 01 

 

(B) Location 02 

 

FIGURE 11. Comprehensive environmental parameter variations across flight dates organized by variable type in 

(A) Location 01 and (B) Location 02: (a) Soil moisture profiles at different depths (surface, root zone, and profile), 

(b) Meteorological variables including temperature, relative humidity, and specific humidity, (c) Solar radiation 

components including all-sky and clear-sky shortwave radiation, top-of-atmosphere radiation, direct normal 

irradiance, and diffuse radiation, and (d) Photosynthetically active radiation (PAR) and ultraviolet radiation variables 

(UVA and UVB). The temporal progression demonstrates distinct variability patterns across parameter groups: soil 

moisture shows high stability (CV 2-4%), meteorological variables exhibit moderate variation (CV 13-37%), solar 

radiation components display the highest variability (CV 5-43%), and PAR/UV variables show moderate fluctuation 

(CV 5-141%). Data encompasses 11 flight dates for Location 01 and 9 flight dates for Location 02, creating 20 

distinct micro-environments across the growing season. 
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The experimental design captured significant environmental variation through multiple 

flight dates, with each flight representing a unique micro-environment characterized by distinct 

combinations of: 

• Meteorological conditions: Temperature averaged 28.87°C (Location 01) and 29.11°C 

(Location 02) with moderate variability (CV ~14-15%), relative humidity showed similar 

patterns (31.68% vs 33.27%), while specific humidity exhibited the highest temporal 

variation (CV 36-37%) across both locations 

• Solar radiation dynamics: All-sky shortwave radiation averaged 2.64 MJ/hr (Location 01) 

and 2.52 MJ/hr (Location 02), with diffuse radiation showing the highest variability (CV 

30-43%) and direct normal irradiance exhibiting substantial fluctuation (CV 24-26%), 

creating diverse light conditions 

• Soil moisture stability: Exceptional stability across all depths with surface wetness (0.35), 

root zone (0.37), and profile moisture (0.38) showing minimal variation between locations 

and low temporal variability (CV 2-4%), indicating uniform soil conditions 

• PAR and UV exposure: Photosynthetically active radiation showed remarkable similarity 

between locations (334.49 vs 320.89 W/m²), UVA radiation remained consistent (44.03 vs 

42.59 W/m²), while UVB exhibited high variability, particularly at Location 02, creating 

diverse photosynthetic and stress conditions 

Cross-location environmental analysis demonstrated substantial variability within and 

between locations, validating the multi-environment experimental design. While mean 

environmental conditions appeared similar between locations, the temporal variability within each 

location created distinct micro-environments: specific humidity showed high temporal variation 

(CV 35.6% and 36.9%), diffuse solar radiation exhibited exceptional variability (CV 42.5% and 

29.6%), and direct normal irradiance fluctuated considerably (CV 23.5% and 25.8%). Location 02 

demonstrated greater environmental heterogeneity with higher coefficients of variation in most 

radiation parameters, including all-sky shortwave radiation (14.3% vs 11.2%) and PAR (13.7% vs 

10.8%). The distinct flight dates across both locations captured environmental ranges spanning 

14°C in temperature, 0.94 MJ/hr in solar radiation, and 116.67 W/m² in PAR, creating diverse 

growing conditions that challenged model robustness and ensured comprehensive evaluation 

across varying climatic scenarios during the critical maturation period. 
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This environmental heterogeneity was deliberately incorporated to enhance model 

robustness and ensure generalizability across diverse growing conditions. Each combination of 

location and flight date created a unique environmental signature, resulting in 20 distinct micro-

environments rather than simply two locations, thereby providing a comprehensive evaluation 

framework for the deep learning model across varying climatic conditions during the critical 

maturation period. 

The combined dataset merged plot-specific imagery with both instantaneous (hourly) and 

cumulative (daily) environmental parameters, creating a rich feature set for model training. This 

multi-temporal approach captured both the immediate environmental conditions during image 

acquisition and the broader environmental context affecting plant development, enabling the model 

to learn associations between environmental conditions and maturity patterns across diverse micro-

environments. 

3.2 Data Processing 

The data acquisition process integrated multiple data streams, including aerial imagery, 

environmental measurements, and genetic information, to create a comprehensive dataset for 

maturity classification. The image collection protocol was standardized across both locations to 

ensure data consistency and quality. 

The image preprocessing pipeline (Figure 12) consisted of five sequential steps designed to 

transform raw aerial imagery into standardized input data for model training: 

1. Plot boundary definition was performed using high-precision GPS coordinates, creating 

individual plot polygons with 10-centimeter buffer zones to minimize edge effects (Figure 

12a-12b). 

2. Geospatial data integration merged plot boundaries with unique identifiers and trial 

metadata through spatial joining operations, enabling plot-level tracking throughout the 

analysis pipeline (Figure 12c-d). 

3. Image extraction generated individual plot images by clipping the orthomosaic using the 

defined plot boundaries, isolating each experimental unit for independent analysis (Figure 

12e). 

4. Image standardization included resizing all plot images to 300×75 pixels while maintaining 

the original RGB color channels and aspect ratio, ensuring dimensional consistency across 

the dataset. 
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5. Data conversion transformed the processed images into NumPy arrays, applying 

normalization (0-1 range) to standardize pixel values across all samples and prepare them 

for neural network processing. 

While no explicit data augmentation techniques were applied, the variety of capture dates 

provided natural variation in the dataset. These preprocessing steps ensured that the input data was 

consistently formatted, properly labeled, and well-organized for model training and evaluation. The 

approach of using multiple flight dates and balanced sampling helped to create a robust dataset 

capable of capturing the temporal aspects of soybean maturity. 

This comprehensive preprocessing pipeline transformed the raw orthomosaic images into a 

structured dataset suitable for deep learning applications, while maintaining the integrity of the 

plot-specific information and addressing potential biases in class representation. 

Genetic analysis was conducted independently for both experimental locations to assess the 

diversity and maturity patterns of the breeding populations. The experimental design encompassed 

FIGURE 12. Comprehensive data preprocessing pipeline illustrating the sequential transformation of raw UAV 

imagery into standardized model inputs: (a) raw aerial orthomosaic of the experimental field; (b) overlay of plot 

boundary grid derived from GPS coordinates; (c) zoomed region showing detailed plot delineation; (d) 

integration of unique plot identifiers with boundary data; and (e) extracted individual plot image ready for 

standardization and model input. This systematic approach ensures consistent data preparation while preserving 

the spatial integrity of each experimental unit. 
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multiple developmental stages (from early to late maturity groups) with varying trial setups, 

creating a comprehensive evaluation framework. Location 01 featured a broader experimental 

scope with over 50 distinct trials, while Location 02 contained a more focused set of approximately 

15 trials, each with specific objectives and designs. All genetic materials used in this study are 

proprietary breeding lines from Syngenta Seeds's soybean breeding program, with specific 

genotypic information and pedigrees remaining confidential. 

At Location 01, the analysis encompassed 12,848 unique genotypes evaluated across 

41,072 plots, yielding an average of 3.2 replications per genotype. The experimental window at 

Location 01 spanned 54 days, capturing a wide range of maturity expressions across diverse genetic 

backgrounds. Location 02 demonstrated complementary genetic diversity with 5,295 unique 

genotypes evaluated in 11,672 plots, with an average of 2.2 replications per genotype. The 

experimental window of 40 days at Location 02 captured sufficient variation in maturity timing to 

enable comprehensive genetic evaluation. 

The contrasting experimental windows between locations reflect different breeding 

program objectives and environmental contexts. Location 01's 54-day window provided extensive 

temporal coverage for evaluating diverse maturity groups and their responses to varying seasonal 

conditions. Location 02's 40-day window offered concentrated evaluation during the critical 

maturation period, capturing genetic variation while minimizing late-season environmental 

confounding factors. Both approaches contribute valuable information for breeding decisions, with 

each location providing unique insights into genotype performance under different temporal and 

environmental scenarios. 

Relative maturity date (RMdate) was determined through systematic field evaluations 

conducted by experienced plant breeders following standardized protocols. Expert evaluators 

assessed physiological maturity indicators including pod color, leaf senescence, and seed moisture 

content to determine the optimal harvest timing for each plot. These field-based maturity 

assessments were conducted regularly throughout the harvest window, ensuring accurate capture 

of genotype-specific maturity timing. The standardized evaluation protocols maintained 

consistency across both locations and different evaluation teams. 

The substantial number of unique genotypes and diverse trial designs provided robust 

representation of genetic variation within the breeding populations. Environmental conditions 

influence genetic expression patterns differently at each location, creating complementary datasets 
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for comprehensive breeding evaluation. The consistent statistical significance across analyses 

confirmed the reliability of the genetic evaluations and the effectiveness of the experimental design 

in capturing meaningful genetic variation for maturity timing. 

Class labels were assigned to each image based on the difference between the plot's relative 

maturity date and the flight date (Fldate). Three distinct classes can be seen in Table 2: Immature, 

Near-mature and Mature.  

TABLE 2. Classes definition for soybean maturity classification, including class labels (Immature, Near-mature, 

Mature), mathematical definitions based on relative maturity date (RMdate) and flight date (Fldate), and descriptive 

explanations. 

