
UAV-based Maize Disease Monitoring:

Integrating Physical Model and Machine Learning

Yali Bai



Propositions 

 

 

1. Physical models and deep learning are complementary tools for UAV-based crop 

disease monitoring. (this thesis) 

2. Standardized feature selection improves the reproducibility and robustness of 

hyperspectral disease monitoring. (this thesis) 

3. Generative AI’s inability to ask original questions prevents it from ever replacing 
scientists. 

4. The academic demand for hyper-specialization kills scientific creativity. 

5. Perfect AI companions will destroy our ability to connect with real humans. 

6. Social media platforms are designed to profit from user anxiety rather than user 

happiness. 

 

 

 

 

 

 

 

 

 

 

 

 

Propositions belonging to the thesis, entitled 

UAV-based Maize Disease Monitoring: Integrating Physical Model and Machine 

Learning 

 

Yali Bai 

Wageningen, June 3, 2026 



 

 

UAV-based Maize Disease 

Monitoring: Integrating Physical 

Model and Machine Learning 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

Yali Bai 

  



 

 

 
Thesis committee 
 
Promotors 
Prof. Dr Bedir Tekinerdogan 
Professor of Information Technology 
Wageningen University & Research 
 
Prof. Dr Xiuliang Jin 
Professor in Crop Phenomics Innovation 
Institute of Crop Sciences, CAAS, Beijing, China 
 
Co-promotor 
Dr Qingzhi Liu 
Assistant Professor of Information Technology 
Wageningen University & Research 
 
Other members 
Prof. Dr Sytze de Bruin, Wageningen University & Research 
Dr Gerrit Polder, Wageningen University & Research 
Dr Estefanía Talavera Martínez, University of Twente, Enschede 
Dr Yijian Zeng, University of Twente, Enschede 
 
 
 
 
 

This research was conducted under the auspices of the Wageningen School of Social 

Sciences. 



 

 

UAV-based Maize Disease 

Monitoring: Integrating Physical 

Model and Machine Learning 
Yali Bai 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Thesis 
Submitted in fulfilment of the requirements for the degree of doctor  

at Wageningen University 
by the authority of the Rector Magnificus, 

Prof. Dr C. Kroeze, 
in the presence of the 

Thesis Committee appointed by the Academic Board 
to be defended in public 

on Wednesday 3 June 2026 
at time 1 p.m. in the Omnia Auditorium. 

  



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Yali Bai 
UAV-based Maize Disease Monitoring: Integrating Physical Model and Machine 

Learning, 196 pages. 
 
PhD thesis, Wageningen University, Wageningen, the Netherlands (2026) 
With references, with summary in English 
https://doi.org/10.18174/682139 



 

 

Contents 
 
 
Chapter 1: Introduction 1 

Chapter 2: Hyperspectral Remote Sensing for Monitoring Crop Disease: 
Applications, Challenges, and Perspectives 

9 

Chapter 3: A novel disease sensitive index (DSI) for monitoring early 
maize leaf disease using PROSPECT-D and LESS models 

37 

Chapter 4: Comprehensive analysis of hyperspectral features for 
monitoring canopy maize leaf spot disease 

63 

Chapter 5: Physical model-guided deep learning (PGDL) for enhanced 
monitoring of maize leaf spot disease 

91 

Chapter 6: A synergistic UAV-driven deep learning and epidemic 
modeling framework for dynamic spatiotemporal prediction of maize leaf 
spot 

123 

Chapter 7: Conclusion 149 

References 161 

Summary 185 

Acknowledgment 189 

Short biography 191 

Publications 193 

 





1
Introduction



Chapter 1 

 2 

1.1 Food production and crop disease 

One of the most pressing challenges today is answering the question, ‘How to feed 

the world?’, as outlined in the sustainable food and home food and agriculture by FAO 

in 2021. This challenge is particularly significant given that the global population is 

expected to reach 9.8 billion by 2050 (Leong et al., 2018). To meet this demand, global 

food production must increase by 70% to ensure nutritional security, accommodate 

changing diets, and support the rising need for biological products in sectors such as 

construction and energy (Galieni et al., 2021). In parallel, agriculture's environmental 

impact must be minimized to safeguard vital resources—water, climate, soil, and 

biodiversity—while reducing production risks for farmers (Gomiero et al., 2011). 

Climate change exacerbates these challenges, as extreme weather events and shifts in 

precipitation and temperature patterns are expected to become more frequent globally 

(Cogato et al., 2019). This will increase the frequency of abiotic stresses (e.g., heat 

and drought) and biotic stresses (e.g., diseases and pests), and their combinations 

(Govender et al., 2009), ultimately threatening crop productivity. Without swift and 

effective management strategies, these stresses will lead to significant yield losses 

(Atzberger, 2013). Therefore, early detection of crop stress is crucial to implementing 

appropriate agrotechnical solutions and minimizing yield losses. 
Globally, crop losses due to pathogens—including oomycetes, viruses, bacteria, 

and fungi—are estimated to be 16% (Oerke, 2020). Timely and accurate monitoring 

of crop diseases is essential to mitigate these losses. Over the past 80 years, visual 

disease assessments have relied on conventional disease scales. More recently, 

quantitative methods using high-throughput-omic technologies have enabled sensitive 

molecular analyses of biological systems (Llanes et al., 2018). However, these 

techniques are not only destructive but also time-consuming and costly, limiting their 

use for continuous monitoring and large-scale study (Galieni et al., 2021). Thus, there 

is an increasing need for emerging technologies that provide effective and spatially 

continuous monitoring solutions. 

1.2 Remote sensing for monitoring crop disease  

In recent decades, remote sensing studies focused on agricultural applications have 

seen significant increases (Weiss et al., 2020). Remote sensing offers the advantage of 

large-scale coverage and high revisit frequency, making it a cost-effective tool for 

detecting crop stress and monitoring the spatiotemporal dynamics of agricultural 

landscapes. Additionally, remote sensing can provide global coverage, offering 

valuable insights that could contribute to improving food security in developing 

countries (Rembold et al., 2000). 
The application of remote sensing for crop disease monitoring is grounded in the 

principle that crop pathogens alter the way light interacts with crop leaves and canopies. 

As noted by Bos and Parlevliet (1995), crop diseases caused by pathogens are dynamic 

processes that unfold in a series of stages. Once a pathogen triggers pathogenesis, a 
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sequence of events often follows autonomously. During host-pathogen interactions, 

changes occur in crop physiology and biochemistry, influenced by the ontogenesis, 

nutrition, and structure of the pathogen, such as fungal species. These processes affect 

the crop’s optical properties, which can be detected by remote sensing (Mahlein et al., 

2013). 
Traditionally, crop diseases have been identified based on visible symptoms such as 

lesions, blight, galls, tumors, cankers, wilts, rots, or damping-off, as well as pathogen-

specific signs like the urediniospores of Pucciniales or mycelium of Erysiphales. 

However, to gain a deeper understanding of these interactions, it is essential to explore 

different types of crop-pathogen relationships. Crop pathogens are generally classified 

into biotrophs, necrotrophs, and, more recently, hemibiotrophs. As explained in 

phytopathology literature, biotrophs obtain nutrients from living host tissues, while 

necrotrophs feed on dead or dying crop cells. Some pathogens can shift between these 

lifestyles, depending on their developmental stage or environmental conditions 

(Casadevall, 2008). 
The complex processes behind each crop-pathogen interaction govern the 

appearance and progression of disease. Remote sensing can capture the changes in 

reflectance caused by these processes, such as alterations in leaf structure and chemical 

composition during pathogenesis. For instance, changes like chlorosis and necrosis, or 

the emergence of fungal structures like powdery mildew hyphae and conidia, are visible 

indicators of disease. Each crop-pathogen system has a distinct spatial and temporal 

dynamic, influencing different wavelength ranges at various stages of pathogenesis 

(Mahlein et al., 2012; Wahabzada et al., 2016; Zhang et al., 2020). Therefore, remote 

sensing can effectively capture the intricate presence of pathogens and crop-pathogen 

interactions. 

1.3 Platforms of remote sensing 

Remote sensing platforms vary widely depending on the application of the different 

scales of, ranging from cellular and tissue levels to regional and landscape scales. In 

agriculture, remote sensing platforms are typically categorized into four types: 

laboratory-based, field-based, low-altitude-based, and large-scale platforms. 
Laboratory-based remote sensing platforms are ideal for high-resolution, high-

accuracy evaluations of processes during pathogenesis under controlled conditions 

(Thomas et al., 2018). These platforms are particularly effective at scales such as the 

leaf, individual crop, and canopy levels (Abdulridha et al., 2018; Oerke et al., 2016). 

By using time-series analysis, researchers can track pathogen progression and spectral 

changes throughout disease development. These platforms offer the advantage of 

controlled environments, making them suitable for basic research in crop breeding and 

resistance gene analysis. However, their low throughput and inability to scale up for 

practical applications limit their broader use. 
Field-based remote sensing platforms, often referred to as ground phenotyping 

platforms, include phenopoles, phenomobiles, and stationary platforms (Jin et al., 
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2021b). Phenopoles use poles, typically made of aluminum, steel, or plastic, to mount 

sensors for direct data collection on crop phenotyping traits (Richardson et al., 2018). 

Phenomobiles encompass automatic, human-driven, and tractor-pulled platforms 

(Comar et al., 2012). Stationary platforms, such as those equipped with RGB cameras, 

multispectral and hyperspectral cameras, thermal cameras, and laser sensors, are fixed-

site systems designed for simultaneous, fully automated phenotyping (Virlet et al., 

2016). These platforms excel in capturing high-accuracy data at both the organ and 

canopy scales. However, they are limited in their ability to monitor crop diseases across 

large areas (Liu et al., 2020c). 
Low-altitude remote sensing platforms, such as manned aircraft, helicopters, 

unmanned aerial vehicles (UAVs), and balloons, are lightweight, cost-effective, and 

highly mobile. UAVs, in particular, have become a prominent tool in agricultural remote 

sensing due to their flexibility, ease of use, and ability to perform high-resolution, high-

throughput disease detection (Huang et al., 2012b; Vanegas et al., 2018). UAVs are 

particularly well-suited for canopy-scale analysis, although their mixed spectra make 

them less suitable for detailed research on crop resistance or gene analysis. Nevertheless, 

their high spatial resolution and ability to quickly monitor large areas make them 

invaluable for practical applications in crop disease detection. 
Large-scale remote sensing platforms, such as airborne and satellite systems, have 

been used for decades in agriculture. Satellite platforms like Sentinel-2 A/B (since 2015) 

and Landsat (since 2008) provide easily accessible multispectral images (Berger et al., 

2022). These platforms offer wide-area coverage, making them ideal for regional-scale 

research and studies based on environmental factors. However, they come with 

limitations, including low spatial and temporal resolution, poor timeliness, and lower 

accuracy, which reduce their effectiveness for precise crop disease monitoring. 
UAV-based remote sensing technology stands out due to its ability to rapidly and 

accurately monitor crop health, making it a powerful tool for precision agriculture. 

While large-scale platforms, like satellites, provide broad coverage, they are too coarse 

for detailed farm- or field-scale studies. As such, UAVs offer significant potential for 

intelligent agriculture by enabling scalable, efficient disease detection and management. 

1.4 Research objective and strategy 

The primary aim of this thesis is to explore the remote sensing mechanisms involved 

in crop disease detection and to develop effective methods for early disease monitoring 

at the canopy scale. To achieve this goal, the study addresses five core research 

questions: 
• RQ 1: What are the current applications, challenges, and perspectives in 

monitoring crop diseases using hyperspectral remote sensing? 
• RQ 2: Can a disease-specific index monitor early maize leaf spot? 
• RQ 3: How and when do remote sensing features respond to maize leaf spot 

disease?  
• RQ 4: Can a physical model-guided deep learning approach improve early-stage 
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detection of maize leaf spot by leveraging the generalization strengths of 

physical models? 
• RQ 5: Can hyperspectral remote sensing predict maize leaf-spot disease 

progression in both space and time?  
To answer these questions, this thesis adopts a progressive research framework. First, 

a comprehensive review was conducted to assess the current applications, challenges, 

and future perspectives in monitoring crop disease (RQ 1). Building on this, a novel 

disease index was developed specifically for early detection of maize leaf diseases at 

the canopy scale (RQ 2). To enhance the ability of hyperspectral features for disease 

monitoring, a detailed analysis of hyperspectral features was performed to understand 

how remote sensing can detect maize leaf spot disease (RQ 3). To enhance the 

generalization of deep learning models for disease monitoring, a novel physical model-

guided deep learning approach was developed and evaluated (RQ 4). Finally, to explore 

the potential of hyperspectral remote sensing in predicting disease progression in both 

space and time, a synergistic framework was proposed, which integrates a remote-

sensing-driven deep learning model with a stochastic epidemic-spread model for 

predicting maize leaf-spot distribution in spatiotemporal dimensions (RQ 5). 
In recent years, hybrid approaches that combine physically based and data-driven 

models have gained increasing attention for crop stress and disease monitoring. 

Physically based radiative transfer models (RTMs) provide mechanistic insights into 

canopy–radiation interactions, while machine learning offers efficiency and predictive 

flexibility. Integrating these two paradigms allows models to benefit from both physical 

interpretability and data-driven adaptability (Verrelst et al., 2015; Verrelst et al., 2021). 

Building on this principle, this thesis explores four hybrid strategies for UAV-based 

maize disease monitoring. 
First, we develop disease-specific indices based on RTM-based simulations. These 

indices are designed by considering the spectral response mechanisms and serve as 

effective features for further modeling, facilitating more accurate disease detection.  
Second, we use biophysical parameters, such as chlorophyll content, retrieved from 

RTMs as input features for machine learning models. As disease progresses, changes in 

pigment concentrations are indicative of disease severity and stage, making it essential 

to track these dynamics over time. RTMs can retrieve pigment information across the 

entire wavelength range, offering complementary features to traditional vegetation 

indices that are calculated using only a few bands (Baret et al., 2007; Berger et al., 

2018). 
Third, we propose a hybrid method involving pre-training deep learning models on 

RTM-based simulations, followed by fine-tuning on real field data. This approach uses 

a physical process-based model to generate high-quality simulation datasets with a 

broad range of values. Deep learning models are trained on these simulation datasets 

and then applied to real-world field data through transfer learning, enhancing the 

model’s adaptability to actual conditions. 
Finally, we propose a synergistic framework that pairs a remote sensing–driven deep 
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learning model (RS–deep learning) with a stochastic epidemic spread model to predict 

spatiotemporal maize leaf spot. The RS–deep learning provides spatially explicit 

probability maps used as initial states, and the epidemic model iteratively refines these 

estimates; their complementary strengths enhance overall prediction performance. 

1.5 Thesis outline 

To reach the objectives of the thesis, several studies were conducted. The structure 

of the remaining chapters of this thesis is illustrated in Fig. 1.1 and detailed as follows: 
Chapter 2 provides a comprehensive review of the current state-of-the-art in 

hyperspectral remote sensing for crop disease monitoring. It synthesizes the literature 

on commonly used spectral and textural features, pigment- and fluorescence-based 

indicators, and multimodal approaches. This review highlights the challenges in feature 

selection, model development, and large-scale disease surveillance, setting the stage for 

the subsequent studies. 
Chapter 3 presents the development of a novel Disease Sensitive Index (DSI), 

designed to detect early maize leaf diseases while remaining relatively insensitive to 

variations in crop spacing and canopy structure. Through simulations using the 

PROSPECT-D and LESS models, the DSI is rigorously tested and validated on field 

datasets. The results highlight its potential as a practical, scalable tool for early disease 

detection, even under varying cultivation conditions. 
Chapter 4 focuses on the sensitivity of hyperspectral features for monitoring canopy 

maize leaf spot disease. It examines how biophysical parameters, spectral reflectance 

features, vegetation indices, and wavelet features evolve over time and across various 

disease severity levels. The chapter identifies which features emerge as the earliest 

indicators of disease severity and evaluates their complementary value in improving 

detection accuracy. 
Chapter 5 introduces a novel methodology—Physical Model-Guided Deep Learning 

(PGDL)—that integrates radiative transfer simulations with advanced neural network 

architectures. By comparing different simulation strategies and transfer learning 

approaches, this chapter demonstrates how incorporating biophysical insights improves 

the model’s ability to generalize and perform robustly across seasons and disease stages. 

The PGDL framework effectively bridges the gap between physically based and data-

driven methods. 
Chapter 6 presents an RS-DeepSpread model, a novel Synergistic Remote Sensing-

Deep Learning and Epidemic framework that integrates a remote sensing-driven deep 

learning with a stochastic epidemic spread model to predict the progression of maize 

leaf spot in both space and time. The epidemic model constrains and refines the 

predictions generated by the remote sensing deep-learning module. RS-DeepSpread 

consistently outperforms standalone deep-learning models, achieving higher accuracy 

and lower rates of underestimation. The Synergistic framework trained on hyperspectral 

imagery offers a solution for timely and spatially explicit prediction of maize leaf spot 

disease dynamics. 
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Fig. 1.1. Overview of the research framework and chapter organization 
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 Abstract 

Crop diseases present significant threats to global food security and agricultural 

sustainability. Traditional monitoring methods, reliant on visual inspections and 

laboratory analyses, are labor-intensive and unsuitable for large-scale implementation. 

Hyperspectral remote sensing has emerged as a promising tool for operational crop 

disease monitoring. Here we provide a broad review, starting with a hyperspectral-

based description of observable symptoms of common crop diseases and then 

examining hyperspectral features, including spectral and textural features, pigments 

light absorption, solar-induced chlorophyll fluorescence, spatiotemporal information, 

and multimodal features. We also analyze the algorithms used for disease detection, 

including traditional statistical methods, machine learning, and physical-based 

approaches. Our findings highlight the effectiveness of these methods in distinguishing 

various stressors, detecting early diseases, assessing crop resistance, and monitoring 

large scale diseases. Based on a quantitative literature review, we summarize current 

research trends. Future research should emphasize integrating physical models with 

deep learning, ensuring sensitivity and robustness of spectral features, and promoting 

international data sharing. 
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2.1 Introduction 

Crop diseases cause substantial economic damage globally, posing a serious risk to 

food security and agricultural sustainability (Boyd et al., 2013; Fisher et al., 2012; Paini 

et al., 2016). Early monitoring and assessments of crop diseases are essential for 

developing effective management strategies to mitigate their impact on crop 

productivity. Conventional methods for monitoring crop diseases primarily rely on in-

situ visual inspections. This process requires a substantial number of skilled 

professionals, which is subjective, time-consuming, and labor-intensive. For 

monitoring disease objectively and rapidly, remote sensing techniques have been 

proposed. Remote sensing allows the collection of high spatial resolution information 

on large areas and rapidly analyzing a large number of crops and their related traits, 

which provides strong support for agricultural monitoring applications focused on food 

security (Martinelli et al., 2015). 
Hyperspectral remote sensing, a subset of remote sensing technologies, offers high 

spectral resolution and has rapidly evolved into an effective tool for agricultural 

research (Adão et al., 2017; Baret et al., 1987; Jin et al., 2020). The hyperspectral 

sensors can generate a distinct spectral signature for each captured target at high 

spectral resolutions < 2.5 nm, consisting of reflectance measurements in hundreds of 

contiguous wavelength channels (Thenkabail et al., 2000). It is noted that a few 

commercial hand-held systems even achieve resolutions less than 1nm. Narrow 

wavebands of hyperspectral sensing systems explain their widespread use in 

phenotyping (Machwitz et al., 2021; Mishra et al., 2020). This unique property of 

hyperspectral remote sensing allows for high sensitivity to subtle crop changes caused 

by diseases, enabling the detection of various disease types and early-stage, 

asymptomatic infections (Zarco-Tejada et al., 2018; Zarco-Tejada et al., 2021). For 

instance, this technique has been widely used in monitoring root rot (Marzougui et al., 

2019; Reynolds et al., 2012), leaf spot (Mahlein et al., 2010), bacterial blight (Gold et 

al., 2020b; Sterling and Di Rienzo, 2022) and yellow rust (Devadas et al., 2009; Ren et 

al., 2021a), etc.  
As hyperspectral sensors and data analysis methods for crop disease monitoring have 

developed, numerous studies have reviewed advancements in this field from various 

perspectives. Mahlein et al. (2018) first explored the factors that make hyperspectral 

sensors more favorable for detecting crop diseases than other sensors and discussed the 

current interpretations of reflectance signatures from the crop-pathogen interactions. 

Zhang et al. (2020) provided a workflow for using hyperspectral technologies in 

analyzing crop diseases. Terentev et al. (2022a) analyzed the current state of 

hyperspectral remote sensing for the early detection of crop diseases in four types of 

crops, including oil palm, citrus crops, the Solanaceae (nightshade) family, and wheat. 

Paux et al. (2022) focused on identifying candidate genes that could be further 

characterized to identify relevant alleles for breeding programs. Zhu et al. (2024) 

highlighted the transformative potential of UAV-based remote sensing and deep 
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learning in crop disease and pest management. While these studies have contributed 

significantly to specific aspects of crop disease research, they lacked clear criteria for 

selecting hyperspectral features and do not provide objective assessments of future 

trends in the field based on quantitative literature analysis. 
This review explores the capabilities of hyperspectral remote sensing features for 

crop disease monitoring and proposes a structured approach for selecting hyperspectral 

features sensitive to crop diseases. By analyzing the temporal patterns of keywords 

frequently used in publications related to hyperspectral sensing, we summarize the 

results and highlight the future challenges in monitoring crop diseases using this 

technology. 
The remaining content of this paper is organized as follows. Section 2.2 provides an 

overview of the fundamental definitions and common symptoms associated with crop 

diseases.  Section 2.3 explores a range of relevant hyperspectral features for monitoring 

crop diseases. Section 2.4 reviews the algorithms used in monitoring crop diseases 

through hyperspectral features. Section 2.5 presents several case studies demonstrating 

the practical application of hyperspectral monitoring in crop disease management. 

Section 2.6 discusses the challenges and future perspectives in utilizing hyperspectral 

remote sensing for disease monitoring. Finally, Section 2.7 summarizes a general 

overview and conclusion. 

2.2 Plant disease basics 

Crops are exposed to various environmental stresses, including biotic and abiotic 

pressures, which strongly affect their growth, development, and survival. Abiotic 

stresses, such as solar radiation, salinity, waterlogging, nutrient shortages, temperature 

extremes, and heavy metals, can affect metabolism, growth, and development (Minhas 

et al., 2017; Suzuki et al., 2014). In contrast, biotic stresses arise from interactions 

between crops and other living organisms, such as pathogens, weeds, insect pests, 

nematodes, protists, viruses, and viroids (Morkunas et al., 2018). For the purposes of 

this review, the term "crop disease" refers specifically to biotic stress, as defined in  

Nutter et al. (2006). 
Disease responses in crops result from complex interactions between various 

organisms. These interactions can affect different crop components, including roots, 

stems, leaves, and fruits, and may have both direct and indirect impacts on crop 

physiology and biochemistry (Fig. 2.1A). For example, viruses can cause damage by 

inducing pigment degradation, structural wilting, and necrosis, which may lead to 

nutrient deficiencies, such as phosphorus deficiency (Chandrakar et al., 2018). Fungal 

pathogens have a broad diversity of effects on crops, ranging from early stimulation of 

photosynthesis to later reduction of photosynthetic capacity, leading to visible foliar 

lesions (Chang et al., 2013; Vergara-Diaz et al., 2015). The diversity of fungal 

pathogens can cause anthracnose, leaf spot, rust, and wilt. These symptoms can be 

monitored as changes in the properties of optical reflectance of the canopy (Singh et al., 

2020). Microbes, such as those causing downy mildew, can also cause similar 
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symptoms, leading to biotic stress responses in crops. The temporal aspect of disease 

symptoms is also important. Short-term disease manifestations often reflect changes in 

photosynthesis, respiration, and transpiration rates, while long-term infections can have 

more persistent effects on crop growth and development (Damm et al., 2018).  
Crop responses to disease are typically continuous but often exhibit nonlinear 

characteristics (Kranner et al., 2010). Responses to disease can be divided into three 

phases based on the severity and duration of the stressors. Using the case of rice leaf 

blast as an example, a few watery lesions (usually one or two) are initially observed in 

greenhouses on infected leaves. Still, these lesions are often difficult to monitor under 

field conditions. The mild stage of infection is characterized by several small brown 

spindle lesions that are easily visible on the surface of infected leaves. The foliar surface 

generally appears normal, except for the necrotic lesions. The stage of severe infection 

as the disease increases features multiple distinct fusiform plaques on the foliar surface, 

accompanied by wilting and yellowing around the lesions (Tian et al., 2021). 
It is important to note that the same disease can produce different symptoms 

depending on environmental conditions and the developmental stage of the crop. As 

shown in Fig. S2.1, different diseases may also lead to similar symptoms. Therefore, a 

thorough understanding of the physiological responses of crops to specific diseases is 

crucial for accurate disease identification and effective mitigation strategies. 

2.3 Hyperspectral features 

Hyperspectral features refer to the specific spectral information extracted from 

hyperspectral data that can be used to identify, analyze, and classify different materials 

or conditions, such as crop diseases. Since the early hyperspectral work of Baret et al. 

(1987), numerous features have been proposed for qualitative or quantitative crop 

disease assessment and monitoring of crop structure and physiology changes. This 

review divides hyperspectral features into spectral, spatial, and bio-physical features 

such as pigment content and SIF (refer to Table 2.1). Other data sources that can 

enhance the precision of disease monitoring by supplementing hyperspectral 

information are also referred to as auxiliary data. 
2.3.1 Spectral features 

The visible (VIS) and near-infrared (NIR) spectral domains are commonly used to 

monitor crop diseases (Haagsma et al., 2020; Kurihara et al., 2022; Liu et al., 2020a; 

Sterling and Di Rienzo, 2022; Xiao et al., 2021). As can be seen from Fig. 2.1B, 

chlorophyll, accounting for the green color of vegetation, absorbs strongly in red (650–

700 nm) and blue (400–500 nm) spectral regions and has maximum reflectance in green 

wavelengths (560 nm). Anthocyanins, reflecting strongly in red wavelengths, have an 

absorption maximum at approximately 530 nm, while the red-edge region (680–780 

nm) is sensitive to changes in photosynthetic rate (Boegh et al., 2002; Cao et al., 2019) 

and the NIR region is sensitive to foliar and canopy structure. The SWIR region is 

particularly sensitive to water content in leaves and is crucial for detecting hydration 

changes in crops under biotic stress, as water is a key factor in the physiological 
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response to disease (Gold et al., 2020a; Huang et al., 2015; Meng et al., 2020).  
Hyperspectral reflectance refers to an object’s ability to reflect light across various 

wavelengths, which is captured and quantified by hyperspectral imaging sensors. 

Commercial hyperspectral sensors on the market have spectral capabilities that cover 

the entire range or selected portions of the electromagnetic spectrum between 400–2500 

nm and can retrieve anywhere between 30–2000+ individual bands (Appeltans et al., 

2020). Each object or material exhibits a unique reflectance pattern at specific 

wavelengths, forming a distinct spectral “fingerprint” that can be used to identify or 

differentiate between healthy pants or diseases. While hyperspectral reflectance 

provides rich spectral information, it is also complex to process and can be significantly 

influenced by environmental factors. 
Table 2.1 Hyperspectral features for monitoring crop diseases 

 Advantages Disadvantages Related Studies 
Spectral features 
Hyperspectral 

reflectance 
Spectrum 

transformation 
Wavelet features 
Vegetation indices 

Simple 

calculation 
Poor transferability 
Mixed spectrum 

(Gold et al., 

2020b; Zhang et 

al., 2018) 

Spatial features 
Textural features Represents the 

spatial pattern 
Affected by spatial resolution 
Requires imaging sensors 

(Khan et al., 

2021; Xuan et al., 

2022) 
Pigment concentration 
Anthocyanins  
Chlorophylls 
Xanthophyll 

V+A+Z pool 
Carotenoids  

Early response 
Good 

transferability 

Robustness 

Complexity of physically 

based models 
(Zarco-Tejada et 

al., 2018; Zarco-

Tejada et al., 

2021) 

Fluorescence emission 
Solar induced 

fluorescence  
Early response Weak signals 

High spectral resolution 
Lack of disease specificity 

(Calderon et al., 

2013; Mahlein et 

al., 2019) 
Auxiliary data 
Vegetation 

temperature 
Early response Atmospheric correction issue 

Complex retrieval 
Lack of disease specificity 

(Hornero et al., 

2021; Mahlein et 

al., 2019) 
Structural 

information 
Surface 

penetrating 
 

Lack of chemical information (Yu et al., 2021a; 

Zhou et al., 2022) 

 



Hyperspectral Remote Sensing for Monitoring Crop Disease: Applications, 
Challenges, and Perspectives

15

Fig. 2.1. Comprehensive framework of remote sensing-based crop disease monitoring: 

from crop-disease interaction to disease feature and modeling analysis algorithms. (A) 

Crop-disease and crop-light interactions under different disease severity. (B) Spectral 

response and feature selection criteria. (C) Algorithms for monitoring disease. Note: 

VIS denotes visible reflectance; NIR denotes near-infrared reflectance; SWIR denotes 

shortwave infrared reflectance.
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Vegetation indices (VIs) have been used partly to compensate for some of these 

effects, widely employed to characterize crop information. Many VIs have been 

proposed to monitor crop biophysical, biochemical, and physiological properties since 

the early 1970s (Zeng et al., 2022). VIs are practical tools for monitoring diseases due 

to the correlations between these attributes and diseases (Table S2.1). The most basic 

vegetation indices are obtained from an algebraic combination of spectral reflectance 

(Baret and Guyot, 1991). Among these, the Photochemical Reflectance Index (PRI) is 

one of the most commonly used indices for quantifying spectral changes caused by 

disease. PRI is based on variations in xanthophyll concentration and pigment pool sizes, 

which allows it to effectively track light-use efficiency and photosynthetic performance 

(Gamon et al., 1992). Variants of PRI, such as normalized PRI (PRIn) and modified 

PRI, have also been widely adopted (Camino et al., 2021; Poblete et al., 2020; Zarco-

Tejada et al., 2018). Additionally, several VIs sensitive to crop pigments, such as the 

normalized phaeophytinization index (NPQI), Vogelmann index, transformed 

chlorophyll absorption ratio/optimized soil adjusted vegetation index, Lichtenthaler 3, 

and pigment-specific normalized difference for chlorophyll a, have been employed for 

disease monitoring. Likewise, VIs sensitive to water content, including the water index, 

disease-water stress index, and normalized difference water index, have been utilized 

to monitor diseases caused by pathogens such as Phytophthora, downy mildew, fire 

blight, corn rust, wheat fusarium head blight, late blight, and early blight (Huang et al., 

2021; Meng et al., 2020; Skoneczny et al., 2020). Although vegetation indices like PRI 

and NDSI are useful in many cases, they generally ignore the finer spectral details that 

hyperspectral data can offer. Thus, while these indices are practical, they are inherently 

sub-optimal for hyperspectral applications that require a more nuanced understanding 

of crop health (Berger et al., 2022). 
The Red-edge Inflection Point (REIP) and three-edge parameters represent 

alternative vegetation indices also used to capture unique spectral characteristics of crop 

diseases. These indices encompass position, amplitude, and area within wavelength 

regions of substantial spectral variability (Broge et al., 2003; Darvishzadeh et al., 2009). 

For instance, Lin et al. (2020) investigated the sensitivity of 36 three-edge parameters 

to rice sheath blight, highlighting that the ratio index of the red-edge area to the green-

peak area was the most important feature for distinguishing foliar sheath lesions from 

foliar blade lesions. Feng et al. (2016) demonstrated that the sum of the 1st derivatives 

within the blue edge was significantly correlated with the severity of wheat powdery 

mildew. Three-edge parameters have also been used for monitoring wheat fusarium 

head blight (Huang et al., 2021). While these commonly used vegetation indices can 

represent changes in crop health to some extent, they generally lack disease specificity. 

This means that they may be sensitive to various diseases, not just the target disease 

under study. 
To monitor a particular disease, disease-specific indices are generally developed after 

evaluating their sensitivity to the specific symptom associated with the target disease. 

For example, the healthy index (HI) was created to monitor sugar beet diseases by 
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testing all possible combinations of a single wavelength and a normalized wavelength 

difference (Mahlein et al., 2013). The yellow rust spectral index was designed to 

estimate the severity of wheat yellow rust quantitatively (Huang et al., 2015), and the 

fusarium head blight classification index was developed to classify healthy and diseased 

areas of wheat spikelets (Zhang et al., 2019b). It would be beneficial to mention that 

creating such indices requires a clear understanding of the disease’s spectral signature 

and the associated symptoms. A more direct method of building vegetation indices 

involves mimicking the mathematical form of classical indices and exhausting all 

possible band combinations. For example, Marzougui et al. (2019) calculated the 

normalized difference spectral indices (NDSIs) using the formula of NDVI and all 

combinations of wavelengths, and Meng et al. (2020) used the form of the healthy index 

to construct a three-band combination index. However, these disease-specific indices, 

derived from leaf spectral data, often do not account for the structural parameters of 

crops, leading to decreased accuracy when applied to canopy-level monitoring tasks 

(Asner and Martin, 2008). Future efforts should focus on developing robust, disease-

specific indices that can be easily adapted to different crop species and environmental 

conditions, enabling real-time disease detection across agricultural landscapes. 
Several transformations of the raw spectrum can also be applied to monitoring crop 

diseases, such as the derivative transformation (Chen et al., 2022a; Zhang et al., 2012b) 

and wavelet features (Huang et al., 2021; Huang et al., 2020; Shi et al., 2017; Zhang et 

al., 2018). These transformations often produce features equivalent to or even more 

numerous than the original reflectance data. Consequently, the sensitivity and 

specificity of these features to crop diseases require careful analysis. 
2.3.2 Textural features 

Image texture represents the distribution of pixel grayscale values and their spatial 

neighborhood relationships. Textural features have been applied in the detection and 

monitoring of various crop diseases, including wheat powdery mildew (Feng et al., 

2022b; Khan et al., 2021; Xuan et al., 2022), fusarium head blight (Liu et al., 2020a; 

Xiao et al., 2021), and yellow rust (Guo et al., 2021a). A standard method for 

quantitatively describing textural features involves the construction of compelling 

grayscale images and the calculation of statistical properties using the gray-level co-

occurrence matrix (GLCM) (Fig. S2.2). To generate compelling grayscale images, 

researchers have employed principal components of hyperspectral images (Xuan et al., 

2022) or disease-sensitive bands (Khan et al., 2021). As a type of spatial feature, 

textural features can effectively monitor diseases that cause variations in leaf or canopy 

patterns. However, the performance of textural features is influenced by factors such as 

spatial resolution and the size of sliding windows used in the analysis. Addressing these 

challenges and optimizing the extraction and application of textural features will be 

critical for advancing the use of hyperspectral imaging in monitoring crop diseases. 
2.3.3 Pigments light absorption  

The absorption properties of crop pigments, quantitatively expressed as crop 

pigments concentration, are a critical indicator of crop diseases, as they reflect 
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symptoms such as discoloration, chlorosis, and changes in the dynamics of pigment 

pools (Osdaghi et al., 2020; Zarco-Tejada et al., 2018). Numerous studies have 

demonstrated that analyzing pigment concentration is essential for accurately detecting 

infected crops and distinguishing symptoms caused by pathogens from those induced 

by water stress. Zarco-Tejada et al. (2021) found that anthocyanin content was critical 

for distinguishing Xylella fastidiosa infections in olive trees from water-stress 

responses, while chlorophyll was relevant in almonds. Similarly, Poblete et al. (2021) 

found that carotenoid content was relevant for discriminating Verticillium dahliae 

infections from Xylella fastidiosa infections in olive trees, while xanthophyll-related 

indicators were relevant for discriminating Xylella fastidiosa infections. In a recent 

study, Poblete et al. (2023a) analyzed the progression of pigment concentration, 

comparing their contribution to detecting early, middle, and advanced stages of 

infection in a multi-date, multi-site, and multi-species assessment. They found that 

pigment concentrations played different roles depending on the stage of the infection. 