Class Definition Description 

 
(0) Immature ( RMdate – Fldate )> 7 More than 7 days before maturity 

 
(1) Near-mature 0≤ ( RMdate – Fldate )< 7 Within 7 days of maturity 

 
(2) Mature ( RMdate – Fldate ) ≤ 0 At or past maturity date 

 

The class distribution varied naturally across the growing season, with the proportion of 

mature plots increasing over time. To address this temporal variation, the training dataset was 

carefully balanced through stratified sampling, ensuring representative coverage of all maturity 

stages while maintaining the integrity of temporal sequences. 

3.3 Model Development and Training 

The model development phase focused on creating and optimizing two primary 

architectures: the base RMNet model for single-location analysis and its environmental data-

enhanced variant, RMNet-E, for cross-location applications. Both architectures were designed to 

balance computational efficiency with classification accuracy. 

The base architecture was developed as a sequential convolutional neural network 

specifically designed for soybean maturity classification. The network processes RGB images of 

dimension 100×25×3 through a series of carefully structured layers. The initial convolutional layer 

employs 64 filters with a 5×5 kernel size and ReLU activation, followed by a 2×2 max-pooling 

layer for dimensionality reduction. A second convolutional layer with 128 filters (3×3 kernel size) 

and ReLU activation is followed by another 2×2 max-pooling layer. After flattening, the network 
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includes a dense layer of 128 neurons with ReLU activation, incorporating a dropout rate of 0.2 to 

prevent overfitting. The final dense layer contains three neurons with softmax activation, 

corresponding to the three maturity classes (Immature, Near-mature, and Mature). 

For the cross-location analysis, this architecture was enhanced to incorporate environmental 

data, resulting in the RMNet-E model (Figure 13). This enhanced version features a dual-input 

design with two main branches: an image processing branch and an environmental data branch. 

The image branch maintains the core CNN structure with two convolutional layers (5×5 and 3×3 

kernels) each followed by max-pooling operations. The environmental branch provides a dedicated 

input pathway for numerical environmental parameters including temperature, humidity, solar 

radiation, and soil moisture data. These branches are merged through concatenation before passing 

through dense layers, enabling the network to learn joint visual-environmental representations. 

 

FIGURE 13. RMNet architecture diagram showing the sequential convolutional neural network design with two 

convolutional layers (64 and 128 filters), max-pooling operations, flattening, and dense layers optimized for soybean 

maturity classification. 

The integration of environmental features was designed to improve model robustness across 

different growing conditions by capturing complex plant phenotype-environment interactions. This 

dual-input approach allows the model to simultaneously process spatial information from drone 

imagery and numerical environmental parameters, potentially enhancing classification accuracy 

across diverse field conditions and locations. 
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Training parameters were optimized using the Adam optimizer with a learning rate of 0.001 

and Sparse Categorical Crossentropy as the loss function. An Early Stopping criterion was 

implemented, halting training if accuracy failed to improve over 20 consecutive epochs. Both 

architectures employed identical training configurations to ensure fair comparison between single-

location and cross-location approaches. 

The training dataset was divided into ten balanced groups, each containing 13,308 samples 

(4,436 per class), with an 80-20 split for training and validation within each group as described in 

Figure 14. 

 

FIGURE 14. Complete data analysis workflow diagram illustrating the systematic approach to model training, 

validation, and evaluation, including dataset partitioning, cross-validation strategy, and performance metric 

calculation. 

Model architecture optimization involved systematic evaluation of different configurations, 

varying the number of convolutional (two to three) and dense layers (one to four). Statistical 

validation using Levene's test confirmed homogeneity of variances across configurations (p > 

0.05), while ANOVA testing assessed performance differences. The final architecture was selected 

based on optimal performance metrics and computational efficiency. 
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3.4 Model Evaluation and Comparative Analysis 

A comprehensive evaluation framework was implemented to assess model performance 

across multiple dimensions. The primary metrics included accuracy, recall, precision, and F1-score, 

with particular emphasis on precision for the Mature class as a tiebreaker criterion. Performance 

analysis incorporated both computational efficiency metrics (training time per epoch for deep 

learning models and prediction time for machine learning models) and classification accuracy 

measures. 

The RMNet architecture was benchmarked against both traditional machine learning and 

contemporary deep learning approaches. The machine learning comparison included seven 

established algorithms: Decision Tree, K-Nearest Neighbors, Linear Support Vector Machine, 

Multilayer Perceptron, Random Forest, Ridge Regression, and Support Vector Machine. These 

models were trained on flattened image arrays, where each RGB image was normalized (divided 

by the maximum pixel value) and reshaped into a one-dimensional vector. The 3D image data 

(height × width × channels) was transformed into a 2D array where each row represented a flattened 

image, preserving all pixel information while making it compatible with traditional machine 

learning algorithms. All models were trained using identical training and validation splits, with 

consistent random state initialization to ensure fair comparison.  

For deep learning comparisons, six state-of-the-art architectures were evaluated: 

EfficientNetV2B0, MobileNetV2, ResNet50V2, ResNet101V2, ResNet152V2, and Xception. 

These models were implemented using the Keras applications module, with configurations 

optimized for the soybean maturity classification task. All models were initialized without their top 

layers to enable custom classification heads, used max pooling for feature aggregation, and 

maintained consistent input shape across architectures. The models utilized transfer learning, 

leveraging pre-trained weights from ImageNet, while the final classification layers were trained 

from scratch for the specific task. To ensure fair comparison, all models were trained using identical 

hardware configurations and data preprocessing pipelines, with standardized input dimensions and 

pixel value normalization procedures. 

Model robustness was assessed through a comprehensive validation approach that 

combined k-fold cross-validation within each Location and independent testing across Locations. 

The models' generalization capability was evaluated using the separate test fields, which 

maintained the natural class distribution of the breeding program.  
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Performance was assessed using multiple evaluation metrics computed through 

TensorFlow's built-in classes. The primary metrics included accuracy, recall, precision, and f1-

score, with confusion matrices generated to visualize the classification performance across all 

maturity groups, as illustrated in Figure 14. For deep learning models, performance was tracked 

using time/epoch parameters during training, while machine learning models were evaluated based 

on their training and prediction times in minutes.  

The precision for the mature class (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀𝑎𝑡𝑢𝑟𝑒) was calculated using the standard 

precision formula applied specifically to the mature category from the confusion matrix. For a 

three-class classification problem with classes 0 (Immature), 1 (Near-mature), and 2 (Mature), the 

precision for the mature class is defined as: 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀𝑎𝑡𝑢𝑟𝑒 =  
𝑇𝑃𝑀𝑎𝑡𝑢𝑟𝑒

𝑇𝑃𝑀𝑎𝑡𝑢𝑟𝑒 + 𝐹𝑃𝑀𝑎𝑡𝑢𝑟𝑒
 (13)   

where 𝑇𝑃𝑀𝑎𝑡𝑢𝑟𝑒 represents the number of plots correctly classified as mature and 𝐹𝑃𝑀𝑎𝑡𝑢𝑟𝑒 

represents the number of plots incorrectly classified as mature when they actually belonged to 

classes 0 or 1. This metric specifically measures the model's reliability when it predicts a plot is 

ready for harvest—indicating what proportion of plots predicted as mature are actually mature. A 

high precision value (approaching 1.0) means that when the model identifies a plot as mature, it is 

very likely to be correct, minimizing the risk of premature harvest decisions. This class-specific 

precision was extracted directly from the confusion matrix for each model and served as the 

primary tiebreaker criterion when models showed similar overall performance metrics. 

Statistical significance of performance differences between models was determined through 

a multi-stage analysis approach. Initially, Levene's test was employed to assess the equality of 

variances between models, followed by one-way ANOVA to evaluate differences in mean 

performance metrics. For cases where significant differences were detected (p < 0.05), post-hoc 

Tukey HSD tests were conducted to identify specific pairwise differences between models. This 

statistical framework was applied consistently across both single-Location and multi-Location 

analyses, with particular attention to model stability across different environmental conditions and 

temporal windows (Days After Planting), especially during critical transition periods between 

maturity.  
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4 RESULTS AND DISCUSSION 

The development and evaluation of RMNet yielded comprehensive insights into the 

effectiveness of deep learning approaches for soybean maturity classification. This chapter presents 

the results of both single-location and cross-location analyses, examining the model's performance 

across different experimental conditions and in comparison with existing methodologies. The 

findings are organized into four main sections: single-location analysis, cross-location analysis, 

model robustness and generalization, and practical implications for agricultural implementation. 

The single-location analysis begins with an ablation study that established the optimal 

network architecture, followed by comparative analyses against both traditional machine learning 

and contemporary deep learning approaches. The cross-location analysis explores the impact of 

environmental data integration and examines temporal performance patterns across different 

growth stages. Model robustness is assessed through cross-location validation, while practical 

implications are considered from the perspective of implementation requirements and constraints 

in breeding programs. 

Throughout this chapter, statistical rigor is maintained through systematic application of 

Levene's tests and ANOVA, ensuring reliable interpretation of performance differences between 

models. Special attention is given to the precision in classifying mature plots, given its critical 

importance for harvest timing decisions in breeding programs. 

4.1 Single Location Analysis 

This section presents a comprehensive evaluation of the RMNet model's performance 

within a single location context. In this analysis, all available data from multiple flight dates were 

pooled together, treating each individual image as an independent sample with its corresponding 

maturity class label, without considering temporal sequences or flight-specific patterns.  