As diseases progress, changes in pigment concentrations evolve, making it crucial to 

monitor pigment dynamics over time to assess disease stage and severity. These 

pigments can be retrieved based on radiative transfer models (RTMs), which 

simultaneously leverage information from the entire wavelength range (Baret et al., 

2007; Berger et al., 2018). Although changes in pigment concentrations are crucial 

physiological responses to crop diseases, inversion methods based on complex physical 

models may introduce errors (Wang et al., 2023b; Zhang et al., 2021).  
2.3.4 Solar-induced chlorophyll fluorescence 

SIF provides valuable information about photosynthetic activity, making it a crucial 

indicator for assessing crop health and detecting disease (Buschmann et al., 2000; Jones 

and Schofield, 2008; Moya and Cerovic, 2004). Several methods have been developed 

to quantify SIF at the foliar and canopy levels, including the Fraunhofer-line 

discrimination (FLD) method (Plascyk and Gabriel, 1975), RTMs (Gastellu-Etchegorry 

et al., 2017; van der Tol et al., 2009), spectral-fitting methods (Meroni et al., 2010), and 

singular vector decomposition (Yang et al., 2018). However, retrieving SIF from 

spectral images is challenging, as the SIF signal under natural light conditions 

constitutes less than 1% of the incident energy (Malenovský et al., 2009). Fortunately, 

recent work has shown the strong relationship between SIF quantified with 

subnanometer resolution (0.1–0.2 nm FWHM) and narrowband resolution (5.8 nm 

FWHM), showing that SIF can be tracked in relative terms, using broader resolution 

sensors (Belwalkar et al., 2022). This has allowed the use of SIF quantified using a 

broader-band imaging spectrometer to detect biotic stress with high accuracy (Poblete 

et al., 2020; Zarco-Tejada et al., 2018; Zarco-Tejada et al., 2021). Given the potential 

of SIF in disease monitoring, future research should focus on developing algorithms 

that can isolate SIF from other sources of variability, improving its specificity for biotic 

stress detection. 
2.3.5 Auxiliary data 

Multimodal collaboration is generally an efficient framework for monitoring crop 
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diseases, which must be versatile, user-friendly, and cost-effective to facilitate its 

integration into precision agriculture and breeding systems (Berger et al., 2022). 

Multimodal remote sensing data can provide a more comprehensive understanding of 

the complex interactions between diseases and crops. Among the most widely used data 

types to complement hyperspectral data for disease monitoring are thermal and LiDAR 

data. 
1) Vegetation temperature 
Vegetation temperature has proven helpful for determining transpiration rates and 

assessing crop health (Lu et al., 2020). Vascular pathogens colonize crop vessels, block 

sap flow, reduce transpiration, and increase canopy temperature (Calderon et al., 2013; 

Zarco-Tejada et al., 2018). Combining vegetation temperature with hyperspectral 

characteristics has been employed for early disease monitoring (Calderon et al., 2015; 

Feng et al., 2022b; Lopez-Lopez et al., 2016; Mahlein et al., 2019), discriminating 

pathogens with similar visual symptoms (Poblete et al., 2021), and disentangling biotic 

from abiotic sources of stress (Zarco-Tejada et al., 2021). Zarco-Tejada et al. (2018) 

conducted a pioneering study using multiple sensor acquisitions, including airborne 

hyperspectral and thermal data, to analyze trees experiencing early stress caused by the 

vector-transmitted bacterial crop pathogen Xylella fastidiosa. They derived indicators 

of vegetation temperature and the Crop Water Stress Index (CWSI) (Moran et al., 1997), 

estimated canopy structural and foliar biochemical traits using RTM inversion, and 

calculated the sensitivities of narrow-band spectral indices. All these indicators 

underwent multivariate analysis using machine learning algorithms to classify the pre-

visual incidence and severity of the disease on a large field scale. Despite considerable 

advances in both satellite and UAV-based thermal sensing, challenges remain. The 

accuracy of thermal infrared data is often compromised by issues related to data 

correction. Therefore, it is a challenge to distinguish crop responses or stress from 

natural variability in vegetation (Stutsel et al., 2021) or the confounding effects of 

rapidly changing environmental conditions (Aragon et al., 2020). 
2) Structural information 
LiDAR technology can accurately obtain three-dimensional information about 

objects, enabling the precise segmentation of crops and associated shadows and 

vegetation overlap within crops. LiDAR information often complements spectral data 

by addressing the issue of spectral confusion (spectral confusion arises when different 

materials or objects exhibit similar spectral characteristics, making it difficult to 

differentiate between them based solely on spectral information). By providing precise 

distance measurements and detailed 3D point cloud information, LiDAR assists in 

overcoming spectral confusion and enables better discrimination and identification of 

objects. Many studies have investigated the static and dynamic changes of structural 

and functional phenotypes in agriculture using LiDAR technology (Jin et al., 2021a). 

For example, LiDAR data have been used to segment individual trees in data 

preprocessing to improve the accuracy of monitoring diseases with narrow-band 

spectral information (Zhou et al., 2022). LiDAR metrics, such as crown volume, crown 
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area, the coefficient of variation of crown-return intensity, the 25th cumulative 

percentile of crown-return intensity, and the kurtosis of crown-return intensity, have 

been used in models of disease classification (Yu et al., 2021a). Spatially aligning 

LiDAR and spectral data, however, remains a considerable challenge due to geometric 

and radiometric distortions (Maschler et al., 2018).  
2.3.6 Temporal information 

Temporal information, which involves knowledge derived from sequences of 

hyperspectral images or multimodal remote sensing data over time, can significantly 

enhance the accuracy of crop disease monitoring. Such temporal data allow for the 

identification of trends throughout the stages of crop growth. For example, Anderegg 

et al. (2019) demonstrated that temporal changes in canopy spectral reflectance allowed 

the specific monitoring and quantification of Septoria tritici blotch in various wheat 

germplasms, minimizing the confounding effects of genotype and environment. 

Compared to reflectance spectra obtained at individual time points, time-integrated 

information offers improved specificity and robustness in assessing crop diseases. 

Spectral-temporal features can also aid in distinguishing diseases from physiological 

aging. Despite these advantages, only a few studies have investigated the use of 

hyperspectral temporal information from multi-period images for monitoring crop 

disease. The increased workload and cost associated with data acquisition and analysis 

are the primary challenges in using time-series data for monitoring diseases. 
2.3.7 Four criteria for selecting features 

The essence of remote sensing feature selection corresponds to feature engineering 

in computer science. Feature engineering refers to selecting, creating, and transforming 

features or variables from raw data to improve the performance of ML models or other 

computational algorithms. Effective feature engineering is crucial in ML tasks, as it can 

greatly impact models’ performance and generalization ability (Li et al., 2011). This 

paper identifies four simple criteria for feature selection, including diversity, robustness, 

relevance, and parsimony. 
Diversity: Obtaining multiple and independent crop features, rather than only one, 

is essential for accurately identifying crop diseases. Multiple spectral domains or sensor 

modalities can provide a comprehensive understanding of complex interactions 

between diseases and crops (as discussed in Section 2.3.6). 
Robustness: The radiance received by hyperspectral sensors is often decreased by 

atmospheric influences and environmental disturbances. Features should be robust to 

variations in geometry, illumination, canopy structure, and soil, which ensures a 

model’s generalization to different spatiotemporal scales. 
Relevance: Features must be relevant to the target disease, as this helps models better 

simulate the relationship between remote sensing features and diseases, leading to more 

accurate monitoring. Features should also be pertinent to the stage of the disease, as 

different stages trigger physiological responses associated with distinct features. 

Additionally, features should align with the properties of the sensors. An overview of 

widely used spectral indices can be found in an online database 



Hyperspectral Remote Sensing for Monitoring Crop Disease: Applications, 
Challenges, and Perspectives 

 21 

(www.indexdatabase.de).  
Parsimony: Reducing feature dimensionality can improve model efficiency and 

generalization and decrease computational costs. But the number of features should be 

kept still uncertain. For example, two to four disease-specific spectral features were 

sufficient to identify rice leaf blast (Tian et al., 2021), but eight spectral bands to 

monitor tomato spotted wilt achieved the best classification accuracy (Wang et al., 

2019). 
The relevance of the four criteria for feature selection can be observed in studies that 

aim to detect and differentiate infection sources and distinguish between biotic and 

abiotic sources. Notably, different diseases or stages of infection may yield different 

feature selection outcomes. In summary, no single feature is best. To monitor diseases 

more accurately, we recommend considering instrument attributes and disease 

characteristics and focusing on extracting appropriate features.  

2.4 Algorithms for modeling crop disease 

The methods used to monitor crop diseases can be broadly categorized into three 

groups: (i) traditional statistical methods, (ii) machine learning-based methods, and (iii) 

physically-based approaches that integrate RTMs with machine learning algorithms. 

Each of these methods has unique strengths, but they also come with inherent 

limitations, as detailed in Table 2.2. These algorithms have shown varying levels of 

accuracy when applied to specific crops and diseases, as detailed in Table 2.3.  
2.4.1 Traditional statistical methods 

Over the last few decades, scientists have attempted to use single or combinations of 

multiple indicators to estimate the extent of disease occurrence. Univariate and 

multivariate regression-based algorithms have been extensively used to monitor crop 

diseases using hyperspectral signatures. For example, PRI exhibited a negative linear 

relationship with the disease index of wheat yellow rust (Huang et al., 2007). A single 

index lacks specificity for identifying and differentiating diseases, but combining two 

or three spectral vegetation indices can improve disease retrievals (Hillnhuetter et al., 

2012; Mahlein et al., 2010). Multivariate regression models such as multinomial 

logistic regression (MLR) and partial least squares regression (PLSR) have 

subsequently been used for monitoring diseases (Prabhakar et al., 2013; Zhang et al., 

2014). These methods are quick for building linear relationships between spectral bands 

and disease severity. However, they tend to oversimplify complex, nonlinear 

interactions, which can limit their effectiveness for detecting early-stage or subtle 

disease symptoms. 
Table 2.2 Comparative analysis of various algorithms 

Algorithms  Advantages Disadvantages Exemplar

y studies 
Univariate linear 

regression 
Simple and easy to 

understand 
Suitable for selecting 

features 

Limited to linear relationships  
Does not consider interactions 

among features 
Limited areas of application  

(Huang et 

al., 2007) 
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Multiple linear 

regression 
Considers multiple 

features 
Limited areas of application (Prabhakar 

et al., 

2013; 

Zhang et 

al., 2014) 
Statistical analysis Considers multiple 

source features 
Computationally 

efficient 

Sensitive to noise 
Performs poorly for weak 

spectral responses 

(Hillnhuett

er et al., 

2012; Li et 

al., 2012) 
Traditional 

machine learning 
Suitable for modeling 

complex relationships 
Requires feature selection 
Difficult to interpret 

(Alisaac et 

al., 2018; 

Iordache et 

al., 2020) 
Deep learning The end-to-end model 

Suitable for modeling 

complex relationships 

Difficult to interpret (Wang et 

al., 2019; 

Yu et al., 

2021b) 
RTM + ML Leverages available 

physical 

understanding 

Model errors due to 

simplification of reality 
Accumulation of model errors 

(Hornero et 

al., 2021; 

Poblete et 

al., 2023a) 
A set of classical supervised classification algorithms based on statistical analysis, 

such as minimum distance, which uses Euclidean or Mahalanobis distances between 

pixel values and the centroid value of the sample class, have been used (Bagheri et al., 

2018; Li et al., 2012; Zhang et al., 2011). The spectral angle mapper (SAM) has been a 

promising tool for hyperspectral classification, wherein each spectrum is classified 

based on its angular similarity to the spectra of the endmember. This method indicated 

an overall accuracy of 79.4% in discriminating symptoms (healthy 2 diseases alone or 

in combination) on sugar beet (Hillnhuetter et al., 2012). These methods are useful for 

hyperspectral classification, particularly in well-defined cases. However, in complex or 

heterogeneous canopies, where disease symptoms overlap with healthy plant features, 

these methods can struggle to differentiate between classes.  
In the future, traditional statistical methods should incorporate more advanced 

preprocessing steps to handle noise and spectral overlaps better. For example, 

incorporating machine learning feature selection or dimensionality reduction 

techniques may improve the robustness of these methods. 
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Table 2.3 Summary of algorithms for monitoring plant disease using hyperspectral 

feature 
Crop Diseases Equipment 

type 
Features Method Best 

accuracy 
Reference 

Empirical methods 
Sugar 

beet 
Leaf spot, 

rust, and 
powdery 

mildew 

Leaf clip Spectral RELIEF-F 92, 87, and 

85%, 
respectivel

y 

(Mahlein et al., 

2013) 

Wheat  yellow rust Proximal, 
airborne 

Spectral RE -- (Huang et al., 
2007) 

Sugar 

beet 
Leaf spot, 

powdery 
mildew, 

and rust 

Leaf clip Spectral COC -- (Mahlein et al., 

2010) 

Supervised classification methods 
Wheat Powdery 

mildew 
Proximal Spectral, 

textural  
PLSDA, 

SAM 
91.4% (Xuan et al., 

2022) 
Rice Rice blast Proximal Spectral ML-SFFS 

(ML: LDA, 

KNN, SVM) 

Asymptom

atic: 

69.58% 
Early: 

95.77% 
Mild: 
98.65% 

(Tian et al., 

2021) 

Wheat Septoria 

tritici 

blotch 

Proximal Spectral, 

temporal 
PLSDA 86% (Anderegg et 

al., 2019) 

Wheat Fusarium 

head blight 
Proximal Spectral, 

SIF, 

multimoda

l 

SVM 89% (Mahlein et al., 

2019) 

Tomato Spotted 

wilt virus 
Proximal Spectral  GAN 96.25% (Wang et al., 

2019) 
Pine 

forests 
Pine wilt 

disease 
UAV Spectral  3D-Res 

CNN 
Early: 

72.86% 
88.11% 

(Yu et al., 

2021b) 

Physical-based approaches 
Holm 

oak 
Phytophth

ora-
induced 

symptoms 

Airborne Spectral, 

pigment 
concentrat

ion, SIF, 

multimoda

l  

3D RTM, 

SVM, RF 
71–82% (Hornero et al., 

2021) 

Olive Xylella 

fastidiosa  
Airborne Spectral, 

pigment 
concentrat

ion, SIF, 

multimoda

l  

3D RTM, 

SVM, NNE, 
LDA 

80.9% (Zarco-Tejada 

et al., 2018) 

Olive, 

Almon

d 

Xylella 

fastidiosa 

and 
Verticilliu

m dahliae  

Airborne Spectral, 

pigment 

content, 
structural 

properties, 

CWSI, SIF 

PRO4SAIL, 
SVM, RF, 

spectral 
clusering, 

multi-stage 

classificatio

92%-94% (Zarco-Tejada 

et al., 2018) 
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n 
Olive Xylella 

fastidiosa 
and 

Verticilliu

m dahliae  

Airborne Spectral, 

pigment 
content, 

structural 

properties, 
CWSI, SIF 

PRO4SAIL, 

SVM, RF, 
spectral 

clusering, 

multi-stage 
classificatio

n 

92%, 98% (Poblete et al., 

2021) 

Grape Yellownes

s and esca  
Leaf clip Spectral, 

pigment 

concentrat
ion, 

textural 

PROSPECT

-D, BPNN 
99%  (Al-Saddik et 

al., 2018) 

Note: UAV, unmanned aerial vehicle; RE, regression equation; COC, coefficient of 

correlation; PLSDA, partial least squares discriminant analysis; SAM, spectral-angle 

mapper; ML-SFFS, machine-learning-based sequential floating forward selection; 

LDA, linear discriminant analysis; KNN, K-nearest neighbor; SVM, support-vector 

machine; GAN, generative adversarial nets; 3D-Res CNN, three-dimensional 

convolutional neural network; RTM, radiative-transfer model; 3D RTM, three-

dimensional RTM; RF, random forest; NNE, neural network ensemble; BPNN, back-

propagation neural network. 
2.4.2 Machine learning-based methods 

Algorithms for supervised ML classification have become highly effective tools for 

accurately identifying and quantifying crop diseases. Popular algorithms, including 

linear discriminant analysis, random forest, support vector machines, stepwise 

discriminant analysis, multilayer perceptron, radial basis function, decision trees, and 

K-nearest neighbor, have all been widely used (Alisaac et al., 2018; Calderon et al., 

2015; Fernandez et al., 2020; Huang et al., 2020; Iordache et al., 2020; Meng et al., 

2020; Zhang et al., 2012a). These traditional ML algorithms can model complex 

relationships, but careful engineering and selection of features are required before 

modeling. 
Deep learning (DL) has become a powerful tool for processing hyperspectral data, 

with applications in the monitoring and diagnosis of diseases (Loey et al., 2020). 

Convolutional neural networks (CNNs) are particularly effective for these tasks 

because CNNs can extract highly discriminatory features and leverage the spatial-

contextual and spectral information contained in cubes of hyperspectral imagery data. 