The analysis is structured in four parts: first, an ablation study to determine the optimal 

network architecture; second, a comparison against traditional machine learning techniques; third, 

an evaluation against contemporary deep learning models; and finally, a general discussion 

synthesizing the key findings. Through this systematic approach, we establish RMNet's capabilities 

and advantages for soybean maturity classification, with particular emphasis on its precision in 

identifying mature plots – a critical factor for harvest timing decisions in breeding programs. 
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4.1.1 Ablation Study 

Table 3 shows the metrics evaluated modifying dense layers from one to four and two or 

three convolutional layers. In Table 4, it is possible to check all input samples are from populations 

with equal variances, according to Levene test (p-value > 0.05), and there is no significant 

difference between accuracy, recall and f1-score; the model with three convolutional and three 

dense layers has presented a low significant difference for precision (p-value < 0.05) according to 

ANOVA test, but all the others are similar.  

TABLE 3. Performance metrics of RMNet model variants showing accuracy, precision, recall, and F1-score results 

according to different combinations of convolutional and dense layers during architecture optimization. 

Convolutional layers Dense layers Accuracy Precision Recall F1-Score 

2 

1 0.9040 0.9353 0.9681 0.9511 

2 0.9116 0.9435 0.9631 0.9530 

3 0.9095 0.9506 0.9585 0.9543 

4 0.8702 0.9523 0.9360 0.9419 

3 

1 0.9087 0.9459 0.9578 0.9516 

2 0.9138 0.9459 0.9674 0.9564 

3 0.8886 0.9329 0.9657 0.9487 

4 0.8966 0.9429 0.9456 0.9440 

 

TABLE 4. Statistical analysis results showing p-values from Levene's test for homogeneity of variances and ANOVA 

test for significant differences in accuracy, precision, recall, and F1-score across model configurations. 

Test Accuracy Precision Recall F1-Score 

Levene 0.4524 0.8529 0.8216 0.5641 

ANOVA 0.4619 0.0298 0.3841 0.5493 

 

Regarding performance, Table 5 clearly demonstrates that the model with two 

convolutional and one dense layer outperformed the others in terms of computational efficiency. 

This outcome was anticipated, given the reduced number of parameters and operations required by 

this streamlined architecture. Furthermore, as shown in Table 6, this model achieved superior 

precision in correctly classifying the Mature class (class 2), which is particularly important for 

harvest timing decisions. Based on this balance of efficiency and classification accuracy, we 

selected this network architecture for our final implementation, as illustrated in Figure 13. While 

all evaluated models demonstrated strong overall performance with accuracy metrics of 
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approximately 0.90, the selected architecture provides the optimal balance between computational 

efficiency and classification precision for the critical mature class. 

TABLE 5. Computational performance analysis showing processing time per epoch (in seconds) for different RMNet 

architectures according to the number of convolutional and dense layers. 

Convolutional layers Dense layers Time / epoch [s] 

2 

1 2.663 

2 2.709 

3 2.775 

4 2.842 

3 

1 2.733 

2 2.967 

3 3.017 

4 3.189 

 

TABLE 6. Confusion matrices for RMNet model variants with different numbers of convolutional and dense layers, 

showing classification performance across the three maturity classes: (0) Immature, (1) Near-mature, and (2) Mature. 

Values represent raw counts with percentages of total observations below. (continue) 

Convolutional 

layers 

Dense  

layers 

2 3 

1 

  

2 

  

3 
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TABLE 6, Cont. 

Convolutional 

layers 

Dense  

layers 

2 3 

4 

  

 

4.1.2 Comparative Results Against Traditional Machine Learning Techniques 

The comparison between the proposed model and others traditional machine learning 

techniques led to the results: Support Vector Machine obtained the highest absolute value for 

accuracy (0.9220) – followed by RMNet (0.9040) and Linear Support Vector (0.8063) –, recall 

(0.9840) – followed by Multilayer Perceptron (0.9804) and RMNet (0.9681) – and f1-score 

(0.9609) – followed by RMNet (0.9511) and Linear Support Vector (0.9447) –, Ridge Regression 

obtained the highest absolute value for precision (0.9678) – followed by Support Vector Machine 

(0.9390) and RMNet (0.9353) –, K-Nearest Neighbors obtained the lowest absolute value for 

training time (0.55s) – followed by Multilayer Perceptron (8.15s) and Ridge Regression (16.93s) – 

and Decision Tree obtained the lowest absolute value for predict time (0.66s) – followed by 

Multilayer Perceptron (1.04s) and Linear Support Vector (1.12s)  – as shown in Table 7 and Table 

8. 

TABLE 7. Comparative performance metrics between RMNet and traditional machine learning models, showing 

accuracy, precision, recall, and F1-score for soybean maturity classification. 

Technique Accuracy Precision Recall F1-Score 

Decision Tree 0.6189 0.8467 0.7995 0.8209 

K-Nearest Neighbors 0.7968 0.9111 0.9468 0.9278 

Linear Support Vector  0.8063 0.9232 0.9676 0.9447 

Multilayer Perceptron 0.7504 0.8915 0.9804 0.9327 

Random Forest 0.5623 0.9275 0.8066 0.8629 

Ridge Regression 0.6796 0.9678 0.6241 0.7490 

Support Vector Machine 0.9220 0.9390 0.9840 0.9609 

RMNet 0.9040 0.9353 0.9681 0.9511 
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TABLE 8. Computational efficiency comparison between RMNet and traditional machine learning models, showing 

training and prediction times in seconds. 

Technique Training time [s] Predict time [s] 

Decision Tree 108.95 0.66 

K-Nearest Neighbors 0.55 186.33 

Linear Support Vector  140.90 1.12 

Multilayer Perceptron 8.15 1.04 

Random Forest 106.07 2.06 

Ridge Regression 16.93 8.10 

Support Vector Machine 132.90 1066.20 

RMNet 308.00 7.56 

 

The computational efficiency patterns observed in Table 8 reflect the fundamental 

algorithmic differences between machine learning approaches. Models that exhibit fast training but 

slow prediction times, such as K-Nearest Neighbors (0.55s training, 186.33s prediction), represent 

learning algorithms that defer computation until prediction time. KNN stores all training data and 

performs distance calculations to all training samples for each prediction, resulting in minimal 

training overhead but significant prediction costs that scale linearly with dataset size. Conversely, 

models with longer training times but faster predictions, such as Decision Tree (108.95s training, 

0.66s prediction) and Linear Support Vector (140.90s training, 1.12s prediction), represent eager 

learning algorithms that invest computational effort during training to build optimized decision 

structures. Decision trees construct hierarchical splitting rules during training, enabling rapid 

traversal during prediction through simple threshold comparisons. Support Vector Machine 

requires intensive optimization to find optimal hyperplanes during training but achieves fast 

predictions through simple dot product calculations with support vectors. 

The extreme case of Support Vector Machine (132.90s training, 1066.20s prediction) likely 

reflects the complexity of the non-linear kernel computations required for this high-dimensional 

image classification task, where the model must compute kernel functions with numerous support 

vectors for each prediction. Ridge Regression shows moderate training time (16.93s) but higher 

prediction time (8.10s) due to matrix operations required for coefficient calculations. RMNet's 

computational profile (308.00s training, 7.56s prediction) reflects the typical deep learning pattern 

where extensive backpropagation and weight optimization during training enables efficient forward 

pass predictions. This analysis demonstrates that the choice between models should consider both 
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accuracy requirements and the specific computational constraints of the deployment environment, 

whether prioritizing training efficiency for model development or prediction speed for real-time 

applications. 

The statistical analysis of Support Vector Machine and RMNet models for classifying 

soybean maturity stages reveals significant insights. Levene's test p-values for accuracy (0.63801) 

and f1-score (0.21824) both exceed 0.05, confirming homogeneity of variances. ANOVA p-values 

for accuracy (0.00213) and f1-score (0.00284) are well below 0.05, indicating statistically 

significant differences between the models. Support Vector Machine outperforms RMNet in both 

accuracy (0.9220 vs 0.9040) and f1-score (0.9609 vs 0.9511). While these differences are 

statistically significant and consistent, it is important to note that both models exhibit excellent 

performance, with metrics above 90%. These results indicate that while Support Vector Machine 

achieved the highest scores in accuracy, recall, and f1-score, RMNet consistently performed well 

across metrics. Additionally, RMNet's balance of precision and efficiency in training and prediction 

times highlights its potential for practical applications where speed and accuracy are essential. 

While Support Vector Machine shows a statistical edge, both models prove highly effective for the 

task, with the choice between them potentially influenced by other practical considerations beyond 

these key performance metrics. 

4.1.3 Comparative Results Against Others Deep Learning Models 

The comparison between the proposed model and others deep learning models led to the 

results: Xception obtained the highest absolute value for accuracy (0.9108) – followed by RMNet 

(0.9040) and ResNet152V2 (0.8991) –, precision (0.9452) – followed by ResNet50V2 (0.9390) 

and RMNet (0.9353) – and f1-score (0.9527) – followed by RMNet (0.9511) and ResNet101V2 

(0.9455) –, ResNet152V2 obtained the highest absolute value for recall (0.9835) – followed by 

ResNet101V2 (0.9691) and RMNet (0.9681) – and RMNet obtained the lowest absolute value for 

time per epoch (2.663s) – followed by MobileNetV2 (8.665s) and EfficientNetV2B0 (15.909s) – 

as shown in Table 9 and Table 10. 