For instance, 1D-CNNs have demonstrated a high average accuracy of 97.72% in 

identifying disease spots on potato leaves using hyperspectral imagery, offering faster 

and more accurate results (Liu and Xiao, 2020). Similarly, 2D-CNNs achieved an F1 

score of 0.75 and an accuracy of 74.3% when classifying hyperspectral pixels of healthy 

wheat heads versus those affected by fusarium head blight in field conditions (Jin et al., 

2018). Furthermore, 3D-CNNs can outperform 2D-CNNs because they take advantage 

of the spectral dimension in hyperspectral data cubes, enabling the model to capture 

both spatial and spectral relationships (Nguyen et al., 2021). Notably, 3D-Res CNNs 

achieved an overall accuracy of 88.11% in identifying pine trees infected with pine wilt 

disease (PWD) from hyperspectral images, with an accuracy of 72.86% for detecting 
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early-stage infections (Yu et al., 2021b). Although CNNs and 3D-CNNs can deliver 

high accuracy, their performance is heavily dependent on large, labeled training datasets. 

In agricultural remote sensing, such datasets are often limited, especially for diseases 

that are rare or poorly represented in existing datasets. Data augmentation or transfer 

learning might be necessary to overcome this limitation. 
2.4.5 Physical-based Methods 

Physically-based methods, also known as RTM methods, consider the radiative 

transfer processes involved in remote sensing. RTMs have been developed to simulate 

the interaction of electromagnetic radiation with canopy elements (such as leaves and 

soil) while also representing the architecture of the canopy and the structural and 

biochemical properties of its constituents. Although crop diseases are often considered 

secondary variables that cannot be directly associated with the mechanisms of radiative 

transfer observed in remote sensing (Weiss et al., 2020), they are closely linked to 

primary variables (e.g., pigment concentrations and leaf area index) that are directly 

involved in radiative transfer. This relationship has led to combining RTMs with ML 

methods, resulting in accurate and efficient hybrid models. 
The hybrid approach is a powerful tool for estimating biophysical and biochemical 

variables without the need for in situ reference data. For example, Camino et al. (2021) 

combined the PROSAIL model with Random Forest (RF) to monitor infections, using 

chlorophyll and anthocyanin concentrations derived from PROSAIL as inputs to RF, 

thereby improving monitoring accuracy. Similarly, Hornero et al. (2021) employed 

additional RTMs, including FLIGHT+FLUSPECT and FLIGHT+PROSPECT, to 

invert a broader range of crop functional traits related to crop health, such as water 

content, chlorophyll, carotenoid, anthocyanin levels, fluorescence, leaf area index, and 

increases in crown temperature and dry matter content. 
In these studies, RTMs provide valuable physical constraints and domain knowledge, 

but they also have limitations in representing complex disease processes. However, 

when combined with ML, they offer an effective way to improve disease monitoring 

accuracy by incorporating both physical and data-driven approaches. Further research 

is needed to explore more flexible and advanced approaches for combining RTMs with 

ML to improve the are liability and accuracy of disease monitoring under diverse 

conditions. 

2.5 Areas of application 

Research utilizing hyperspectral sensing for crop diseases can be categorized into 

four applications: 1) assessment of disease incidence and severity, 2) discriminating 

among stressors, 3) monitoring disease symptoms at the early stage, 4) discriminating 

crop resistance in breeding, and 5) monitoring disease in a large scale. The concepts of 

these four categories are illustrated in Fig. 2.2. The first category serves as the 

fundamental task in monitoring crop diseases. In contrast, the remaining categories 

present an array of challenges. This section will overview the research advancements 

made in categories 2 to 5. 
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2.5.1 Stresses discrimination 
Crops are constantly exposed to various stress factors, including biotic and abiotic 

stress, which can affect their growth, development, and productivity. Accurate and 

timely monitoring of stress is essential for effectively managing crops. Hyperspectral 

remote sensing has been used to discriminate differences between symptoms induced 

by pathogens (Poblete et al., 2021) and different types of stress in crops, including 

water-induced stress (Zarco-Tejada et al., 2021; Zibrat et al., 2019), nutrient deficiency 

(Abdulridha et al., 2018; Reisig and Godfrey, 2010; Zhang et al., 2012b; Zhang et al., 

2012d), pest and disease infestation (Liu et al., 2018), extreme weather (Lacoste et al., 

2015), and heavy-metal toxicity (Fu et al., 2020; Li et al., 2021; Xia et al., 2022). 

Different types of stresses can be identified based on the unique spectral signatures they 

produce. For example, nutrient deficiency due to yellow rust can be identified by 

changes in PRI (Zhang et al., 2012b), and drought stress and infestation have different 

patterns of change in reflectance in NIR and SWIR (Zibrat et al., 2019). A 

phylodynamic approach with multi-stage classificatory methodology has been used for 

identifying diseases (Poblete et al., 2021), and uncoupling biotic-abiotic spectral 

dynamics has been used to reduce uncertainty (Zarco-Tejada et al., 2021). Furthermore, 

the occurrence of diseases has been linked to prior knowledge, such as climate and the 

history of crop growth (Chakraborty and Newton, 2011b). While prior knowledge is 

indeed important, the challenge lies in integrating these data sources with hyperspectral 

imagery to improve model accuracy. A better approach may involve the dynamic 

integration of remote sensing data with real-time environmental factors. 
2.5.2 Early symptom monitoring 

The accurate monitoring and diagnosis of the symptoms at the early stage of disease 

are crucial for minimizing crop yield losses and monitoring the spread of diseases. 

Researchers have recently explored the potential of using remote sensing features and 

spectral crop trait analysis to monitor pre-visual symptoms of disease infection. Tian et 

al. (2021) showed promising results in the pre-visual monitoring of infection with rice 

leaf blast infection. Also, they designed indices that could quantify a disease index and 

track dispersal at multiple spatial scales (Tian et al., 2023). A practical framework using 

high-resolution hyperspectral images, thermal data, and radiative-transfer modeling has 

also been developed to evaluate the efficacy of monitoring pre-visual Xylella fastidiosa 

infection (Zarco-Tejada et al., 2018). Camino et al. (2021) developed a method for 

predicting diseases that combined spatial epidemiological models and remote sensing 

to accurately predict the spatial distribution of Xylella fastidiosa in almond orchards. 

These achievements represent a major step forward in monitoring vegetative health and 

its potential application at airborne canopy scales. To make early disease detection more 

practical, the integration of temporal spectral data and real-time environmental data 

(e.g., temperature, humidity, soil moisture) is crucial. Future work should focus on 

developing algorithms that combine hyperspectral, thermal, and environmental datasets 

to track disease spread across diverse environments. 
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Fig. 2.2. Areas of application of hyperspectral sensing of disease. Green, cyan, pink, 

and brown colors serve as indicators of an increase in the severity of disease. Gray 

indicates stress factors other than the disease, and the hatching represents crop 

genotypes with various phenotypes.  
2.5.3 Breeding resistance 

The development of resistant cultivars is a key strategy for controlling pathogen 

infection. Phenotyping is a vital step in breeding programs because it involves a 

qualitative characterization of the genomic expression of crop function in an 

environment (Fiorani et al., 2013; Reynolds et al., 2019). Phenotypes have traditionally 

been visually estimated, which is laborious, time-consuming, and can be subjective 

depending on the breeder’s expertise. Image-based phenotyping offers a promising 

solution to these problems because it can help the breeder to objectively quantify 

resistance and reduce the subjectivity in selecting potential genotypes (Gold et al., 

2020b; Joalland et al., 2018; Marzougui et al., 2019; Yu et al., 2018). However, 

genotypic diversity and contrasting environmental conditions are major challenges for 

evaluating crop resistance using hyperspectral sensors. Anderegg et al. (2019) devised 

a spectral-temporal feature method that relies on relative changes in spectral reflectance 

over time. Researchers employed two types of dynamic parameters. The first type, “key 

time-points”, corresponded to specific moments when predetermined criteria, such as a 

threshold, were met. The second type, called “change parameters”, represented either 

the rate or duration of a particular process. Their findings highlighted the absence of 

specificity and robustness in evaluating diseases based only on reflectance spectra at 

individual time points. Focusing on temporal changes in canopy reflectance during 

pathogenesis may enable the specific monitoring and quantification of crop diseases 

while reducing the confounding effects of genotype and environment. This study 

initially succeeded in proximal canopy using a handheld non-imaging 

spectroradiometer. However, there is still a lack of research on hyperspectral sensing in 

breeding resistance. future research could explore the integration of hyperspectral data 

with genomic data to develop better genotype-environment interaction models.  
2.5.4 Large scale monitoring 

Large-scale monitoring refers to the observation and analysis of extensive 
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geographic areas, which is crucial for understanding and managing widespread crop 

disease challenges. A review of the literature identified only two relevant studies that 

employed satellite-based hyperspectral data for monitoring crop diseases. One study by 

Apan et al. (2004) assessed several narrow-band indices derived from EO-1 Hyperion 

imagery to identify sugarcane areas affected by “orange rust”. Another study by Dutta 

et al. (2024) developed an integrated two-step wilt detection approach and a disease-

specific spectral index for Cajanus cajan using the ASI-PRISMA hyperspectral dataset. 

Their method enabled the detection of wilt in Cajanus cajan plants at least 2–3 weeks 

earlier than conventional multispectral satellite imagery. 
While significant progress has been made in hyperspectral disease monitoring at the 

leaf and near-ground scales, applying these methods at larger scales presents both 

opportunities and challenges. Since 2000, seven satellites equipped with hyperspectral 

sensors have been launched, including EO-1 Hyperion, PROBA-CHRIS, HyspIRI, HJ-

1A, PRISMA, EnMAP, and PACE (see Table S2.2 for details). These satellites offer 

valuable spectral data, providing powerful tools for monitoring plant diseases over large 

regions. However, limitations such as lower spatial resolution and environmental 

factors like cloud cover can reduce the effectiveness of satellite-based disease 

monitoring. In contrast, ground-based and UAV-based hyperspectral imaging systems 

have demonstrated higher accuracy in crop disease detection due to their superior 

spatial resolution and greater operational flexibility. As a result, the future of large-scale 

plant disease monitoring will likely involve integrating ground-based, airborne, and 

satellite-based hyperspectral technologies to leverage the complementary strengths of 

each. While multispectral satellite data, such as those from Sentinel and Landsat, often 

offer better spatial resolution than hyperspectral data, the finer spectral detail provided 

by hyperspectral data can complement multispectral data. Integrating multispectral and 

hyperspectral data sources holds significant potential to enhance the accuracy of large-

scale disease monitoring. This multi-source data fusion approach could address the 

current limitations and greatly improve the precision and reliability of disease 

monitoring across expansive agricultural regions. 

 2.6 Challenges and future perspective 

2.6.1 Literature review 
The primary objective of this systematic review was to understand the advances in 

the hyperspectral monitoring of diseases and to analyze the research challenges and 

trends. We adopted the method of gathering literature proposed by Cronin et al. (2008) 

to obtain all relevant studies. The analysis of the literature consisted of four main steps. 

Firstly, the keyword combination “remote sensing & hyperspect* & (crop disease OR 

biotic) & (agriculture OR crops)” was selected to search for studies in the Web of 

Science database published before 31 July 2024. This processing yielded a large pool 

of records. This identification step involved an initial check to remove duplicates, 

producing approximately 500 studies eligible for further investigation. Secondly, we 

considered records that were not peer-reviewed as irrelevant (e.g., conference 
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proceedings or reports). After examining the titles and abstracts, we also excluded 

review studies and records that focused on topics other than crop diseases. The 

screening step led to a total of 192 studies. Finally, we carefully read and analyzed these 

studies and categorized them based on research methods and application scenarios, 

aiming to gain insights into the progress and challenges in studies of hyperspectral 

monitoring crop diseases using this review. 
2.6.3 Keywords trends analysis 

1) “Burstiness” analysis of keywords 
To investigate the main research foci in monitoring crop diseases using hyperspectral 

remote sensing for 2006–2024, we used a burstiness analysis in CiteSpace (Chen and 

Song, 2019) to identify the ten most prominent keywords. The burstiness analysis 

enables the evaluation of frequently cited keywords and their corresponding periods of 

significance. The burst strength in CiteSpace characterizes these keywords, with higher 

burst strength indicating a greater frequency of citation over a specific period. A burst 

signifies a sudden surge in the frequency of a particular keyword. We adopted a broad 

perspective, incorporating all the keywords from the titles, abstracts, keywords 

provided by the authors, and keywords extracted from the titles of the references cited 

(Fig. 2.4). 
The most prominent keyword (based on strength) in 2020 was machine learning, 

followed by deep learning, bacterial wilt, and yellow rust. The research foci of 

hyperspectral remote sensing for crop disease monitoring can be broadly categorized 

into two periods, based on evolving research trends and keyword bursts: 2006–2012, 

focused on equipment, algorithms, and applications; and 2012 to the present, with an 

increased focus on advanced algorithms like machine learning and specific disease 

applications. For equipment, the burst of handheld radiometry began in 2006 and 

gradually weakened after 2012 due to the development of imaging hyperspectral 

technology and other platforms, such as drones and airborne platforms. For algorithms, 

researchers constructed disease index models for simulating diseases before 2012. For 

applications, sugar beet was a focal research species. 
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Fig. 2.3. Status of global monitoring of crop disease using hyperspectral remote sensing. 

(A) The distribution of related publications around the world. Gray indicates no 

publications from the country. (B) The number of papers on the monitoring of disease 

using hyperspectral data from 2004 to 2022. (C) Summary of crops, types of disease, 

and hyperspectral-based features for 2006–2024. 
The research foci from 2012 to the present have focused on algorithms and 
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applications. For algorithms, the burst intensity of machine learning and deep learning 

remained high due to the rapid development of advanced artificial intelligence 

technologies. More remote sensing features were simultaneously used to monitor 

diseases, such as the wage index and the leaf area index. For applications, yellow rust 

and bacterial wilt received considerable attention. Drought stress has been continuously 

monitored since 2006 with weak intensity, but distinguishing between drought stress 

and diseases has remained a research challenge because drought stress and diseases 

have similar symptoms such as wilting and changes in transpiration.

2) A time zone of keywords

We analyzed temporal zones using CiteSpace to research deeper into the evolving 

landscape of research foci in monitoring diseases using hyperspectral remote sensing 

for 2006–2024 (Fig. 2.5). Please note that we only included keywords from titles and 

those provided by the authors to represent the evolution of our research topic better. 

While this approach limits the analysis to keywords found in titles and abstracts, which 

may exclude some relevant terms not explicitly mentioned by the authors, we believe 

it provides a focused view of the main research trends. 

The keywords can be divided into six categories: type of disease, species; features; 

algorithms; aspects of sensors, platforms, and scales; and an “others” category. The 

“others” category includes broad keywords that cannot be allocated to the other four 

categories, such as remote sensing and disease. Biological stress was notably 

continuously mentioned from 2020 to 2024.

The UAV has frequently appeared in the category containing “sensors, platforms, and 

scales” since 2020, and the multimodal fusion technology of hyperspectral sensors and 

thermal infrared sensors attracted attention in 2022. Machine learning and artificial 

intelligence in the algorithm category, consistent with the results of keyword burstiness 

analysis. Spectral features in the “features” category such as reflectance, vegetation 

index, and wavelet transform-based features were the main terms identified. 

Biochemical-parameter features (e.g., nitrogen and anthocyanin concentrations) and 

physiological parameters (e.g., fluorescence) were also mentioned.

Fig. 2.4. Top 10 keywords with the strongest citation bursts of hyperspectral remote 

sensing for crop disease monitoring 
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Fig. 2.5. Keyword time zone view. A cross represents each keyword, and the vertical 

position of the keyword’s first letter corresponds to the year of its first appearance. 

Arms around the crosses depict subsequent years, with the thickness of each arm 

indicating the keyword’s frequency for that year. Note： PRI, photochemical 

reflectance index; MLR, multivariate linear regression; ANOVA, partial least square 

regression; AUDPC, under disease progress curve; UAV, unmanned aerial vehicle.

2.6.4 Future perspectives
Based on the above-presented research, we can identify emerging trends and future 

research directions in hyperspectral remote sensing for monitoring crop diseases. The 

main challenges and trends have been illustrated in Fig. 2.6.

Relationship between foliar and canopy scales. Observation platforms have shifted 

over time from handheld devices to airborne platforms, including piloted aircraft and 

drones, and the scale of observation has expanded from individual leaves to crops and 

even entire ecosystems. While this approach limits the analysis to keywords found in 

titles and abstracts, which may exclude some relevant terms not explicitly mentioned 

by the authors, we believe it provides a focused view of the main research trends (Yang, 

2022). To address this issue, future research should explore the factors causing a 

disconnect between canopy and foliar remote sensing. This includes examining 

structural and angular dependencies that might influence the data, potentially with the

physically-based RTMs. By understanding the invariants and establishing a more 

seamless link between leaf-level and canopy-level information, we can enhance the 

robustness and capability of remote sensing algorithms.
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Fig. 2.6. A summary of challenges and trends

Soil, crop structure and phenology effects. Remote sensing captures a wide range 

of surface information, encompassing not only vegetation and diseases but also 

elements like soil, crop structure, and phenology (Weiss et al., 2020). For instance, the 

spectral response curves of soil and crop lesions can easily overlap, particularly in the 

visible light spectrum (Fig. 2.1B). This overlap necessitates careful data preprocessing, 

including soil segmentation, before developing any monitoring models. Furthermore, 

selecting or developing spectral features minimally affected by soil background 

variations is crucial. 

The structure of the crop, specifically in the canopy scale, can significantly impact 

spectral responses. This effect is most evident in metrics like the LAI and vegetation 

cover fraction. For instance, in dense canopies (LAI > 4), studies have suggested that 

structural variations less influence PRI, although this effect may vary across different 

crops and environmental conditions (Yang, 2022). Therefore, choosing the appropriate 

temporal window for data collection can mitigate the influence of such structural 

disparities. Additionally, by collecting data from various angles, multi-angle remote 

sensing can provide accurate information on crop structure and potentially mitigate 

structural variations issues (Yan et al., 2019).

Phenological changes, such as leaf senescence, can also mimic the spectral features 

of diseases (Ouyang et al., 2013). There is an emerging need to transition from general 

group-wise comparisons to more sensitive methods capable of detecting deviations in 

individual crop or plot diseases. One promising approach is to employ time-series 

analysis of hyperspectral data. This could differentiate between typical seasonal 

changes and actual disease-related anomalies, enabling early disease detection at the 

individual level.

Lack of sensitive and robust features. Traditional machine learning (ML) methods 

have remained the most commonly used approach for hyperspectral disease monitoring 

in recent years. One of the key challenges in building traditional ML models is 
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identifying appropriate input features (Li et al., 2017). Researchers typically rely on 

their expertise to select spectral, textural, structural, thermal, pigment, and solar-

induced fluorescence (SIF) features. However, the way these features respond to 

diseases remains largely unknown. Understanding the feature response mechanisms 

and identifying features with high sensitivity and robustness are crucial for advancing 

future model development and improving monitoring accuracy.  
Challenges in large scale monitoring. Several hyperspectral satellite missions 

focused on vegetation monitoring are currently underway. These missions, which 

provide rich spectral information, hold significant potential for large scale crop disease 

monitoring. However, spatial and temporal resolution remain key limitations for large 

scale applications. To make hyperspectral data suitable for agricultural applications, 

additional downscaling techniques are required. For example, multispectral satellites 

offer higher spatial resolution, while UAV platforms provide greater flexibility, 

particularly in terms of revisit frequency. Furthermore, the integration of ancillary data, 

such as climate information (temperature, humidity, precipitation), can significantly 

influence the occurrence, spread, and severity of crop diseases. Overall, the use of 

multi-modal data fusion techniques can enhance the accuracy and effectiveness of crop 

disease monitoring at larger scales. 
Scarcity of data for deep learning. Although DL has significant potential for 

hyperspectral disease monitoring, its application has been limited due to challenges 

such as small, imbalanced datasets, high computational costs, and the difficulty of 

obtaining diverse, high-quality labeled data for training DL models (Ma et al., 2019). A 

new paradigm called process-guided deep learning (PGDL) has begun to overcome 

these challenges (Karniadakis et al., 2021). PGDL integrates domain-specific 

knowledge and physical models into deep learning approaches, which can help 

overcome some challenges in hyperspectral disease monitoring, such as the difficulty 

of solving inverse problems or modeling complex physical processes. This approach 

has been evaluated for quantifying the biomass and nitrogen concentration of cover 

crops from hyperspectral remotely sensed imagery (Wang et al., 2023b). PGML, 

however, has rarely been tested in remote sensing for monitoring diseases because 

diseases cannot be directly inferred using RTMs. Two potential solutions could resolve 

this issue: first, from a mechanistic perspective, developing RTMs that consider disease 

parameters, and second, from an empirical perspective, using measured foliar spectral 

information for diseases with different severities to simulate canopy data using canopy 

RTMs. In summary, combining RTMs with ML is a promising solution for exploring 

hyperspectral data for crop diseases, as demonstrated in recent publications (Hornero 

et al., 2020; Poblete et al., 2020; Zarco-Tejada et al., 2018). However, the way to 

combine RTMs with DL requires further exploration and research. 
Siloed datasets. In contrast to digital RGB images, obtaining high-dimensional 

spectral datasets (especially hyperspectral data) is costly due to the specialized 

equipment required and the time-intensive nature of fieldwork and data processing, 

which in turn hinders the transferability and validation of monitoring algorithms. A 
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comprehensive study that includes different scales, regions, and diseases requires 

collaboration among international researchers. For example, the rice blast index (RIBI) 

development relied on a vast data set of foliar- and canopy-scale reflectance spectra and 

satellite imagery gathered over seven independent campaigns in four years (Tian et al., 

2023). The specificity of RIBI was assessed using independent hyperspectral data sets 

containing healthy leaves and leaves infected with sugar beet rust, powdery mildew, 

and Cercospora leaf spot (Mahlein et al., 2010). Sharing data sets of crop diseases plays 

a crucial role in assessing model evaluation and transferability by providing a 

standardized benchmark for fair comparisons, ensuring reproducibility, enabling the 

assessment of transferability, fostering collaboration, and accelerating progress in this 

field. We, therefore, stress the importance of international collaboration, open-source 

initiatives, and big data in advancing research and practical applications in the 

hyperspectral monitoring of crop diseases. By embracing these strategies, we can 

collectively work towards the sustainable management of crop diseases, ensuring 

global food security and agricultural resilience. 

2.7 Conclusion 

Effective and timely monitoring of crop diseases is critical for field management, 

food security, and crop breeding. Recent advancements in hyperspectral sensor 

technologies and data analysis techniques have provided powerful tools for monitoring 

crop diseases at both high spatial and temporal resolutions. This review offers a 

comprehensive overview of the key aspects involved in hyperspectral remote sensing 

for crop disease monitoring. We began by defining common crop diseases and their 

symptoms, then explored hyperspectral-derived features used in disease monitoring. 

We also introduced a set of four criteria for selecting relevant features. Additionally, we 

reviewed the range of algorithms currently used in crop disease detection, highlighting 

their advantages and limitations. This analysis identified several key application areas 

and associated challenges in the field. Looking ahead, the potential of hyperspectral 

remote sensing for crop disease monitoring remains vast. Advancements in image 

processing and data analysis, along with the development of new sensors with sub-

nanometer spectral resolution, will significantly enhance the accuracy and scalability 

of disease monitoring. Improvements in spatial resolution and reductions in the cost of 

hyperspectral instruments will further drive the adoption of these technologies. By 

overcoming current barriers, these innovations will lead to more effective, timely 

disease management and improved agricultural practices, ultimately supporting global 

food security and crop resilience. 

2.8 Supplementary information 

Additional tables and figures supporting this chapter are available online. They can 

be accessed via the QR code or at the following URL: PhD-thesis/Chapter2_ 

supplymentary.pdf at main · Briya1990/PhD-thesis 
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Abstract 

Monitoring crop diseases on a large scale with non-destructive remote sensing 

technology is a promising approach to mitigating their impacts. However, monitoring 

early maize leaf diseases at canopy scales is still challenging. In this study, we introduce 

the Disease Sensitive Index (DSI), a novel disease index specifically designed to 

monitor early maize leaf diseases at the canopy scale. Early leaf diseases predominantly 

cause changes in leaf pigments associated with photosynthesis, with a minimal impact 

on plant structure. Here, we analyzed the effects of leaf pigments and plant spacing (PS) 

on canopy spectral reflectance using PROSPECT-D and LESS models and found that 

the red-edge band (717 ± 5 nm) and green band (560 ± 10 nm) were more sensitive to 

leaf pigments than to PS. To better monitor early maize leaf diseases, we presented the 

DSI, which showed a high sensitivity to changes in leaf pigments, especially 

chlorophyll content, but a low sensitivity to PS. Our results demonstrated that the DSI 

was extremely statistically significant in differentiating rust severity, especially 

between low disease severity (p ＜ 0.001). Furthermore, the DSI showed improved 

performance when quantifying the disease index (DI) across different years and sites 

(R² = 0.69 in 2021; R² = 0.62 in 2022). The time-series response patterns of vegetation 

indices (VIs) indicated that the DSI can detect disease onset as early as 10 days after 

infection (DAI 10). Our findings highlight the potential of the DSI for monitoring early 

maize disease in precision agriculture. 
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3.1 Introduction 

Maize serves as a significant staple crop, livestock feed, and ethanol fuel source 

worldwide (Ranum et al., 2014). However, the increased frequency of disease outbreaks 

in maize is a crucial reason for the reductions both in crop yield and quality 

(Chakraborty and Newton, 2011a). Common leaf diseases in maize include maize rust 

and leaf spot. Infected leaves appear as small yellow spots at first, and then the spots 

gradually rise to form spore piles. These spore piles are mainly round or oval, golden 

or light brown in color, and scattered on the leaves’ upper surface. As the disease 

becomes more serious, plant leaves fade from green to yellow and appear to senesce 

early (Sun et al., 2021b). Pathogen-infected crops show more changes in functional 

characteristics, such as biochemical composition and physical structure, than healthy 

plants (Ahrens et al., 2020; Zarco-Tejada et al., 2018). Among these, leaves’ 

anthocyanin (Anth), chlorophyll (Cab), and carotenoid (Car) content are effective 

indicators for disease monitoring (Hernandez-Clemente et al., 2019). 
Traditional methods for monitoring maize disease rely on field visual inspection, 

which is laborious and limited by subjective experience (Berger et al., 2022). Therefore, 

developing an objective and accurate approach to monitoring maize diseases at canopy 

scales is critical. In previous studies, remote sensing techniques have been widely used 

in monitoring plant diseases due to their advantages of non-destructive, rapid, and 

large-scale monitoring (Poblete et al., 2020; Tian et al., 2023; Zarco-Tejada et al., 2018). 

Remote sensing data obtained from different platforms at different scales is used to 

monitor plant diseases such as oil red ring and bud rot (Viera-Torres et al., 2020), coffee 

leaf rust (Chemura et al., 2017), wheat yellow rust (Ren et al., 2021a), and wheat 

powdery mildew (He et al., 2021; Yuan et al., 2016). There are three critical components 

in plant disease monitoring using remote sensing technology: selecting disease-

sensitive features, establishing disease monitoring models, and evaluating the results’ 

accuracy (Zhang et al., 2019a). In these three components, feature selection directly 

determines the accuracy of disease monitoring models (Hornero et al., 2021; Tian et al., 

2021). Various vegetation indices (VIs) are common remote sensing features used in 

monitoring plant disease. For instance, the chlorophyll/carotenoid index (CCI), simple 

ratio pigment index (SRPI), and health-index (HI) have been identified as sensitive 

features for distinguishing between rice leaf blast and healthy leaves across different 

years (Tian et al., 2021). Additionally, the normalized difference vegetation index 

(NDVI) has been extensively utilized in identifying diseases (Abdulridha et al., 2020; 

Calderon et al., 2013). However, due to limitations in disease specificity identification 

of these common VIs (Huang et al., 2014; Liu et al., 2020b; Mahlein et al., 2013), there 

has been a pressing need to propose VIs based on disease-specific spectral information. 
Disease-specific VIs are often proposed following a spectral response analysis of 

specific disease lesions. For example, Ren et al. (2021b) developed the yellow rust 

spore index (YRSI) using fungal spore information on leaves to identify yellow rust. 

The powdery mildew-index, yellow rust-index, and aphids-index were developed by 
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Huang et al. (2014) to identify and monitor different winter wheat diseases. Mahlein et 

al. (2013) identified disease specific single wavelengths from sugar beet leaves and 

developed the leaf spot index, sugar beet rust index, and powdery mildew index to 

monitor and identify sugar beet diseases. However, these VIs are calculated based on 

hyperspectral data’s narrow spectral reflectance and are less effective for low-cost 

multispectral data (Marshall et al., 2016). Additionally, these specific disease indices, 

which are derived from leaf spectral data, do not consider the structural parameters of 

plants, leading to a decrease in accuracy during canopy monitoring tasks (Asner and 

Martin, 2008). Furthermore, different pathogens exhibit unique interactions with their 

host plants, and stressed tissues vary across various stages, which results in different 

sensitive spectral wavebands and indices (Terentev et al., 2022b; Zhang et al., 2020). 
Previous studies highlighted that photosynthetic pigments, detectable through remote 

sensing techniques, act as physiological indicators for monitoring the early responses 

of plants to various stressors, as reviewed by Hernandez-Clemente et al. (2019). Among 

these pigments, chlorophyll is the primary pigment group. Building on this foundation, 

we hypothesize that an index sensitive to chlorophyll variations yet robust against 

changes in plant structure will be effective for the early detection of plant diseases. To 

test this hypothesis, our research employed simulations derived from radiative transfer 

models to replicate changes in pigment and structural parameters triggered by maize 

leaf diseases. The simulations used the latest version of the PROSPECT model, 

PROSPECT-D (Féret et al., 2017), and the large-scale remote sensing data and image 

simulation framework, LESS (Qi et al., 2019). PROSPECT-D generates leaf spectra by 

considering various biochemical components, while LESS incorporates these leaf 

spectra into different maize planting scenarios to generate simulated canopy spectra. 

Pigment content is directly integrated into PROSPECT-D, while plant structural 

information is depicted in LESS through variations in plant spacing (PS). Therefore, 

the objectives of this study were to (i) understand responses of spectral reflectance and 

VIs to changes in biochemical and PS through radiative transfer modeling; (ii) develop 

a multispectral index (i.e., DSI developed in this study) that is sensitive to chlorophyll 

changes but resistant to PS; and (iii) validate the performance of the proposed DSI for 

maize disease monitoring in various application scenarios. 

3.2 Materials 

3.2.1 Experimental site 
Our study sites located in Xinxiang City, China, are characterized by a warm 

temperate continental monsoon climate with hot summers and cold winters (113°47’E, 

35°10’N, Fig. 3.2). This region is predominantly a maize-growing area of China, 

typically cultivated in May and harvested in October. To assess the applicability of the 

methods described in this paper, four sites in diverse locations and years were chosen 

for maize disease monitoring, named sites A, B, C, and D. 
Sites A and B were planted in Xinxiang on May 30, 2021. Site A was segmented into 

492 plots with a planting density of 90,000 plants per hectare. Each plot (1.25 m × 1.80 



A novel disease sensitive index (DSI) for monitoring early maize leaf disease using 

PROSPECT-D and LESS models 

 41 

m) was dedicated to a single maize genotype. This site underwent treatment with a leaf 

spot bacterial solution on the evening of August 2, 2021. Site B with 56 plots was 

organized into four sections, each measuring 2475.2 m² and hosting a different planting 

density: 45000, 60000, 75000, and 90000 plants per hectare. Each section was further 

divided into 14 plots, each plot hosting a different maize variety. These varieties 

exhibited varying levels of resistance to maize rust, introducing different disease 

severities across the study site. Given that maize rust is a recurring disease in the study 

region, the rust naturally occurred. 
Sites C and D, located in Yuanyang, had a planting density of 90,000 plants per 

hectare and were planted on May 30, 2022. Site C was organized into 120 rows of 3 

meters, with every 20rows forming a plot containing a unique genotype. A subset of 

these plots was selected as infected areas that received treatment with the leaf spot 

bacterial solution on August 2, 2022marked in red on the overview map of site C. We 

identified healthy areas (uninfected areas, yellow masked areas), which are equal in 

number and size to the infected areas. These, infected and healthy areas were 

intermingled and distributed at intervals to minimize the impact of pathogen 

transmission. Site D had 1031 rows of 3 meters, each considered an individual plot. All 

plots received treatment with the leaf spot bacterial solution on August 2, 2022.In 

managing fields, we adhered to fertilizer application and irrigation practices guided by 

the expertise of local agricultural professionals and established standards. This 

approach aimed to maintain a balanced supply of water and nutrients, minimizing their 

potential influence on the prevalence of maize diseases. 

 

Fig. 3.2. Layout of field experiments at two locations (Xinxiang and Yuanyang) in 2021 

and 2022. The upper center figure shows the geographic location of experimental sites. 

Site A (left) and B (lower left) in Xinxiang in 2021. Green, blue, yellow, and orange in 

site B represent planting densities of 45000, 60000, 75000, and 90000 plants per 

hectare. Site C (lower right) and D in Yuanyang in 2022. The red mask in site C presents 

infected areas, and the yellow mask shows healthy areas.  
3.2.2 Field survey 
Our field surveys adhered to the survey standard of maize rust by China’s Ministry 
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of Agriculture (NY/T 1248.14-2021) and China's national standard (NY/T 1248.1-

2006), titled technical specification for identification of maize resistance to leaf spot 

disease. This approach is organized into two primary segments: leaf-level assessment 

and canopy-level assessment. Initially, it involves quantifying the leaf disease (n) level 

based on the area of a leaf affected by the target disease. Subsequently, a canopy disease 

index (DI) is computed, incorporating the disease levels of leaves from all randomly 

sampled plants.  
The practical procedure was divided into four main stages: sample collection, expert 

analysis, DI calculation, and resistance/disease severity assessment (Fig. 3.3). Initially, 

we documented images of maize leaves above, at, and below ear level. Following this, 

a team of experts categorized each leaf into a class based on coverage of disease spots 

through visual assessments. After the classification, the DI for each plot was calculated 

following the method established by Huang et al. (2007). Finally, we assessed resistance 

or disease severity based on various application scenarios. We classified maize 

resistance into two categories: resistant (DI ranging from 0–30%) and susceptible (DI 

ranging from 31–100%) according to maize breeding program. Similarly, we 

categorized the disease severity in maize plots into three levels: low (DS 1, DI of 0–

30%), medium (DS 2, DI of 31–60%), and high (DS 3, DI of 61–100%). 
At sites A and D, genotype resistance to leaf spot was assessed. Field surveys at these 

sites were conducted on August 21, 2021, and August 24, 2022, respectively. Site A 

hosted 492 genotypes, comprising 311 susceptible and 181 resistant genotypes. 

Conversely, site D hosted 1,013 genotypes, including 483 susceptible and 530 resistant 

genotypes. At site B, the disease severity of maize rust was evaluated. Field surveys 

were conducted on August 27, September 3, and September 8, 2021. A total of 168 

samples (56 plots × 3 surveys) were included in this study, among which there were 12 

for DS 1, 31 for DS 2, and 125 for DS 3. Since each plot contains numerous 

homogenous observations (pixels), we subdivided DS 1 plots into twelve equal parts 

and DS 2 plots into four equal parts, inspired by the data processing methodologies 

described by Damm et al. (2022). This approach was aimed at enriching and balancing 

the sample data. As a result, the final sample distribution for this study was adjusted to 

120 samples for DS 1, 124 samples for DS 2, and 125 samples for DS 3. In site C, visual 

inspections were conducted every two days after the onset of the disease infection. 