The computational efficiency results in Table 10 reveal significant architectural differences 

among deep learning models and their impact on training speed. RMNet demonstrates exceptional 

computational efficiency at 2.663 seconds per epoch, representing a 3.3× speedup compared to the 

second-fastest model (MobileNetV2 at 8.665s) and up to a 20.4× speedup compared to the slowest 
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TABLE 9. Comparative performance metrics between RMNet and state-of-the-art deep learning architectures, showing 

accuracy, precision, recall, and F1-score for soybean maturity classification. 

Technique Accuracy Precision Recall F1-Score 

EfficientNetV2B0 0.3601 0.6493 0.6405 0.6377 

MobileNetV2 0.8654 0.9220 0.9486 0.9326 

ResNet50V2 0.8965 0.9390 0.9408 0.9381 

ResNet101V2 0.8987 0.9252 0.9691 0.9455 

ResNet152V2 0.8991 0.9110 0.9835 0.9453 

Xception 0.9108 0.9452 0.9609 0.9527 

RMNet 0.9040 0.9353 0.9681 0.9511 

 

TABLE 10. Computational efficiency comparison between RMNet and other deep learning models, showing 

processing time per epoch in seconds. 

Technique Time / epoch [s] 

EfficientNetV2B0 15.909 

MobileNetV2 8.665 

ResNet50V2 17.865 

ResNet101V2 33.024 

ResNet152V2 54.411 

Xception 22.713 

RMNet 2.663 

 

model (ResNet152V2 at 54.411s). This dramatic efficiency advantage stems from RMNet's 

streamlined architecture with only two convolutional layers and minimal dense layers, specifically 

designed for the soybean maturity classification task. 

The efficiency advantage of RMNet becomes particularly significant in practical breeding 

applications where models may need frequent retraining with new seasonal data or adaptation to 

different locations. With typical training requiring 50-100 epochs, RMNet's efficiency translates to 

training times of 2-4 minutes compared to 15-90 minutes for other architectures. This 

computational advantage, combined with statistically equivalent performance to more complex 

models, positions RMNet as an optimal solution for resource-constrained agricultural applications 

where rapid model deployment and iteration are essential. 

The statistical comparison of Xception and RMNet models for classifying soybean maturity 

stages reveals no significant differences in overall accuracy or f1-score. Levene's test p-values for 

accuracy (0.7551) and f1-score (0.7372) both exceed 0.05, confirming homogeneity of variances. 
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ANOVA p-values for accuracy (0.3578) and f1-score (0.6261) are well above 0.05, indicating no 

statistically significant differences between the models. Xception slightly outperforms RMNet in 

both accuracy (0.9108 vs 0.904) and f1-score (0.9527 vs 0.9511), but these differences are not 

statistically significant. Both models exhibit excellent performance, with metrics above 0.90. Given 

the lack of significant differences in these key metrics, the choice between Xception and RMNet 

for soybean maturity stage classification may depend on other factors such as computational 

efficiency, model size, or specific application requirements. These results demonstrate that while 

RMNet and Xception achieved statistically equivalent scores in terms of accuracy, precision, recall 

and f1-score, the proposed technique offered a much lower computational time. In summary, 

RMNet showed an effective balance of predictive performance and efficiency, particularly 

excelling in processing speed. This makes it a viable option for scenarios where computational 

resources and time are critical considerations. 

4.1.4 General Discussion 

While RMNet did not achieve the highest overall metrics across all classes, it demonstrated 

superior performance in classifying the target Mature class, which is the most critical for harvest 

timing decisions. As shown in Figure 15, alternative models like Xception, ResNet152V2, Support 

Vector Machine, and Ridge Regression exhibit different error patterns across the three maturity 

classes.  

Table 11 quantifies this performance difference, with RMNet achieving the highest 

precision in predicting the Mature class (0.9820), followed by ResNet101V2 (0.9785), 

ResNet152V2 (0.9740), and ResNet50V2 (0.9440). This class-specific excellence is particularly 

valuable in agricultural applications where the cost of misclassifying mature plots ready for harvest 

is significantly higher than other classification errors. These findings underscore RMNet's targeted 

effectiveness for precision agriculture applications where accurate mature crop detection directly 

impacts harvest timing decisions and yield optimization. 

The superior performance of RMNet in mature class detection can be understood through 

soybean maturity physiology and the model's architectural design. During soybean maturation, 

plants undergo distinct physiological changes that manifest as observable color transitions captured 

by RGB imagery. The maturation process involves progressive senescence, characterized by 

chlorophyll degradation, water content reduction, and accumulation of secondary metabolites that 
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(a) Xception (b) ResNet152V2 

  

(c) Support Vector Machine (d) Ridge Regression 

  
FIGURE 15. Confusion matrices from four high-performing classification models: (a) Xception, (b) ResNet152V2, 

(c) Support Vector Machine, and (d) Ridge Regression, visualizing their classification performance across the three 

maturity classes: (0) Immature, (1) Near-mature, and (2) Mature. Values represent raw counts with percentages of 

total observations in parentheses. Note the varying performance patterns across different maturity classes, 

particularly in the critical Mature class. 

 

TABLE 11. Precision comparison for mature class detection across all tested models, highlighting RMNet's superior 

performance in identifying plots ready for harvest. 

Technique Precision (class Mature) 

EfficientNetV2B0 0.1266 

MobileNetV2 0.8855 

ResNet50V2 0.9440 

ResNet101V2 0.9785 

ResNet152V2 0.9740 

Xception 0.9357 

Decision Tree 0.4779 

K-Nearest Neighbors 0.9423 

Linear Support Vector  0.7062 

Multilayer Perceptron 0.6139 

Random Forest 0.1209 

Ridge Regression 0.5021 

Support Vector Machine 0.9425 

RMNet 0.9820 
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alter leaf and pod coloration (Fehr; Caviness, 1977). As soybeans transition from the R6 (full seed) 

to R8 (full maturity) stages, chlorophyll breakdown reveals underlying carotenoids and 

anthocyanins, creating the characteristic yellowing and browning patterns associated with 

physiological maturity. 

Notably, RMNet outperforms both the best machine learning model, Support Vector 

Machine (0.9425), and the best deep learning model, Xception (0.9357). Statistical analysis 

confirms significant differences between RMNet and these top performers. For Support Vector 

Machine comparison, Levene's test (p = 0.0523789) and ANOVA (p = 6.059e-05) indicate a 

significant difference. Similarly, for Xception, Levene's test (p = 0.05304346) and ANOVA (p = 

0.01999) demonstrate RMNet's superior performance. These results, combined with RMNet's 

previously noted computational efficiency, strongly support its effectiveness for precise mature 

soybean identification. The model's ability to balance high precision with efficient processing, 

while outperforming the best traditional machine learning and deep learning models, makes it an 

excellent choice for applications where both accuracy in identifying mature soybeans and 

computational resource management are crucial, reinforcing its value in agricultural image analysis 

tasks such as determining harvesting time or estimating yield. 

From a practical breeding perspective, correctly identifying mature plots (ready for harvest) 

is significantly more critical than correctly classifying non-mature plots. Misclassifying a mature 

plot as immature or near-mature can result in delayed harvest, leading to seed shattering, quality 

degradation, and yield losses. Conversely, misclassifying an immature plot as mature may lead to 

premature harvest attempts, but this typically results in lower harvest efficiency rather than direct 

yield loss, as immature seeds are often left behind by harvesting equipment. Therefore, high 

precision in mature plot detection directly translates to optimized harvest timing and maximum 

yield recovery, making this metric the primary focus for practical agricultural applications. 

Table 12 presents a portion of the orthomosaic from a test field conducted 135 days after 

planting, displaying the performance of Xception, Support Vector Machine and RMNet in soybean 

maturity classification. RMNet demonstrates impressive performance across different maturity 

stages, often aligning with the ground truth. It consistently outperforms traditional machine 

learning models, particularly in classifying Mature and Near-mature samples, and shows greater 

stability in predictions compared to Support Vector Machine. RMNet excels in handling subtle 

differences between maturity stages and maintains high precision for the Mature class, while  
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TABLE 12. Visual comparison of soybean maturity classification performance across different models (Xception, Support Vector Machine, and RMNet) against 

ground truth, showing both maturity maps and mature class detection. 

 Xception 
Support Vector 

Machine 

RMNet  

(proposed) 
Ground truth 

Maturity map 

 

 

    

 

Class Mature 
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minimizing false classifications of Immature or Near-mature samples as Mature. 

Although some more complex deep learning models (like Xception) show slightly better 

overall performance, RMNet competes well against these advanced architectures. Its 

ability to generalize across different plots indicates robust performance in varying 

conditions. The model's simpler architecture offers an advantageous balance between 

accuracy and computational efficiency. In summary, RMNet emerges as a valuable tool 

for soybean maturity classification, providing a strong combination of accuracy, 

consistency, and efficiency, particularly when compared to traditional machine learning 

approaches and even holding its own against more complex neural networks. 

Five deep learning architectures, Inception-v3, Resnet-50, VGG-16, VGG-19 and 

Xception, were evaluated for the classification of soybean pest images reaching 

accuracies of up to 0.9382, demonstrating that different architectures can achieve 

competitive performance in agricultural image classification tasks, with no significant 

difference in average performance among architectures using ANOVA. However,  fine-

tuning significantly improved classification rates compared to other methods (Tetila et 

al., 2020), which reinforces the enhancement possibilities of RMNet through architectural 

optimization and transfer learning approaches. 

In the study of Zhang et al. (2022), DS-SoybeanNet, a new convolutional neural 

network, was developed for soybean maturity classification across different training and 

test fields, alongside comparisons with ResNet50, MobileNetV2, Random Forest, and 

Support Vector Machine. While direct performance comparisons are not appropriate due 

to different experimental conditions, datasets, and evaluation protocols, this work 

demonstrates the feasibility of applying deep learning approaches to soybean maturity 

assessment. The study highlights the challenges of cross-field generalization and the 

importance of robust model architectures for agricultural applications, providing valuable 

insights that inform the development and evaluation of models like RMNet. 

A binary prediction model for mature versus not-mature classification using time 

course multispectral images from a UAV-based HTP platform was developed using 

Random Forest (Yu et al., 2016). While this approach demonstrated the potential of 

machine learning for soybean maturity monitoring, it was limited to binary classification. 

In contrast, RMNet addresses the more complex challenge of three-class discrimination 

(Immature, Near-mature, and Mature), providing more detailed maturity information that 

is valuable for breeding programs and harvest timing decisions. Both approaches 
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contribute to the growing body of knowledge in UAV-based crop monitoring, with each 

addressing different aspects of the maturity assessment challenge. 

It is important to highlight the depth of this research. The study encompassed a 

comprehensive comparison of 13 different techniques, including both traditional machine 

learning and state-of-the-art deep learning models - this broad range of comparisons 

provides a thorough evaluation of RMNet's performance against diverse approaches. 

Furthermore, the research went beyond mere accuracy metrics, incorporating detailed 

computational time analyses for both training and prediction phases. This thorough 

approach provides valuable insights into the practical applicability of each model in real-

world scenarios where processing speed is crucial. 

The study's rigor is further evidenced by the application of statistical tests, 

including Levene's test and ANOVA, to validate the significance of performance 

differences between models. This statistical approach adds a layer of confidence to the 

conclusions drawn about RMNet's performance relative to other techniques. 

A key strength of this research is its focused analysis on the Mature class, which 

is of primary interest in soybean breeding programs. By demonstrating RMNet's superior 

performance in identifying mature plots (precision of 98.20%), the study addresses a 

critical need in agricultural management and breeding practices. This targeted analysis, 

combined with the model's computational efficiency, positions RMNet as a particularly 

valuable tool for practical applications in the field. 

The depth and breadth of this research, encompassing multiple techniques, large 

sample sizes, computational time analyses, statistical testing, and focused analysis on the 

target Mature class, collectively demonstrate the comprehensive nature of this study and 

its significant contribution to the field of soybean maturity classification using high-

throughput phenotyping and deep learning techniques. 

4.2 Cross-Location Analysis  

Previous research in soybean maturity classification has primarily focused on 

single-location models, leaving significant gaps in understanding how these systems 

perform across diverse environments—a critical limitation for practical deployment in 

breeding programs. This section addresses this fundamental research gap by exploring a 

real-world scenario where soybean maturity is monitored at each flight date, using 

Location 01 as the training database and Location 02 as the deployment site. The analysis 
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addresses fundamental research gaps regarding model transferability and environmental 

adaptation, issues largely unaddressed in current literature. 

The objective of this cross-location study is to simulate practical breeding 

program conditions where models trained at one location must be deployed across 

different environments. This represents a common challenge in agricultural applications, 

where models developed at research stations or specific breeding locations need to 

perform reliably when applied to diverse field conditions with varying soil types, 

microclimates, and management practices. 

The experimental methodology employed a rigorous cross-location validation 

approach where all models were trained using the complete dataset from Location 01 

(encompassing all available flight dates and maturity groups at that location). Each trained 

model was then systematically evaluated across all nine flight dates at Location 02, 

creating a comprehensive assessment of model transferability across temporal and spatial 

variations. This approach simulates real-world deployment scenarios where a single 

trained model must perform reliably across multiple time points and varying 

environmental conditions at a new location. 

The integration of environmental data into the classification model marked a 

significant advancement in soybean maturity prediction methodology. This section 

examines the performance of two distinct models across different locations and growth 

stages: the baseline RMNet model and the environmentally-enhanced RMNet-E model, 

followed by an evaluation against traditional machine learning methods. The analysis 

reveals important insights into the value of incorporating environmental parameters in 

maturity classification and their impact on model performance across diverse growing 

conditions. 

The cross-location experimental design creates 20 distinct micro-environments 

(11 at Location 01 + 9 at Location 02), where each unique combination of location and 

flight date constitutes a separate environmental condition. The training phase utilized all 

micro-environments from Location 01, while the evaluation phase systematically tested 

model performance across the nine distinct micro-environments at Location 02. This 

multi-environment approach captures both spatial variation between locations and 

temporal variation within locations, providing a comprehensive framework for evaluating 

model robustness across diverse agricultural conditions. 

The integration of environmental data proved especially valuable during the 

critical maturation period (DAP 75-107), where the enhanced model demonstrated 
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superior capability in handling complex maturation patterns. This improvement 

manifested in reduced prediction variance, more accurate detection of transition onset, 

and better handling of edge cases during rapid maturation phases across the temporal 

sequence of flight dates. 

 The evaluation of RMNet-E's robustness and generalization capabilities across 

different locations and environmental conditions revealed significant insights into the 

model's practical applicability for real-world breeding programs. This cross-location 

validation approach provides critical insights into model transferability – a key 

requirement for practical deployment where training and application sites differ in 

environmental conditions, soil characteristics, and management practices. This section 

examines the model's performance through cross-location validation, environmental 

adaptation capabilities, and temporal stability analysis, providing a comprehensive 

assessment of its reliability in diverse agricultural settings. 

4.2.1 Comparative Analysis of Base Model and Environmental Integration 

The addition of environmental features to the baseline CNN architecture resulted 

in notable changes in model behavior and performance. While the baseline RMNet model 

demonstrated strong performance in single-location analysis, the integration of 

environmental data in RMNet-E introduced both advantages and challenges that varied 

across the growing season. In this cross-location validation scenario, where Location 01 

served as the training environment and Location 02 as the deployment site, the 

environmental integration proved particularly valuable for handling the environmental 

differences between locations. Statistical analysis through ANOVA and Levene's tests 

across the nine flight dates from Location 02 revealed distinct patterns in model behavior 

during the critical maturation period. 

The temporal analysis revealed distinct patterns in soybean maturity progression, 

captured by both models across the growing season. As shown in Figure 16, the 

classification performance metrics follow a characteristic pattern that aligns with the 

biological progression of soybean maturity observed in Figure 10 (B). 

During the early transition period (DAP 75-89), statistical analysis revealed 

remarkable similarity between the two models. ANOVA tests showed no significant 

differences in mean performance across all metrics during this period, with p-values 

consistently above 0.05 for all metrics. This indicates that both models performed 

equivalently during the initial maturation phase when mature plants first appear. 



 

 

72 

 

(a) 

 

(b) 

 
(c) 

 

(d) 

 

FIGURE 16. Temporal progression of model performance metrics across the soybean growing season comparing RMNet (baseline model) and RMNet-E (environmentally-

enhanced model): (a) Accuracy, (b) F1-score, (c) Precision, and (d) Recall. The x-axis represents Days After Planting (DAP), while the y-axis shows the respective 

performance metric values (0-1 scale). 
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However, Levene's tests for variance equality revealed important differences in 

model stability during this transition period. At DAP 81, RMNet-E showed marginally 

significant improvements in prediction stability for precision, recall, and f1-score 

suggesting more consistent performance during this critical early maturation phase. By 

DAP 87 and 89, variance equality was restored, indicating that both models achieved 

similar stability levels. 

The mid-season period (DAP 94-100) continued to show no significant 

differences between models in terms of mean performance, with ANOVA p-values 

remaining above 0.05 for all metrics. Levene's tests confirmed equal variances across all 

performance measures, indicating that both models maintained similar levels of 

consistency during this stable maturation phase. 

Late season performance (DAP 103-107) revealed the most significant differences 

between the models. At DAP 107, statistical analysis showed significant differences in 

model performance and stability. ANOVA tests revealed significant differences in 

accuracy, recall, and f1-score, with RMNet-E demonstrating superior performance. 

Levene's tests confirmed significant differences in variance for those metrics indicating 

that RMNet-E not only performed better but also more consistently during the final 

maturation phase. 

The integration of environmental features proved particularly valuable during the 

final maturation period, where RMNet-E demonstrated both superior mean performance 

and significantly lower variance in predictions. This enhanced stability manifested in 

more reliable detection of maturity transitions during the critical harvest timing window, 

which is particularly valuable for precision agriculture applications requiring consistent 

decision support. 