These visual inspections revealed that areas of the disease lesions continued to expand 

in infected areas and remained unaffected by the disease in healthy areas.  
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Fig. 3.3. Flow chart of maize field leaf disease survey. x is the class determined by the 

proportion of a leaf affected by disease spots. The values for x are defined as 0, 1, 3, 5, 

7, and 9, representing respective disease areas of 0%, 0%–5%, 6%–25%, 26%–50%, 

51%–75%, and 76%–100% on a leaf; f is the total number of leaves of each class; n 

refers to the highest leaf disease severity (in this paper, n = 9). The resistance or disease 

severity can be assessed in various application scenarios based on the disease index 

(DI).

3.2.3 Multispectral imagery
The details of our multispectral images obtained from flight missions are presented 

in Table 3.1. For sites B and D, the image capture time coincided with the field survey 

dates. For sites A and C, images were collected sequentially, allowing for a time-lapse 

view of disease progression.

High-resolution multispectral images were taken under clear skies using a RedEdge-

MX mounted on a multi-rotor UAV (DJI-M600Pro, SZ DJI Technology Co., Ltd., 

Shenzhen, China) at the height of 30 m above ground during the local time window of 

10:00-14:00. Both lateral and forward overlaps were set at 80%. The RedEdge-MX is 

a 5-band multispectral camera, including blue band (B: 465–485 nm), green band (G: 
550–570 nm), red band (R: 663–673 nm), red-edge band (Re: 712–722 nm), and near-
infrared band (NIR: 820–860 nm). A standard Micasense panel, captured at the 
beginning and end of each flight, was used to convert raw images into reflectance 

images.
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Table 3.1 Overview of research sites and data collection schedule 

Site Location 
Disea
se 
Type 

Study 
Year 

Survey 
Timing 

Survey 
Outputs 

Image 
Collection 
Schedule 

A Xinxiang Leaf 
spot 2021 Aug. 21 Resistance 

July 31, Aug. 4, 
Aug. 14, Aug. 
21, Sep. 1 

B Xinxiang Rust 2021 
Aug. 2, 
Sep. 3, 
Sep. 8 

DI/DS Aug. 27, Sep. 
3 , Sep. 8 

C Yuanyang Leaf 
spot 2022 N/A N/A 

Aug. 2, Aug. 4, 
Aug. 6, Aug. 8, 
Aug. 10, Aug. 
12, Aug. 14,  
Aug. 17, Aug. 
24, Aug. 26, 
Sep. 1 (DAI 0, 
2,  4, 6, 8, 10, 
12, 15, 22, 24, 
30) 

D Yuanyang Leaf 
spot 2022 Aug. 24 DI/Resistance  Aug. 24 

DI: disease index; DS: disease severity; DAI: day after infections; N/A: not applicable. 

Each site or output serves as an independent dataset for evaluating the performance of 

the DSI across various scenarios.  
3.2.4 Simulation data 
This paper used radiative transfer models to estimate the effects of structural 

parameters and leaf pigment contents on spectral reflectance and VIs. The application 

of radiative transfer models aimed to understand the responses of spectral reflectance 

and VIs to biochemical and structural changes (Kattenborn et al., 2019). Understanding 

these responses is crucial for developing a new canopy index sensitive to target 

biochemical changes during early maize leaf disease occurrence. 
The canopy reflectance of a maize field was simulated by coupling the leaf-level 

PROSPECT-D (Féret et al., 2017) model with the canopy-level LESS model (Qi et al., 

2019). PROSPECT-D is a radiative transfer model for broadleaf crops that can simulate 

the reflectance of leaves based on information on leaf pigments such as Anth, Cab, and 

Car (Féret et al., 2017). The LESS model is a realistic three-dimensional (3D) canopy 

radiation transfer model based on a ray tracing algorithm that accurately describes 

interactions between solar radiation and heterogeneous surfaces (Qi et al., 2019). In 

LESS, crop planting scenes can be described by adjusting different planting distances 

to describe various planting densities in a realistic maize field (Fig. 3.4). The 

combination of PROSPECT-D and LESS model was used to evaluate the effects of PS 

and leaf biochemical parameters (Cab, Car, and Anth) on spectral reflectance and VIs. 

The inputs of the PROSPECT-D and LESS models used in this study are shown in Table 

3.2. These different parameters were used to construct synthetic images. The mean 
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reflectance of these images was used to analyze responses of spectral reflectance to the 

changes in biochemical and structural parameters. 

 
Fig. 3.4. 3D scenes generated with LESS to simulate variations in plant spacing (PS). 

The top row corresponds to a horizontal view, while the bottom row corresponds to a 

top view. (a) and (e) depict a planting spacing of 0.30 m, (b) and (f) illustrate a spacing 

of 0.40 m, as well as (c) and (g) show a spacing of 0.50 m. 
Table 3.2 The inputs of PROSPECT-D and LESS 

Variable Units Acronym Values Steps 
PROSPECT-D 

Leaf structural parameter - N 1.5 - 
Dry matter content g/cm² Cm 0.012 - 
Brown pigment content - - 0 - 
Carotenoids content μg/cm² Car 0–60 10 
Chlorophyll content μg/cm² Cab 15–70 5 
Anthocyanin content μg/cm² Anth 0–5 1 
Water equivalent 

thickness cm Cw 0.015 - 

LESS 
Plant spacing m PS 0.2–0.55 0.05 
Note: Other inputs in the LESS model are shown in Table S3.1 in the supplemental 

information. 

3.3 Methods 

The methodology framework of this paper is shown in Fig. 3.5. The framework 

including four key processing: developing simulation data using PROSPECT-D and 

LESS, establishing the DSI and evaluating the performance of DSI using both 

simulation data and UAV-collected images. 

C
h

a
p

te
r 

3



Chapter 3 

 46 

 
Fig. 3.5. Flowchart of monitoring early maize leaf disease using PROSPECT-D and 

LESS models. 
3.3.1 Analysis of spectral and pigment dynamics after disease infection 
This section aims to analyze the dynamics of spectral and pigment changes following 

disease infection in maize leaves, focusing on early detection and monitoring. Disease 

in the early stage typically exhibits constitutive changes among leaf photosynthetic 

pigment pools (Osdaghi et al., 2020; Zarco-Tejada et al., 2018), with increasing disease 

severity over time causing variations in plant structure (Berger et al., 2022). However, 

in the practical field, plant structures are inconsistent due to variations in PS and 

cultivars (Kuai et al., 2016). Therefore, features sensitive to pigments but insensitive to 

PS have the potential for early disease monitoring (Zhang et al., 2012c).  
To validate this viewpoint, we collected time series leaf spectral data after maize leaf 

spot infection. An ASD Field Spec PRO 4 (Analytical spectral devices, Inc., boulder, 

colorado, U.S.) was equipped with a leaf clip to measure the leaf reflectance. We 

identified and marked 84 infected leaves for spectral measurements. We obtained 

reflectance spectra for each leaf at three different points on the adaxial surface (1/3, 1/2, 

and 2/3 of the distance from the base, respectively). An average reflectance was 

calculated by the spectra collected from each leaf to minimize random measurement 

errors. It should be noted that we only utilized 20 leaves of all the measured leaves for 

further analysis. That is because these leaves demonstrated a consistent increase in the 
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infected area and consequently showed a rise in disease severity. 
The pigment was quantified by inverting the PROSPECT-D model. The Cab was 

specifically analyzed due to its obvious response in the multispectral sensors used in 

this study, as compared to Car and Anth. The input variables for this model were 

estimated based on datasets about leaf optical properties (Rocha et al., 2019) and prior 

studies (Nie et al., 2023). We utilized the iterative optimization method, the fminsearch 

function in Matlab, to invert the PROSPECT-D model. This method was employed to 

pinpoint the best-simulated spectra from each model, identified as those with the lowest 

root mean square error (RMSE) value, following the approach of previous research 

(Botha et al., 2010). 
The collected leaf spectra showed an obvious pattern in infected leaves on various 

days after infection (Fig. 3.6a, taking a selected leaf as an example). At the early stage 

of the disease, significant spectral alterations mainly occur in the visible region, 

especially the primary absorption band for pigments (Blackburn, 1999). Additionally, 

as disease severity increases, Cab retrieved by PROSPECT-D revealed a consistent 

reduction (Fig. 3.6b). This finding confirmed that PROSPECT-D model-based Cab is 

consistent with the process of disease infection. 

 
Fig. 3.6. Changes of measured spectrum (a) and model-based chlorophyll content (b) 

(Cab [μg/cm²]) from an infected leaf on various days after infection. 
3.3.2 Responses of spectral reflectance to pigments content and PS 
The average reflectance of images simulated by the radiative transfer model 

demonstrated responses of multispectral reflectance to pigments content and PS (Fig. 

3.7). The reflectance of band B is lightly affected by PS. The G varies with different 

levels of Cab and Anth. The R is primarily influenced by PS, with a slight sensitivity to 

Cab. The Re is primarily influenced by Cab and has a minor sensitivity to PS. The NIR 

varies with different levels of PS. Therefore, the Re and G are selected to be combined 

with other bands to create a new index that is sensitive to pigments but not to PS. 
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Fig. 3.7. Simulations by coupling PROSPECT-D and LESS model to evaluate the effects 

of plant spacing (PS), chlorophyll content (Cab), carotenoids content (Car), and 

anthocyanin content (Anth) on the reflectance used in this study. B, G, R, Re, and NIR 

are blue band (465–485 nm), green band (550–570 nm), red band (663–673 nm), red-

edge band (712–722 nm), and near-infrared band (820–860 nm), respectively. 
3.3.3  Establishment of the DSI 
Building upon our spectral response analysis in section 3.3.2, we identified Re and 

G reflectance as being particularly sensitive to variations in Cab and Anth while 

exhibiting minimal sensitivity to PS. These findings facilitated the creation of the DSI. 

The DSI encompasses the following three critical components: 
(1) Normalized pigment sensitivity component. We crafted a normalized index using 

Re plus G with NIR. The NIR is known for distinguishing between vegetative and non-

vegetative surfaces (Brest and Goward, 1987; Zhan et al., 2007). Normalization 

mitigates radiometric differences across remote sensing images, rendering data from 

diverse temporal and sensor sources comparable for analysis (Chen et al., 2005; Leach 

et al., 2019). Since NIR is sensitive to PS, the normalized component simultaneously 

accounts for pigment and PS variations. 
(2) PS sensitivity reduction component. To mitigate the DSI’s sensitivity to PS, we 

included the B, which has demonstrated a similar range sensitivity to PS as the Re. 

These spectral characteristics lead to the ratio formulation
B G Re/ )R (R R+  , where the 

similar trends in both the numerator (B) and denominator (Re) could approximately 

cancel out during calculation, thus reducing the influence of PS. Due to the saturation 

resistance of Re and G, this formulation has a wider Cab sensitivity range (Zhang et al., 

2022). 
(3) Gain factor (K). To normalize the DSI values within a practical range, primarily 
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between 0 and 1 for vegetative areas, we introduced a gain factor, K. Based on the range 

of simulation results, we set K = 10 for our study. This scaling ensures the DSI is 

dimensionless and comparable across different datasets. 
The DSI is constructed as follows: 

NIR G Re B 

NIR G Re G Re

R R R RDSI K
R R R R R

− −
=  

+ + +
 (1) 

3.3.4  Evaluations of VIs in various disease monitoring scenarios 
To evaluate the performance of the DSI in maize disease monitoring, we compared 

it to VIs sensitive to Cab and those used in previous plant disease monitoring studies 

(Table 3.3). Our comparison focused on three aspects: the ability of these indices to 

differentiate between different rust severity, the correlation with DI, and the response 

time after disease infection (Table 3.4).  
In the first aspect, the t-test with the p-value was used to determine significant 

differences between different maize rust severity, including not considered statistically 

significant (p > 0.05, ns), statistically significant (p < 0.05, *), very statistically 

significant (p < 0.01, **), and extremely statistically significant (p < 0.001, ***).  
In the second aspect, simple linear regression models were employed to evaluate the 

performances of VIs in quantifying DI in maize leaf diseases. The dataset was initially 

divided into a training set (80%) and a testing set (20%). We determined the linear 

equations for each VI and DI pair within the training set. The significance of the 

regression variables was interpreted by p-values. The performances of these linear 

equations were then assessed using three metrics in the testing set: coefficient of 

determination (R2), root mean square error (RMSE), and relative root mean square error 

(rRMSE) (Wilson and Sagan, 1995). 
In the third aspect, time-series analysis was used to evaluate the response time of VIs 

to maize diseases. This involved a normalization approach that accounted for canopy 

structure effects on the hyperspectral features. We calculated the difference between 

feature values on the day after infection and the day before infection. The time series 

changes in each feature were then analyzed. To determine the impact of leaf disease on 

maize plants, we utilized statistical measures: 95% confidence intervals based on a z-

distribution and effect size using Cohen’s d. An effect size larger than 0.8 (Charach et 

al. 2011) indicates a substantial difference between healthy and infected plants. The 

start of consecutive substantial differences (|effect sizes| ≥ 0.8) marks the VI’s initial 

response to the disease. 
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Table 3.3 Vegetation indices (VIs) used in this paper 

VIs Abbreviatio

n Equal Reference 

VIs sensitive to Cab 
Disease 

sensitive index  DSI ( ) ( )NIR G Re NIR G Re B G Re1 ]0[ R R R / R R R ] R / )[ (R R− − + + +  This 

paper- 
Red-edge 

normalized 

difference 

vegetation 

index  

NDVIre  NIR R e NIR Re/ ( )R R R R− +  
(Gitelso

n and 

Merzlya

k, 1994) 

Red-edge 

chlorophyll 

index  
CIre NIR Re 1R / R −  

(Gitelso

n et al., 

2005) 
MERIS 

terrestrial 

chlorophyll 

index 

MTCI ( ) ( )RNIR Re Re R R / R R− −  
(Dash 

and 

Curran, 

2004) 
Transformed 

chlorophyll 

absorption in 

reflectance 

index 

TCARI ( ) ( ) ( )Re Re  R RG e R3 R R 0.2 R R / R / R− − −  
 

(Haboud

ane et 

al., 

2002) 

Datt 99 Datt99 ( ) ( )NIR Re NIR R R R / R R− −  (Datt, 

1999) 
TCARI/optimi

zed soil-

adjusted 

vegetation 

index 

TCARI/OS

AVI ( ) ( )NIR R NIR RTCARI / [(1 0.16) R R / R ]0R .16+ +− +  
(Wu et 

al., 

2008) 

Red 

reflectance of 

the vegetation 
REDv ( ) ( ) 2

R NIR NIR RRR R R / R[ R ]− +  
(Liu et 

al., 

2020d) 
VIs used for monitoring plant disease in previous papers 

Chlorophyll/caro

tenoid index CCI ( ) ( )RG GRR R / R R− +  
(Gamon 

et al., 

2016) 

Simple ratio 

pigment index SRPI B RR / R  
(Penuela

s et al., 

1995) 

Health-index HI ( ) ( ) ( )G Re G Re ReR R / R R 0.5 R− + −   
(Mahlei

n et al., 

2013) 
Normalized 

difference 

vegetation index 
NDVI ( ) ( )NIR R NIR RR R / R + R−  

(Rouse 

et al., 

1974) 
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Table 3.4 Summary of statistical methods and outcomes

Aim Statistical 

Methods

Description Outcome/Metric

Differentiation 

of rust severity

t-test Used to 

determine 

significant 

differences in 

maize rust 

severity

- not considered 

statistically significant (ns): 

p > 0.05p

- statistically significant 

(*): p < 0.05(*):

- very statistically 

significant (**): p < 0.01signi

- extremely statistically 

significant (***): p < 0.001

Quantifying 

DI in maize 

leaf diseases

Simple 

linear 

regression

Evaluated the 

performance of 

VIs in 

quantifying DI

- Linear equations for each 

VI and DI pairVI a

- Significance of 

regression variables: p-valuesregr

- Coefficient of 

determination: R2

- Root mean square error: 

RMSE 

- Relative root mean 

square error: rRMSE 

Response time 

to disease 

infection

Time-

series 

analysis

Assessed the 

response time of 

VIs to maize leaf 

diseases

- 95% confidence 

intervals: z-distribution

- Effect size: Cohen’s d

3.4 Results

3.4.1 Sensitive analysis of VIs using simulated data
3.4.1.1 Sensitivity of VIs to Cab and PS
The VIs calculated from the average reflectance of synthetic images displayed the 

response of these indices to Cab and PS (Fig. 3.8). For indices sensitive to Cab, the DSI, 

MTCI, and Datt99 showed a strong correlation with Cab, while their sensitivity to PS 

alterations was notably subdued. In contrast, NDVIre, CIre, TCARI, TCARI/OSAVI, and 

REDv responded to both PS and Cab. Meanwhile, VIs used in previous plant disease 

monitoring studies, such as CCI, SRPI, and NDVI, were responsive to both PS and Cab, 

while HI displayed insensitivity to PS at Cab levels under 35 μg/cm².
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Fig. 3.8. Sensitivity of vegetation indices (VIs) to plant spacing (PS) and Chlorophyll 

content (Cab) using simulations based on PROSPECT-D and LESS model. (a)–(h) 

represent VIs sensitivities to Cab, including DSI, NDVIre, CIre, MTCI, TCARI, Datt99, 

TCARI/OSAVI, and REDv. (i)–(l) show VIs used in previous plant disease monitoring 

studies, including CCI, SRPI, HI, and NDVI. 

3.4.1.2 Sensitivity of the DSI to sun/view zenith angle
The changes of solar zenith angle (SZA) and view zenith angle (VZA) induce little 

difference in the DSI, as shown in Fig. 3.9. The curves for VZA and SZA were relatively 

flat, indicating that the changes in these parameters have a minor impact on the DSI. In 

contrast, the curve for Cab showed a more pronounced trend, signifying a higher 

sensitivity of the DSI to the change of Cab.