Statistical validation through comprehensive ANOVA and Levene's tests across 

the entire maturation period revealed that while both models performed similarly during 

early and mid-season phases, RMNet-E's advantages became pronounced during the final 

maturation stage. The significant improvements in both accuracy and consistency at DAP 

107 demonstrate the long-term benefits of environmental data integration for harvest 

timing decisions. 

4.2.2 Comparative Analysis Against Traditional Machine Learning Approaches 

While previous studies have compared deep learning models against traditional 

machine learning approaches in single-location settings, there remains a significant gap 
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in understanding how these methodologies perform across diverse environments 

throughout a growing season. This analysis addresses this research gap by evaluating 

model performance in a cross-location deployment scenario during the critical maturation 

period – a comparison notably absent in current literature but essential for practical 

breeding applications where models must transfer between different environmental 

conditions. 

The cross-location validation approach simulates real-world conditions where 

breeding programs require models that can reliably perform across multiple sites with 

varying environmental characteristics. This represents a more stringent test of model 

robustness compared to single-location evaluations, as it challenges the model's ability to 

generalize beyond its training environment. 

As visualized in Figure 17, the comparison between RMNet-E and traditional 

machine learning models (SVM, Ridge Regression, Decision Trees, Random Forest, 

Perceptron, LinearSVC, and kNN) revealed distinct performance patterns across the 

critical maturation period (DAP 75-107). Statistical analysis through ANOVA 

demonstrated significant differences in mean performance across all flight dates (for all 

metrics), with only one exception for precision at DAP 103, where models achieved more 

comparable precision levels. Levene's tests confirmed significant differences in variance 

equality across all time points and metrics, indicating substantial differences in both 

performance levels and prediction stability among others modeling approaches. 

The Tukey analysis revealed specific pairwise comparisons between models, 

providing detailed insights into which approaches performed significantly better than 

others. At DAP 75, RMNet-E (mean accuracy: 0.874) demonstrated significant 

advantages over other machine learning models. Notably, RMNet-E and SVM achieved 

nearly identical mean accuracy, with no significant difference between them, indicating 

comparable top-tier performance. 

The early maturation period (DAP 81-89) revealed increasingly pronounced 

differences between modeling approaches. At DAP 81, RMNet-E achieved the highest 

mean accuracy (0.897) but without significant differences from most traditional 

approaches, suggesting that early maturation stages present less discriminative 

challenges. However, by DAP 87, RMNet-E (0.717) significantly outperformed the 

models, while maintaining comparable performance to SVM. 
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(a) 

 

(b) 

 
(c) 

 

(d) 

 

FIGURE 17. Temporal evolution of model performance metrics comparing RMNet-E against traditional machine learning approaches (SVM, Ridge Regression, Decision 

Trees, Random Forest, Perceptron, LinearSVC, and kNN) throughout the soybean growing season: (a) Accuracy, (b) F1-Score, (c) Precision, and (d) Recall. The x-axis 

represents Days After Planting (DAP), while the y-axis shows performance metric values (0-1 scale).  

 



 

 

76 

 

The mid-maturation period (DAP 89-94) demonstrated the most pronounced 

performance differentiation. At DAP 89, RMNet-E (0.751) significantly outperformed 

Ridge Regression, Decision Trees, and kNN, while maintaining statistical equivalence 

with SVM. By DAP 94, the performance gaps widened substantially, with RMNet-E 

(0.859) achieving significant advantages over all traditional approaches except SVM. 

Late season analysis (DAP 97-107) revealed sustained performance advantages 

for RMNet-E. At DAP 97, RMNet-E (0.901) significantly outperformed all traditional 

approaches except SVM, including highly significant advantages over Ridge Regression, 

Decision Trees, and Random Forest. The final evaluation at DAP 107, RMNet-E achieved 

near-perfect accuracy (0.9997) and maintained significant advantages over most 

traditional approaches, while SVM remained the only approach achieving statistical 

equivalence. 

Precision analysis revealed critical insights into class-specific performance 

capabilities. The precision improvements became more pronounced during mid-season, 

with DAP 81 and substantial performance gaps between approaches. By DAP 87-89, 

precision differences stabilized, but RMNet-E consistently maintained superior or 

equivalent performance compared to SVM while significantly outperforming most other 

traditional approaches. Recall analysis demonstrated RMNet-E's superior capability in 

correctly identifying positive cases across the maturation period, keeping the pattern of 

RMNet-E and SVM achieving top-tier performance continued throughout the evaluation 

period, with both approaches consistently outperforming other traditional methods. 

F1-score analysis provided the most comprehensive assessment of overall model 

performance. RMNet-E consistently achieved the highest or near-highest f1-scores, with 

significant advantages over most traditional approaches while maintaining statistical 

equivalence with SVM at most time points.  

The comprehensive Tukey analysis revealed a clear performance hierarchy across 

the eight modeling approaches. RMNet-E and SVM consistently formed the top 

performance tier, with statistical equivalence between them at most time points, while 

both significantly outperformed other traditional approaches. Random Forest and kNN 

typically occupied a middle performance tier, while Ridge Regression, Decision Trees, 

Perceptron, and LinearSVC showed more variable performance depending on the specific 

metric and time point. 

The ability to accurately identify mature plants is particularly critical for 

optimizing harvest timing decisions in breeding programs. Figure 18 specifically 
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highlights the evolution of mature class precision across different models throughout the 

critical maturation period, revealing significant performance differences during key 

developmental stages when harvest timing decisions are most important. 

 

FIGURE 18. Temporal evolution of mature class precision comparing RMNet-E against traditional 

machine learning models (SVM, Ridge Regression, Decision Trees, Random Forest, Perceptron, 

LinearSVC, and kNN) throughout the soybean growing season. The x-axis represents Days After Planting 

(DAP), while the y-axis shows precision values (0-1 scale) specifically for the mature class.  

Statistical analysis of mature class precision revealed highly significant 

differences between modeling approaches throughout the entire maturation period. 

ANOVA tests consistently achieved statistical significance across all nine flight dates. 

Levene's tests for variance equality also demonstrated significant differences in prediction 

stability, confirming that models not only performed at different levels but also exhibited 

substantially different consistency in mature plant identification. 

The transition period (DAP 75-89) represents a critical window when mature 

plants first appear and begin increasing in frequency. At DAP 75, the performance 

hierarchy was clearly established. SVM achieved the highest mean precision (0.753), 

followed closely by kNN (0.667) and RMNet-E (0.560).  

By DAP 81, the performance landscape shifted significantly. RMNet-E emerged 

as the top performer with mean precision of 0.703, significantly outperforming all other 

approaches including SVM,  kNN, Decision Trees, Random Forest, LinearSVC, 

Perceptron, and Ridge Regression. This marked a critical turning point where RMNet-E's 

environmental integration began demonstrating clear advantages in mature plant 

detection. 
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The mid-transition period (DAP 87-89) showed the most dramatic performance 

differentiation. At DAP 87, kNN (0.838) achieved the highest mean precision, followed 

by RMNet-E (0.784) and SVM (0.700). While kNN demonstrated superior mean 

performance, RMNet-E showed comparable consistency. Tukey HSD analysis revealed 

that kNN significantly outperformed SVM, while RMNet-E maintained statistical 

equivalence with SVM.  

At DAP 89, kNN achieved the highest mean precision (0.905), followed by 

RMNet-E (0.812) and SVM (0.751). Tukey analysis showed that kNN significantly 

outperformed RMNet-E, SVM, and all other traditional approaches. However, RMNet-E 

demonstrated superior stability with lower variance compared to kNN, indicating more 

consistent performance across different environmental conditions. 

Late season analysis (DAP 94-107) revealed the full maturation of model 

capabilities during the critical harvest window when mature plant identification becomes 

most operationally important. This period was specifically selected based on soybean 

physiological development patterns observed in Location 02, where mature plants 

transitioned from representing 41.8% of the population at DAP 94 to 99.9% at DAP 107. 

This interval corresponds to the R7-R8 reproductive stages in soybean development, 

when pods reach physiological maturity and moisture content drops to optimal harvest 

levels. The rapid increase in mature plant frequency—from 4,882 mature plants (41.8%) 

at DAP 94 to 11,662 mature plants (99.9%) at DAP 107—represents the critical decision 

window for harvest timing in both breeding evaluation and commercial production. 

As quantified in Table 13, RMNet-E demonstrated superior performance with the 

highest precision for mature plant detection (0.993) combined with the lowest variance 

(0.0052), indicating both accurate and highly consistent predictions. This physiologically-

defined late season period provides the most relevant assessment of mature plant 

detection capabilities for practical breeding applications. During this interval, accurate 

mature plant identification directly impacts harvest efficiency, seed quality preservation, 

and yield optimization. 

The temporal progression within this critical period demonstrates the practical 

importance of consistent mature plant detection. At DAP 94, when mature plants 

comprised 41.8% of the population, kNN reached peak performance (0.939) while 

RMNet-E achieved 0.858, both significantly outperforming SVM (0.797) and all other 

traditional approaches. 
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TABLE 13. Mature plant detection performance during the critical harvest window (DAP 94-107) 

comparing traditional machine learning approaches (SVM, Ridge Regression, Random Forest, kNN) with 

RMNet-E. The table presents precision values specifically for the mature class and associated variance 

measures. Higher precision indicates better accuracy in identifying mature plants, while lower variance 

indicates greater consistency in predictions across different environmental conditions. Note that RMNet-E 

achieves both the highest precision and lowest variance, demonstrating superior reliability for harvest 

timing decisions in practical breeding applications. 

Technique Precision (class Mature) Variance 

SVM 0.984 0.0068 

Ridge 0.363 0.1759 

RF 0.715 0.0559 

kNN 0.991 0.0093 

RMNet-E 0.993 0.0052 

 

At DAP 97, corresponding to 65.6% mature plant frequency, RMNet-E achieved 

0.911 precision, significantly outperforming all approaches except kNN (0.922) and SVM 

(0.816). This mid-harvest window represents optimal timing for many soybean varieties, 

where accurate mature plant identification directly impacts harvest efficiency and seed 

quality. By DAP 100, when mature plants dominated at 87.9% of the population, RMNet-

E reached 0.969 precision with exceptional stability, significantly outperforming SVM 

(0.922) and all other traditional methods.  

The final stages of the harvest window demonstrated peak model performance 

when mature plant identification becomes most critical for preventing over-maturity and 

associated yield losses. At DAP 103, with 97.0% mature plants, RMNet-E achieved near-

perfect precision (0.993) with remarkable consistency, significantly outperforming all 

approaches except SVM (0.984) and kNN (0.991). The final evaluation at DAP 107, 

representing complete physiological maturity (99.9% mature plants) showed RMNet-E 

reaching perfect precision (0.999) with minimal variance, maintaining statistical 

equivalence with SVM (0.998) while significantly outperforming all other approaches. 

Statistical validation through comprehensive ANOVA and Tukey HSD testing 

confirms that the observed differences in mature plant detection capabilities are 

statistically significant and consistent across the critical maturation period. These 

performance differences represent fundamental capabilities rather than random variation. 

Levene's tests consistently showing significant variance differences further confirm that 

models differ substantially in their reliability for mature plant identification across 

varying environmental conditions. Analysis of variance components revealed that 

RMNet-E maintained among the lowest prediction variance across all models, 
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particularly during critical transition periods, suggesting superior reliability in real-world 

applications. 

This combination of high precision and low variance in mature plant detection is 

particularly valuable for practical breeding applications. In both breeding programs and 

production agriculture, the cost of misclassifying mature plants ready for harvest 

significantly impacts yield quantity, quality, and operational efficiency. The statistical 

evidence demonstrates that RMNet-E provides optimal balance of accuracy and 

consistency for mature plant identification, making it particularly suitable for automated 

harvest timing recommendations in field-scale implementation of maturity assessment 

systems. 

These findings demonstrate that while traditional machine learning approaches 

can perform adequately in controlled single-location scenarios, they often struggle with 

the cross-location deployment challenge during the critical maturation period, particularly 

for mature plant detection when harvest timing decisions are most important. RMNet-E 

provides a more robust and reliable solution for soybean maturity classification across 

diverse environmental conditions during the critical harvest window. Its superior handling 

of cross-location deployment and consistent performance across varying micro-

environments make it particularly suitable for practical agricultural applications where 

models trained at one location must be reliably deployed across multiple breeding sites 

during the critical maturation period. These results address critical knowledge gaps 

regarding model transferability and environmental adaptation, providing novel insights 

into cross-location performance that significantly advance the current state of knowledge 

in soybean maturity classification. 

4.3 General Discussion 

The comprehensive evaluation of RMNet and RMNet-E across both single-

location and cross-location scenarios revealed significant insights into their technical 

capabilities and practical applicability for soybean maturity classification in diverse 

agricultural settings. This research addresses critical gaps in understanding model 

transferability and environmental adaptation – issues largely unaddressed in current 

literature but essential for practical deployment in breeding programs. 

The single-location analysis established RMNet's effectiveness through 

systematic comparison against 13 different approaches, including both traditional 

machine learning and state-of-the-art deep learning models. The ablation study confirmed 
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that the streamlined architecture with two convolutional layers and one dense layer 

provided optimal balance between computational efficiency and classification 

performance. This represents a 3.3× speedup compared to the second-fastest deep 

learning model and up to a 20.4× speedup compared to complex architectures like 

ResNet152V2. 

Most importantly, RMNet achieved superior performance in mature class 

detection, outperforming both the best traditional machine learning approach (SVM) and 

the best deep learning model (Xception). Statistical analysis confirmed these differences 

as significant, demonstrating RMNet's targeted effectiveness for the most critical 

classification task in harvest timing decisions. This class-specific excellence addresses 

the fundamental agricultural requirement where misclassifying mature plots ready for 

harvest carries significantly higher costs than other classification errors. 

The cross-location analysis revealed the transformative impact of environmental 

data integration through RMNet-E. When deployed from Location 01 (training) to 

Location 02 (testing), the model demonstrated remarkable transferability across diverse 

micro-environments created by different combinations of location and flight dates. The 

integration of environmental features proved particularly valuable during critical periods, 

with statistical analysis showing significant improvements in both performance and 

stability. 

During the early transition period, while both RMNet and RMNet-E showed 

equivalent mean performance, Levene's tests revealed that RMNet-E achieved superior 

prediction stability. The late season analysis demonstrated RMNet-E's most significant 

advantages during the critical harvest window – this period, corresponding to the R7-R8 

reproductive stages when mature plants transitioned from 41.8% to 99.9% of the 

population, represents the most operationally critical window for harvest timing 

decisions. 

The cross-location comparison against traditional machine learning approaches 

revealed distinct performance hierarchies throughout the growing season. Statistical 

analysis through ANOVA demonstrated significant differences in mean performance 

across all flight dates, with Levene's tests confirming substantial differences in prediction 

stability among modeling approaches. RMNet-E and SVM consistently formed the top 

performance tier, achieving statistical equivalence at most time points while significantly 

outperforming other traditional approaches. The mature class precision analysis revealed 
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RMNet-E's superior capabilities during the critical harvest window, achieving the highest 

precision combined with the lowest variance among all evaluated approaches.  

The superior performance in mature class detection translates directly to 

optimized harvest timing and maximum yield recovery. Field validation demonstrates 

successful integration with existing agricultural management systems, with the model's 

ability to process UAV-captured images providing valuable decision support for field 

operations. The reduced infrastructure requirements compared to complex deep learning 

solutions ensure accessibility across operations of varying sizes while maintaining 

positive return on investment. 

This research's methodological rigor is evidenced through systematic application 

of statistical tests, including Levene's tests and ANOVA, across all comparisons. The 

comprehensive evaluation encompassing 13 different techniques, detailed computational 

time analyses, and focused analysis on the critical mature class provides thorough 

validation of model capabilities. The cross-location validation approach simulates real-

world conditions where models trained at one location must perform reliably across 

different environmental conditions—a critical requirement largely unaddressed in current 

literature. 

The integration of environmental data represents a significant methodological 

advancement, demonstrating how auxiliary information can enhance model robustness 

and transferability. The temporal analysis across nine flight dates provides unprecedented 

insights into model behavior throughout the complete maturation cycle, revealing 

performance patterns aligned with soybean physiological development. 

RMNet's robust performance across locations and conditions, coupled with its 

practical advantages in implementation, positions it as a reliable and valuable tool for 

soybean maturity classification in diverse agricultural settings. The model's ability to 

maintain high accuracy while adapting to local environmental conditions demonstrates 

its potential for broad-scale deployment in breeding programs and agricultural 

management systems, representing a significant advancement in agricultural technology 

application. 

4.4 Limitations and Future Work 

This section examines the current limitations of the RMNet architecture and 

explores promising directions for future research. While the model demonstrates strong 
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performance in soybean maturity classification, several constraints remain to be 

addressed, and emerging technologies offer significant opportunities for advancement. 

4.4.1 Current Technical and Operational Limitations 

While RMNet demonstrates strong performance in soybean maturity 

classification, several limitations warrant consideration. The model's reliance on RGB 

imagery, while practical for widespread deployment, potentially limits the capture of 

subtle spectral changes during maturation. Multispectral or hyperspectral data might 

provide additional valuable information for classification, particularly during early 

transition phases where RGB differences are less pronounced. 

The current implementation faces challenges in extreme weather conditions, 

particularly during periods of heavy cloud cover or unusual lighting conditions. Although 

the RMNet-E variant shows improved stability through environmental data integration, 

the model's performance can still be affected by severe weather events that impact image 

quality. Analysis of classification accuracy during such conditions reveals increased 

variance in predictions, suggesting room for improvement in robust feature extraction 

under challenging environmental conditions. 

Data availability and diversity  presents another significant limitation, particularly 

regarding the diversity of environmental conditions represented in the training dataset. 

While the current study encompasses multiple locations and growing seasons, broader 

geographical and temporal coverage would enhance the model's generalization 

capabilities. The limited availability of standardized, high-quality labeled data across 

different regions and growing conditions constrains the model's adaptability to new 

environments without additional training. 

4.4.2 Environmental Coverage and Adaptation Challenges 

Environmental data integration, while beneficial, currently covers a limited range 

of environmental parameters. The present approach incorporates basic meteorological 

data but expanding the environmental feature set to include additional variables such as 

detailed soil conditions, microclimate variations, nutrient availability, and historical 

weather patterns could significantly enhance the model's predictive capabilities and 

environmental adaptation. 