Fig. 3.9. Sensitivity of the DSI to variations in different parameters. View zenith angle 

(VZA) variation range: 0°–20°, reference value: 10°; solar zenith angle (SZA) variation 

range: 20°–60°, reference value: 40°; Chlorophyll content (Cab) variation range: 10–

70 μg/cm², reference value: 35 μg/cm².

3.4.2 Performances of VIs in differentiating DS
The ability of VIs to differentiate disease severity was scrutinized using a t-test (Fig. 
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3.10). All chlorophyll-sensitive VIs showed an extremely significant capacity to 

identify high disease severity when comparing DS 1 to DS 3 and DS 2 to DS 3. However, 

these VIs showed different patterns in discerning between DS 1 and DS 2. Specifically, 

NDVIre and TCARI/OSAVI did not show a significant difference with a p-value greater 

than 0.05, TCARI and REDv were statistically significant (p < 0.05), and the DSI, CIre, 

MTCI, and Datt99 were found to be extremely statistically significant (p < 0.001). 

Contrastingly, VIs previously validated as sensitive to other diseases manifested 

varying capacities in distinguishing the severity of rust disease. These VIs showed an 

extremely significant capacity to identify DS 2 when compared with DS 1 and DS 3. 

However, these VIs showed different patterns in discerning between DS 1 and DS 2. In 

specific, NDVI did not show a significant difference; CCI was statistically significant 

(p < 0.05), and SRPI and HI were found to be extremely statistically significant (p < 

0.001). 

Fig. 3.10. Significant differences in vegetation indices (VIs) across various rust disease 

severity (DS): low (DS 1), medium (DS 2), and high (DS 3). (a)–(h): VIs sensitive to 

Cab, including DSI, NDVIre, CIre, MTCI, TCARI, Datt99, TCARI/OSAVI, and REDv. (i)–

(l): VIs were used in previous plant disease monitoring studies, including CCI, SRPI, 

HI, and NDVI. Distinctions were made based on the p-value: not considered 

statistically significant (p > 0.05, ns), statistically significant (p＜0.05, *), very 

statistically significant (p＜0.01, **), and extremely statistically significant (p＜0.001, 

***).

3.4.3 Performances of VIs in quantifying DI
The relationships between VIs and DI in maize fields infected with rust are shown in 
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Fig. 3.11. The performances of chlorophyll-related VIs outperformed other indices used 

in previous disease monitoring studies. The R² for chlorophyll-related VIs ranged 

between 0.38 and 0.69, with RMSE values from 0.13 to 0.22. In contrast, indices 

validated for sensitivity to other diseases showed a broader range of R² from 0.11 to 

0.63, with RMSE values stretching from 0.16 to 0.24. DSI, MTCI, and SRPI 

demonstrated superior performance with lower RMSE and rRMSE alongside higher R² 

values among the tested indices. Specifically, DSI achieved the highest accuracy 

(R²=0.69, RMSE=0.13). 

 
Fig. 3.11. Relationships between vegetation indices (VIs) and disease index (DI) in 

maize rust infected fields. The low (DS 1), medium (DS 2), and high (DS 3) severity of 

disease were represented in colors of green, yellow, and red, respectively. All 

regressions were statistically significant (p < 0.05). 
The relationships between VIs and DI in fields infected with maize leaf spot were 

presented in Fig. 3.12. Similar to the findings in rust infection fields, chlorophyll-

related VIs were more effective than disease sensitive indices used in previous studies. 

The R² values for chlorophyll-related VIs ranged from 0.25 to 0.62. Other disease 

sensitive indices ranged more variably in effectiveness, with R² values from 0.07 to 

0.58. Among them, the DSI attained the highest accuracy with the highest R² value 

(R²=0.62), followed by SRPI (R²=0.58). 
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Fig. 3.12. Relationships between vegetation indices (VIs) and disease index (DI) in 

maize leaf spot infected fields. The resistant and susceptible genotypes were represented 

in green and yellow colors. All regressions were statistically significant (p < 0.05). 
2.6.2 Current status and focus 

The number of studies monitoring crop diseases using hyperspectral techniques 

increased sharply from 2006 to 2024 (Fig. 2.3B). Most publications were from The 

United States of America, followed by China, France, Australia, India, Spain, and Italy 

(Fig. 2.3A). The compilation identifying the most frequently mentioned species, types 

of diseases, and features are presented in Fig. 2.3C. Wheat, rice, olive, potato, and oil 

palm, respectively were the crops most studied in the papers selected. Blight, rust (stripe 

and yellow rusts), mildew (powdery and downy mildews), rot (stem and root rots), and 

spot (target, bacterial, and leaf spots) were the five most common types of diseases 

investigated in the studies. Blights, including fusarium head, fire, leaf, and late blights, 

were particularly prevalent. Research on each type of hyperspectral feature indicated 

that spectral features were most used. Attention has also recently been given to pigment 

concentration and solar-induced chlorophyll fluorescence based on physical models and 

hyperspectral-data inversion. 
3.4.4 Response time of VIs to maize leaf disease 
The analysis of temporal multispectral imagery to differentiate resistance and 

susceptibility of leaf spot disease in site A revealed distinct patterns (Fig. 3.13). Only 

the DSI demonstrated a consistently substantial difference (|effect sizes| ≥ 0.8) from 

DAI 12. TCARI, REDv, CCI, and NDVI showed a consistent substantial difference 

from DAI 19. Datt99, and SRPI exhibited substantial differences only on individual 

days, failing to show a continuous trend. Other indices did not show substantial 

differences in the period of observation. 
The analysis of temporal multispectral imagery to differentiate infected and healthy 

areas to leaf spot disease in site C was shown in Fig. 3.14. DSI, TCARI, CCI, SRPI, 
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and NDVI presented substantial differences over three or more consecutive time points. 

The DSI exhibited the earliest response to infection from DAI 10, followed by CCI 

from DAI 12, and NDVI from DAI 15. TCARI began to respond to infection from DAI 

22, while SRPI responded from DAI 24. Other indices did not show continuously 

substantial differences within the period of observations. 
 

 
Fig. 3.13. Changes of vegetation indices (VIs) on different days after infection (DAIs) 

in maize leaf spot infected fields in 2021 (site A). Error bars represent the 95% 

confidence interval, and values represent the effect size using Cohen’s d. 
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Fig. 3.14. Changes of vegetation indices (VIs) on different days after infection (DAIs) 

in maize leaf spot infected fields in 2022 (site C). Error bars represent the 95% 

confidence interval, and values represent the effect size using Cohen’s d. 

3.5 Discussion 

3.5.1 Consistency of measured and simulated reflectance 
The reflectance of soil, healthy canopy, low leaf disease severity canopy, and high 

leaf disease severity canopy from remote sensing imagery was visually interpreted (Fig. 

S3.1). The canopy reflectance of low and high disease severity at G, R, and Re ranges 

was higher than that of a healthy maize canopy, and this symptom was attributed to the 

degradation of Cab caused by maize leaf disease. This characteristic is also generally 

presented at an early stage of other diseases, such as rust in sugar beet (Mahlein et al., 

2013), laurel wilt disease in avocado (De Castro et al., 2015), and Xylella fastidiosa 

infection in olive (Zarco-Tejada et al., 2018). At the NIR region, the canopy reflectance 

of the high severity canopy was slightly lower than that of the healthy and low severity 

canopies due to the significant reduction of green leaves. This characteristic was also 

observed in the canopy of rice blast (Tian et al., 2023) and Xylella fastidiosa infection 

in olive orchards (Hornero et al., 2020). These trends of spectral response were 

consistent with our simulated spectra and our hypothesis that the pigment changes 

happened in an early disease stage. As the disease progresses, the structural parameters 

of the crop begin to change. These results suggest that simulated spectra caused by 

pigment content variations can represent spectral changes caused by maize leaf disease, 

and it is feasible to construct a vegetation index using simulated spectra. 
3.5.2 Interpretability of remote sensing features to biochemical and structural 

characteristics  
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To understand the way spectral reflectance and VIs respond to biochemical and 

structural characteristics, the performances of these remote sensing features were 

evaluated within the simulation dataset. This dataset was constructed by coupling 

PROSPECT-D and LESS models. Multispectral imagery with broadband has 

demonstrated an apparent capacity to reflect changes in Cab and plant structure (i.e., 

modifications in leaf area index and fractional vegetation cover induced by variations 

in PS). Nevertheless, these reflectance measurements exhibit a weak sensitivity to 

changes in Anth and are insensitive to variations in Car levels. VIs developed for 

monitoring Cab exhibited variability patterns upon various Cab and PS. The DSI, in line 

with MTCI, and Datt99, has shown a pronounced sensitivity to Cab while remaining 

relatively unaffected by alterations in PS. Additionally, the DSI was slightly affected 

by sun/view zenith angel compared to Cab. 
The degradation of plant pigments due to biotic stresses can cause green leaves to 

yellow and fade, and even result in the death of the entire plant when the leaf disease 

becomes high severity level. Simultaneously, various planting conditions and cultivars 

can also lead to differences in crop morphology and fractional vegetation cover. 

Therefore, it is crucial to identify features sensitive to pigments but not structure in 

monitoring early disease. 
3.5.3 Performance of the DSI in monitoring maize leaf disease  
Based on data gathered from four distinct experimental sites in two consecutive years 

(2021, 2022), our investigations into the performances of the DSI in monitoring maize 

leaf disease have yielded significant insights. Notably, the DSI has emerged as the most 

accurate tool in quantifying DI, showing the earliest substantial response to disease 

infection, appearing as early as DAI 12 in 2021 and DAI 10 in 2022. These findings 

strongly indicate the scalability and adaptability of the DSI across diverse environments, 

highlighting its potential for early-stage maize leaf disease monitoring. 
Furthermore, our study has revealed promising results with DSI-like indices such as 

MTCI and Datt99, which show promising results in different disease monitoring 

scenarios. This effectiveness further solidifies that plant disease at an early stage is 

primarily marked by changes in Cab levels. Meanwhile, chlorophyll-sensitive VIs show 

superior capability in disease monitoring applications compared to indices previously 

used for other disease monitoring. These findings underscore the potential of specific 

chlorophyll-related VIs for precise and reliable monitoring of maize leaf diseases at an 

early stage. Therefore, developing and utilizing an index sensitive to Cab changes is 

advantageous for the early monitoring maize leaf disease.  
The sensitive indices identified in previous disease monitoring studies showed poor 

sensitivity to maize leaf diseases in this study. These indices are usually derived from 

specific diseases in specific scenarios. The mechanisms of disease onset vary among 

different diseases, leading to poor transferability of indices between different diseases 

(Terentev et al., 2022a; Zhang et al., 2020). 
Our findings suggest that the DSI could serve as a stable and suitable solution for 

early maize rust and leaf spot monitoring. The DSI enhances its correlation with Cab by 
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utilizing Re reflectance in conjunction with G. This enhancement is crucial as Cab is a 

key indicator of disease onset. Additionally, the negative correlation between G 

reflectance and Anth further augments the DSI’s sensitivity to Anth. Anth has been 

widely acknowledged for revealing disease occurrence, even in its early or 

asymptomatic stages (Calderon et al., 2013; Hornero et al., 2021; Zarco-Tejada et al., 

2018). Therefore, leveraging these relationships makes the DSI an effective tool for 

pigment and disease detection.  
3.5.4 Limitations and future work 
The DSI is developed using commonly available broad-band multispectral sensors, 

offering a cost-effective and simple solution for data acquisition and analysis in 

practical agricultural production. The ability of the DSI in monitoring early disease 

could guide precise pesticide application, reduce pesticide usage and enhance food 

quality. Additionally, distinguishing maize resistance can aid breeders in rapidly 

selecting target genotypes. However, this study has only tested the DSI in two 

mainstream maize diseases: rust and leaf spot. The feasibility of the DSI in other maize 

leaf diseases and crops remains unknown. For broader agricultural uses, the robustness 

of the DSI should be validated under different stress (such as water and nitrogen deficit) 

conditions across a wider range of crops and diseases in the future. Moreover, the DSI’s 

sensitivity to pigments changes caused by early-stage leaf disease means it lacks disease 

specificity and cannot differentiate between diseases that cause similar pigment 

changes. Its broad-band properties also challenge capturing more spectral details, such 

as carotenoid changes, which provide chemical defenses against biological stress 

(Jomova and Valko, 2013). Although experimental fields in 2021 and 2022 have been 

utilized to ascertain the DSI’s performance, future endeavors must thoroughly evaluate 

the DSI’s performance under a spectrum of environmental conditions.  

3.6 Conclusion 

This study highlights the effectiveness of a chlorophyll-sensitive index in monitoring 

maize leaf diseases. The changes in spectral reflectance and VIs under varying pigment 

content and PS were successfully simulated by coupling PROSPECT-D and LESS 

models. The results show that Re and G bands were slightly affected by PS but were 

sensitive to leaf pigments. Therefore, the DSI was proposed, showing higher sensitivity 

to changing Cab while less affected by alterations in PS and solar/view zenith angles 

within our simulated dataset. Further empirical evaluation of the DSI has been tailored 

for diverse disease monitoring scenarios. Statistically robust evidence (p < 0.001) 

supports the DSI’s discriminative capability in distinguishing between low maize rust 

severity and medium. Compared with other VIs, the proposed DSI has shown stronger 

relationship with the DI for rust infected field (R² = 0.69) and leaf spot infected field 

(R² = 0.62). Temporal analysis of multispectral imagery using the DSI consistently 

revealed significant differences at DAI 12 in differentiating resistant/susceptible and 

DAI 10 in differentiating infected/healthy areas in leaf spot disease infected field. These 

results support the use of DSI and canopy imagery for monitoring the onset of disease 
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infection, and for facilitating decision-making about disease identification in breeding 

experiments and control measures on farms. 

3.7 Supplementary information 

Additional tables and figures supporting this chapter are available online. They can 

be accessed via the QR code or at the following URL: PhD-thesis/chapter3_DSI-

supplymentary.pdf at main · Briya1990/PhD-thesis 



 

 

  





4
Comprehensive analysis of hyperspectral

features for monitoring canopy maize leaf

spot disease

This chapter is based on:

Bai, Y., Nie, C., Yu, X., Gou, M., Liu, S., Zhu, Y., Jiang, T., Jia, X., Liu, Y., Nan, F.,

Li, L., Tekinerdogan, B., Song, Y., Liu, Q., & Jin, X. (2024). Comprehensive analysis

of hyperspectral features for monitoring canopy maize leaf spot disease. Computers and

Electronics in Agriculture, 225, 109350



Chapter 4 

 64 

 Abstract 

Accurate quantification of hyperspectral features altered by plant disease infection is 

pivotal for effective disease management. However, the sensitivity of hyperspectral 

features to plant disease progression remains elusive, primarily because these features 

are often influenced by plant growth and environmental factors in addition to the 

specific disease. This study explores the sensitivity of biophysical and spectral features 

as indicators for maize adaptation to leaf spot disease. Using high-resolution UAV 

hyperspectral imaging, we captured maize adaptation dynamics over 30 days post-

infection. We evaluated the sensitivity and importance of hyperspectral features for 

disease monitoring, including biophysical parameters retrieved by the PROSAIL model, 

and spectral features, including spectral reflectance, vegetation indices (VIs), and 

wavelet features (WFs). Our findings reveal that WFs first indicate disease response as 

early as 6 days after infection (DAI), followed by VIs at DAI 8, and variations in 

chlorophyll content (Cab) become apparent by DAI 10. The Cab, plant senescence 

reflectance index (PSRI), and normalized photosynthetic reflectance index (NPRI) are 

determined to be important features at the early stage of the disease. Our experimental 

results show that the different feature sets are complementary at the early and severe 

stages of the disease. Our classification models integrating Cab, VIs, and WFs showed 

higher overall accuracy than models using only spectral features or VIs, with a 

maximum improvement of 9.36%. However, these feature sets are redundant in the mild 

and initial severe disease stages, where models using only spectral features achieve the 

highest overall accuracy of 86.21%. This study underscores the novel insights by 

offering an understanding of plant responses to disease infection and enhancing early 

detection strategies. 
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4.1 Introduction 

Maize (corn, Zea mays L.) is one of the most widely demanded and rapidly growing 

grains globally (Martinez and Fernandez, 2019; Yan and Tan, 2019). It is susceptible to 

numerous plant diseases, with as many as 112 reported worldwide (Kumar et al., 2014). 

Leaf spot, a prevalent disease across different regions, has led to significant yield losses 

in vulnerable maize germplasm (Dhami et al., 2015a; Gonçalves et al., 2013). 

Traditional methods for monitoring leaf spot rely on visual inspection by experts in the 

field, which is time-consuming, labor-intensive, and challenging to implement on a 

large scale. 
With the advent of remote sensing technology, particularly hyperspectral imaging, a 

powerful tool has emerged that is capable of non-invasive, large-scale monitoring of 

plant disease (Chen et al., 2017; Hornero et al., 2020). Hyperspectral imaging’s fine 

spectral resolution holds the promise of monitoring and diagnosing plant diseases 

(Mahlein et al., 2018; Thenkabail et al., 2004). This technology captures a broad 

spectrum of information, potentially revealing intricate details about plant physiology 

and health that are invisible to the naked eye or through traditional multispectral 

imaging (Mahlein et al., 2013; Tian et al., 2021). Recent research in hyperspectral 

disease detection has predominantly focused on constructing machine learning models 

using hyperspectral features. For instance, Huang et al. (2022) underscored the 

necessity of choosing suitable machine learning methods and feature selection 

algorithms to enhance the accuracy of early and mid-term remote sensing monitoring 

of wheat stripe rust. Tian et al. (2021) demonstrated that a limited yet carefully chosen 

set of spectral features, identified through the machine learning based sequential 

floating forward selection (ML-SFFS) algorithm, effectively distinguishing rice leaves 

infected with leaf blast. Similarly, Luo et al. (2021) evidenced that machine learning 

models based on vegetation indices are highly promising for surveilling maize dwarf 

mosaic virus infections. However, remote sensing captures a multifaceted array of 

surface information, extending beyond vegetation and diseases to include elements like 

plant growth, environmental conditions, and so on (Weiss et al., 2020). These additional 

factors add complexity when interpreting hyperspectral features for disease monitoring 

and model transferability in canopy scales.  
Hyperspectral features widely used in plant disease tasks primarily include 

biophysical parameters and spectral features (Hernandez-Clemente et al., 2019). 