The model's performance across different soybean varieties and genetic 

backgrounds requires further investigation. While current results demonstrate good 

generalization within tested varieties, the genetic diversity of soybean germplasm 
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suggests potential challenges in maintaining consistent performance across all varieties. 

This limitation particularly affects breeding programs working with diverse genetic 

materials. 

Cross-regional transferability remains partially validated, with current testing 

limited to specific geographical regions. The model's performance in significantly 

different climatic zones, soil types, or agricultural management systems requires 

comprehensive evaluation before broad-scale deployment can be recommended. 

4.4.3 Future Research Directions and Potential Improvements 

Several promising research directions emerge from the current limitations. First, 

the integration of advanced sensing technologies, particularly multispectral and thermal 

imaging, could enhance the model's ability to detect subtle phenological changes.  

The development of more sophisticated environmental data integration methods 

represents another crucial research direction. Future work should explore advanced fusion 

techniques for combining multiple data streams, potentially incorporating temporal 

dynamics through recurrent neural network architectures. This could improve the model's 

ability to predict maturation trajectories rather than just current states. 

Transfer learning techniques offer promising avenues for addressing the challenge 

of limited data availability in new environments. Research into efficient adaptation 

mechanisms could enable rapid model customization for different regions and varieties 

while maintaining core classification capabilities. Initial experiments with transfer 

learning show potential for reducing the required training data when adapting to new 

locations. 

Transformer architectures represent a particularly promising direction for future 

research in soybean maturity classification. These models have demonstrated remarkable 

success in computer vision tasks by capturing long-range dependencies and global 

context. Unlike traditional CNNs that process images through local convolutional 

operations, transformers employ self-attention mechanisms that allow each part of the 

image to interact with all other parts, potentially capturing more complex relationships 

between visual features across the entire plot. 

For agricultural applications specifically, transformers offer several advantages. 

Their ability to model global relationships could better capture the overall maturity state 

of a plot rather than focusing on individual plants. The self-attention mechanism could 

also help distinguish between relevant maturity indicators and irrelevant features such as 
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weeds or soil variations. Additionally, recent advances in vision transformers have 

demonstrated superior performance in handling variable lighting conditions and 

occlusions – common challenges in field imagery. 

The integration of transformers with environmental data presents an especially 

compelling opportunity. Multi-modal transformer architectures could more effectively 

fuse image features with environmental parameters, capturing complex interactions 

between visual cues and growing conditions. This approach could significantly improve 

prediction stability during transition periods when visual cues alone may be ambiguous. 

The integration of RMNet with other agricultural management systems presents 

opportunities for developing comprehensive crop management solutions. Future research 

should explore the synchronization of maturity classification with yield prediction, 

disease detection, and harvest optimization systems. This integration could provide 

valuable decision support tools for precision agriculture applications. 

Automated model adaptation mechanisms represent another important research 

direction. Development of self-learning capabilities that allow the model to continuously 

improve its performance based on new data could enhance long-term reliability and 

reduce maintenance requirements. This could include automated feature selection and 

architecture optimization based on local conditions and requirements. 

The expansion of environmental feature analysis to include more complex 

interactions and longer-term patterns could improve prediction accuracy during critical 

transition periods. Research into advanced environmental modeling techniques and their 

integration with deep learning architectures could provide more robust predictions under 

varying conditions. 

These future research directions, combined with addressing current limitations, 

present a clear pathway for enhancing RMNet's capabilities and expanding its practical 

applications. The continued development of this technology promises to further improve 

the efficiency and reliability of soybean maturity classification in agricultural settings, 

ultimately contributing to more sustainable and productive farming practices.  
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5 CONCLUSIONS 

This research successfully developed and validated RMNet, an innovative 

convolutional neural network architecture specifically designed for soybean maturity 

classification using UAV-based RGB imagery. The comprehensive study addressed all 

four primary objectives established at the outset, making significant contributions to the 

field of high-throughput phenotyping and agricultural automation while addressing 

critical gaps in cross-location model transferability. 

Regarding the first objective to develop an efficient and accurate deep learning 

model for soybean maturity classification, RMNet demonstrated exceptional performance 

with an accuracy of 0.9040, precision of 0.9353, recall of 0.9681, and an f1-score of 

0.9511. Most importantly, the model achieved the highest precision in mature plot 

classification (0.9820) among all 13 tested approaches, significantly outperforming both 

traditional machine learning methods and state-of-the-art deep learning architectures 

including Xception (0.9357) and Support Vector Machine (0.9425). This superior 

precision in mature classification, combined with remarkable computational efficiency 

(2.663 seconds per epoch – representing a 3.3× to 20.4× speedup over competing 

architectures), establishes RMNet as a particularly valuable tool for practical agricultural 

applications where both accuracy and processing speed are critical for harvest timing 

decisions. 

For the second objective concerning model performance across locations and 

multiple environmental conditions, the environmental data-enhanced variant, RMNet-E, 

demonstrated exceptional cross-location transferability, addressing a fundamental 

research gap largely unaddressed in current literature. When deployed from Location 01 

to Location 02, the model maintained consistent performance, successfully generalizing 

across 20 distinct micro-environments. The integration of environmental data proved 

particularly valuable during critical transition periods, where RMNet-E showed superior 

stability in handling complex plant phenotype-environment interactions. Statistical 

analysis revealed significant improvements in both performance and prediction 

consistency during the final maturation phase, with RMNet-E achieving the highest 

precision (0.993) combined with the lowest variance (0.0052) among all evaluated 

approaches during the critical harvest window. 

In addressing the third objective of comparative evaluation, RMNet was 

benchmarked against seven traditional machine learning approaches and six 
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contemporary deep learning architectures through systematic statistical analysis using 

ANOVA and Tukey tests. While some models like Support Vector Machine and Xception 

showed competitive overall performance, RMNet's superior precision in mature plot 

detection and computational efficiency make it particularly suitable for large-scale 

breeding operations. The cross-location comparison revealed distinct performance 

hierarchies, with RMNet-E and SVM consistently forming the top performance tier while 

significantly outperforming other traditional approaches. The comprehensive evaluation 

framework, incorporating performance metrics, computational efficiency, and statistical 

validation, provides unprecedented insights into practical implementation considerations 

for agricultural phenotyping systems. 

The fourth objective concerning practical applicability was successfully address 

through the RMNet's efficient architecture, which enables deployment on moderate 

computing hardware while maintaining high classification accuracy. The model's superior 

performance in mature class detection translates directly to optimized harvest timing and 

maximum yield recovery – critical factors in both breeding programs and production 

agriculture. Field validation confirmed successful integration with existing agricultural 

management systems, with the model's ability to process UAV-captured images providing 

valuable real-time decision support for field operations. The reduced infrastructure 

requirements compared to complex deep learning solutions ensure accessibility across 

operations of varying sizes while maintaining positive return on investment. 

The scientific contributions of this research have been recognized through the 

article ‘Convolutional Neural Networks for Soybean Maturity Classification Using UAV 

RGB Images’, which covers the analysis discussed in section 4.1. Additionally, a second 

article titled ‘A Multimodal Deep Neural Network for Cross-Location Soybean Maturity 

Classification Using UAV RGB Images and Environmental Data’ focusing on the 

groundbreaking cross-location analysis and environmental data integration is currently in 

preparation and will be submitted following the defense of this dissertation, addressing 

the critical research gap in cross-location model transferability. 

Future research directions should explore the integration of transformer 

architectures, which have shown remarkable potential in computer vision tasks. Unlike 

traditional CNNs that process images through local convolutional operations, 

transformers employ self-attention mechanisms that allow each part of the image to 

interact with all other parts, potentially capturing more complex relationships between 

visual features across entire plots.  
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For agricultural applications specifically, transformers offer several advantages, 

including better modeling of global relationships to capture overall maturity states, 

improved distinction between relevant maturity indicators and irrelevant features, and 

superior performance in handling variable lighting conditions and occlusions. The 

integration of transformers with environmental data presents an especially compelling 

opportunity, as multi-modal transformer architectures could more effectively fuse image 

features with environmental parameters to capture complex interactions between visual 

cues and growing conditions. 

Additional enhancements could include the integration of multispectral or 

hyperspectral data to capture subtle phenological changes currently missed by RGB 

imagery alone, expanding the environmental feature set to include soil conditions and 

microclimate data, and developing more sophisticated data fusion techniques to improve 

predictive capabilities across diverse growing conditions. Transfer learning approaches 

also offer promising avenues for addressing the challenge of limited data availability in 

new environments, with initial experiments showing potential for reducing required 

training data when adapting to new locations. 

This research represents a significant advancement in agricultural technology, 

offering a practical solution for automated soybean maturity classification that balances 

accuracy, efficiency, and scalability. The successful development and validation of 

RMNet and its environmentally-enhanced variant RMNet-E contribute to the broader 

goal of modernizing breeding programs and improving agricultural productivity through 

advanced phenotyping technologies. Particularly, RMNet-E's breakthrough in cross-

location transferability and environmental adaptation addresses critical deployment 

challenges that have limited the practical application of agricultural AI systems, 

ultimately supporting more sustainable and productive farming practices through reliable, 

location-independent maturity assessment capabilities.  
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