Biophysical parameters such as leaf pigment content, derived from radiative transfer 

models, have been used as an indicator of vegetation health (Hornero et al., 2021; Tian 

et al., 2021; Zarco-Tejada et al., 2018). Increasing disease severity over time can 

ultimately cause variations among leaf photosynthetic pigment pools, known as 

constitutive changes (Hernandez-Clemente et al., 2019). Additionally, spectral features 

like spectral reflectance, vegetation indices (VIs), and wavelet features (WFs) have 

proven effective for plant disease monitoring (Camino et al., 2021; Tian et al., 2021). 

Nonetheless, their interpretation is challenged by illumination, structural, and 
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influenced by different crop varieties and growth stages (Barton and North, 2001; 

Damm et al., 2015; Myneni et al., 1995). Furthermore, knowledge of causal relations 

between dynamics in plant response to leaf spot and required sensitivity of 

hyperspectral features is not fully exploited yet. Therefore, it is urgent to comprehend 

the sensitivity of different hyperspectral features for monitoring plant disease in canopy 

scales. 
In this study, we hypothesize that the complexity of observations in plant disease 

monitoring obscures the inherent sensitivity of these observations for plant-pathogen 

relationships during leaf spot infection. Therefore, it is crucial to disentangle unwanted 

sensitivities from the targeted features for remote sensing-based classification in 

monitoring disease. We designed leaf spot infection experiments in three maize fields. 

The objectives are to (i) unravel the temporal sensitivity of various hyperspectral 

features as disease severity increased using a time series analysis approach, (ii) analyze 

the importance of hyperspectral features (biophysical parameters and spectral features) 

in response to leaf spot infection, (iii) build classification models for assessing maize 

resistance to leaf spot disease based on the selected features. 

4.2 Materials and methods 

4.2.1 Experimental design 
The study area was in Xinxiang City, China, a warm temperate continental monsoon 

climate characterized by hot and rainy and breed disease in summer. This region 

belongs to North Henan Plain (Yubei Plain), with maize as the main crop. Three sites 

were selected in this study: sites A, B, and C (Fig. 4.1).  

 
Fig. 4.1. Overview of field experiments at two locations (Xinxiang and Yuanyang) in 

2021 and 2022. The upper center figure shows the geographic location of the 

experimental area. Site A (lower center) and B (left) in Yuanyang in 2022. The red mask 

in site A presented infected areas, and the yellow mask showed healthy areas. The site 

C (right) in Xinxiang in 2021. 
Site A and B were in Yuanyang (35.15° N, 113.97° E). Both sites A and B were maize 

breeding fields with a planting density of 90,000 plants/ha planted on May 30, 2022. 



Comprehensive analysis of hyperspectral features for monitoring canopy maize leaf 

spot disease 

 67 

Site A consists of 120 rows, each 3 meters, and site B consists of 1031 rows, each 3 

meters. In site A, 20 rows were considered as a genotype plot, with a total of 6 genotype 

plots. In each plot, 3 rows *5 plants were selected and treated with the leaf spot bacterial 

solution on the evening of August 2, 2022. The inoculation of maize with the bacterial 

leaf spot pathogen adhered to the technical specification for the identification of maize 

disease and pest resistance of China (NY/T 1248.10-2016). A water-dispersible granule 

formulation of Cercospora zeina bacterial solution was prepared at a concentration 

ranging from 1 ×105 to 1×106 pores per milliliter. The bacterial leaf spot solution was 

dispensed using a sprayer to ensure thorough coverage. The infected areas (6 areas) are 

shown in Fig. 4.1 using a red mask. The healthy areas (uninfected areas, yellow masked 

plots) were selected in equal numbers and sizes to the infected areas. When choosing 

these areas, we aimed to minimize the impact of pathogen transmission. The two 

adjacent plots’ infection and healthy areas were connected separately, and the infected 

and healthy areas were distributed at intervals. In site B, each row was considered a plot 

with a genotype. Totally site B contained 1013 genotypes including 483 susceptibility 

genotypes and 530 resistant genotypes. This entire site was simultaneously treated with 

the leaf spot bacterial solution, paralleling the treatment applied to site A.  
Site C, located in Xinxiang (35.30° N, 113.93° E), consists of 492 plots, each with a 

single genotype measuring 1.25 x 1.8 meters. Site C contained 492 genotypes, including 

311 susceptible and 181 resistant genotypes. This site, with a planting density of 90,000 

plants/ha, was planted on May 30, 2021. Each plot of this site was treated with the leaf 

spot bacterial solution on the evening of 2 August 2021. 
Overall, all the infection processes occurred during the trumpet stage of maize 

growth. In managing the fields, we adhered to fertilizer application and irrigation 

practices guided by the expertise of local agricultural professionals. This approach 

aimed to provide a consistent balance of water and nutrients to reduce their potential 

impact on disease occurrence in the maize plants. 

4.2.2 Field surveys 
In field surveys, two different disease severity assessment methods were used. In site 

A, a temporal ground survey was employed to analyze the response time of remote 

sensing features to the disease (Fig. 4.2). In sites B and C, the resistance to leaf spot in 

genotypes was evaluated (Fig. 4.3) to verify the performance of hyperspectral features 

in disease monitoring tasks. In all field surveys, 3 maize plants were randomly selected 

from each area/plot. From each plant, 3 leaves were collected: the leaf above the ear, 

the ear leaf, and the leaf below the ear. There was a total of 9 leaves per area/plot.  
In site A, field surveys were conducted simultaneously with hyperspectral data 

acquisition after the onset of the disease infection (Table 4.1). Following the disease 

severity grading method from Tian et al. (2021), disease severity was classified into 

different developmental stages. Though infections varied among leaves, visual 

inspections helped broadly categorize the infection processes. Disease severity was 

assessed in three levels based on lesion size and condition (Fig. 4.2). Specifically, early 

infection, from initial infection to scattered lesions on leaves, occurred between 2 and 
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10 days after infection (DAI); mild infection, with two or more connected linear lesions, 

was at DAI 12 and 15; severe infection, with three or more connected planar lesions, 

occurred at DAI 22, 24, and 30. 

 
Fig. 4.2. RGB images of maize leaves under different leaf spot disease infection stages. 

In sites B and C, the field surveys were conducted on August 26, 2022 (DAI 24) and 

September 2, 2021 (DAI 30), respectively (Table 4.1). The images of the selected leaves 

were documented. Subsequently, multiple experts collaboratively interpreted the 

proportion of leaf spots presented. Based on visual inspections, leaves were classified 

into one of six categories depending on the percentage of leaf spot coverage. Following 

this classification, the disease index (DI) for every plot was computed using the 

methodology of Huang et al. (2007). The resistance of maize was then determined by 

referencing the DI values. Maize resistance was classified into two groups, resistant 

(DI: 0–30%) and susceptible (DI: 31%–100%), following the China national standard 

(NY/T 1248.1-2006), titled technical specification for identification of maize resistance 

to leaf spot disease. 

 

Fig. 4.3. Flowchart of maize resistance assessment. x is defined as 0, 1, 3, 5, 7, 9, 

representing respective disease coverage of 0%, 0%–5%, 6%–25%, 26%–50%, 76%–

100% on the leaf surface; f  is the total number of leaves of each class; n  is the highest 

degree of disease severity (in this paper, n  = 9). The resistance of maize genotypes was 
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categorized as resistant and susceptible, corresponding to DI value ranges of 0–30% 

and 31–100%, respectively. 

4.2.3 Hyperspectral images collection and preprocessing 
Hyperspectral images were obtained from the study site using a Pika L hyperspectral 

camera (Resonon, Bozeman, MT, USA) mounted on an unmanned aerial vehicle (UAV) 

(Matrice 600 Pro Hexacopter, DJI, Shenzhen, China). The images were taken at 50 m 

above the ground, flying at a speed of 1.5 m/s. All flights took place between 10:00 and 

14:00 to minimize the effects of sun angle. The DJI M600 Pro UAV had a maximum 

payload capacity of 6 kg and a 30-minute endurance. It was equipped with an onboard 

RTK-GNSS (real-time kinematic global navigation satellite system) unit for centimeter-

level navigation. The Pika L camera featured 150 bands ranging from 400 to 1000 nm 

with a 2.1 nm spectral resolution and a 3.3 nm FWHM. The hyperspectral sensor’s 17 

mm optical focal length provided an instantaneous field of view (IFOV) of 1.47 mrad 

and an angular field of view (FOV) of 30.8°. The image acquisition time is shown in 

Table 4.1. 

Table 4.1. Field surveys and hyperspectral images acquisition time 

Site Year Field surveys 

time Hyperspectral images acquisition time 

A 2022 

Simultaneous 

with 

hyperspectral 

data acquisition 

DAI 0, DAI 2, DAI 4, DAI 6, DAI 8, DAI 10, 

DAI 12, DAI 15, DAI 22, DAI 24, DAI 30 

B 2022 DAI 24 DAI 12, DAI 15, DAI 22, DAI 30, DAI 37 
C 2021 DAI 30 DAI 18, DAI 25, DAI 31, DAI 37 

DAI: days after infection. 

The raw hyperspectral cubes were converted to radiance using the instrument’s 

radiometric calibration file. Cubes on the same flight path were combined into a linear 

cube. The linear cubes were georeferenced, based on high-resolution RGB images 

collected simultaneously and the ground control points, using ArcGIS 10.2 (Esri, 

Redlands, CA, USA). Radiometric calibration was performed with a 60% reflectance 

gray cloth with known reflectance collected at the same time as hyperspectral data in 

ENVI 5.3 (ITT Visual Information Solutions, Boulder, United States). Then, a seamless 

mosaic for the research site was created using all the linear cubes. Finally, zonal 

statistics were performed on the vector boundaries of each plot. This step was 

completed using the zonal statistics as a table plugin in ENVI 5.3.  

4.2.4 Feature extraction 
This study investigated hyperspectral features comprising biophysical parameters 

and spectral features. Biophysical parameters derived from radiative transfer models 

(RTM) are considered, leveraging the comprehensive data captured by hyperspectral 

systems across an array of continuous narrow bands (Kokaly and Clark, 1999). 

Simultaneously, spectral features based on one or more spectral reflectance exhibited 
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empirical relationships with plant information. 

4.2.4.1 Spectral features 
Mean reflectance values at the canopy scale for each plot were utilized to calculate 

various narrow-band spectral features. These features include spectral reflectance, VIs, 

and WFs. Spectral reflectance within the wavelength range of 400 nm to 900 nm, 

comprising 117 bands, was chosen to avoid the lower signal-to-noise ratio typically 

observed at the edges of the sensor’s spectral range. VIs (Table S4.1) gathered from the 

literature were computed for spectral feature analysis. WFs were derived from the 

spectral data using the continuous wavelet transform (CWT), leveraging the 

PyWavelets library’s pywt (Python 3.7). The CWT was executed on the reflectance 

spectra to obtain wavelet coefficients, which encapsulate the spectral information at 

various scales. Specifically, for each reflectance spectrum within the dataset, the 

transformation was conducted over scales 3 to 8 and applied the Mexican Hat wavelet 

as the mother wavelet basis, following the methodology outlined by Cheng et al. (2010).  

4.2.4.2 Biophysical parameters 
Biophysical parameters, including chlorophyll content (Cab), carotenoid content (Car), 

equivalent water thickness (Cw), dry matter content (Cm), and anthocyanin content 

(Anth), were quantified by inverting the PROSAIL model, using the mean reflectance 

values of each plot (Fig. 4.4). The PROSAIL model couples the PROSPECT-D leaf 

reflectance model with the SAIL canopy model. PROSPECT-D accounts for the 

biophysical parameters in the leaf, while SAIL considers the properties of the canopy 

structure. We chose this model because, at the time of this study, the study plots had 

reached canopy closure and could be considered a uniform chaotic medium. 
Initially, a simulation dataset containing 79.872 million measures was generated with 

the PROSAIL model. The input variables for the model were estimated based on leaf 

optical property datasets and prior studies (Nie et al., 2023), aiming to encompass the 

range of variability in the practical maize field (Table 4.2). The output spectra were 

weighted average according to the spectral response function of the PikaL sensor, 

ensuring uniform and comparable spectral resolution across different spectra. 
A multilayer perceptron (MLP) model was trained on the simulated dataset to 

establish the relationship between the simulated spectra and biophysical parameters. 

The leaf area index (LAI) was obtained using actual values measured in the field with 

a SUNSCAN instrument (Delta-T Devices， Cambridge， UK) to address the ill 

inversion issue. The MLP network was designed with an input layer with the same 

number of nodes as the number of the PikaL bands plus one (LAI). The inner layers 

successively applied a compression ratio of two, reducing the number of nodes by half. 

The output layer had the same number of nodes as the biophysical parameters. The 

network employed dropout regularization to prevent overfitting with a probability of 

0.2. The ReLU activation function was applied throughout the network. Finally, the 

inversed Cab and Anth were evaluated using the coefficient of determination (R²) and 

root mean square error (RMSE) based on the field measured Cab and Anth at site A (Fig. 
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S4.1). The Cab and Anth were measured with Dualex Scientific+ (Force-A, Orsay, France) 

following the measurements described by Zhou et al. (2023)

Fig. 4.4. Flowchart of PROSAIL simulation and retrieval. Cab: chlorophyll content, Car: 

carotenoid content, Cw: equivalent water thickness, Cm: dry matter content, Anth: 

anthocyanin content, VIs: vegetation indices, MLP: multilayer perceptron.

. These measurements were conducted simultaneously with field surveys. 

Table 4.2 Inputs for PROSAIL simulation

Model Variable Acronym Range Steps Units

P
R

O
S

P
E

C
T

-D

(l
ea

f 
le

v
el

)

Chlorophyll content Cab 1-100 5 μg/cm2

Carotenoid content Car 0-26 1 μg/cm2

Anthocyanin content Anth 0-20 1 μg/cm2

Brown pigment content Cbrown 0.2 N/A N/A

Equivalent water 

thickness
Cw 0-0.08 0.01 cm

Dry matter content Cm 0-0.04 0.01 g/cm2

Leaf structure parameter N 1-1.5 0.1 N/A

S
A

IL

(c
an

o
p

y
 l

ev
el

)

Leaf area index LAI 1-5 0.3 N/A

Hot-spot size parameter Hspot 0.25 N/A mm-1

Solar zenith angle SZA 65 N/A Degree

Observed zenith angle OZA 0 N/A Degree

Relative azimuth angle RAA 0 N/A Degree

Average leaf inclination 

angle
ALA 30-50 10 Degree

Note: The ‘Range’ column indicates the variation interval for each parameter, and

‘Steps’ describes the quantification intervals within this range. For example, Cab

quantified within a range of 1 to 100 μg/cm², with 5 μg/cm² increments. N/A: not 

applicable.

4.2.5 Feature analysis
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We proposed a comprehensive feature analysis method to identify sensitive features, 

as illustrated in Fig. 4.5. This process begins by utilizing all hyperspectral features 

retrieved from infected and healthy plots at site A. Given that each plot consists of 

numerous observations (pixels), we subdivided each plot into twelve equal parts,

enriching the hyperspectral data for analysis. In total, both infected and healthy areas 

had 72 samples. We applied time series analysis to unravel the temporal sensitivity of 

various hyperspectral features to increase leaf spot severity (Section 4.2.5.1), 

considering the effect size using Cohen’s d. Subsequently, we trained an intelligent 

agent capable of automatically learning policies to select an optimal feature subset to 

address multicollinearity and select-rich information features. These features are named 

as ‘parsimony features’ (Section 4.2.5.2).

Fig. 4.5. Overview of the methodology used for feature analysis and classification. Note: 

VIs: vegetation indices, BPs: biophysical parameters, WFs: wavelet features, CWT:

continuous wavelet transform, RL: reinforcement learning, SHAP: Shapley additive 

explanations, GBDT: gradient-boosting decision tree, RF: random forest, OA: overall 

accuracy; 3 feature sets include biophysical parameters in combination with spectral 

features (BSF), spectral features alone (SF), and vegetation indices alone (VI).

4.2.5.1 Response time analysis

The response time analysis is crucial for understanding and quantifying the temporal 
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dynamics of hyperspectral features in response to the vegetation stress process 

(Behmann et al., 2014; Langenkämper et al., 2022). To accurately focus on the target 

disease, a time-based normalization approach was employed to account for canopy 

structural influences that frequently overlay dynamics in hyperspectral features. This 

normalization strategy is essential to avoid misinterpretation of data and has been 

proven to compensate for most of the remote sensing parameter variation caused by 

illumination effects and canopy structure (Damm et al., 2022; Zarco-Tejada et al., 2012). 

This approach calculated the difference between the hyperspectral feature values 

observed at a given time (denoted as tF ) and the average of these features recorded 

before the infection event on August 2nd (denoted as 'tF ). We use F  to represent the 

time series of change in each hyperspectral feature, which is calculated by 
'= −Δ t tF F F  (1) 

The resulting time series represents the increment of individual hyperspectral 

features considering the first observations (DAI 0) in physical units. To assess the 

impact and reliability of leaf spot infection on plant responses as estimated by various 

hyperspectral features, we employed two statistical measures: (1) 95% confidence 

intervals based on a z-distribution; (2) effect size using Cohen’s d, which accounts for 

the standard deviation of the healthy canopy.  
We define a threshold effect size Z to represent the substantial difference between 

the healthy and infected observations. Based on our comprehensive testing and previous 

study (Charach et al., 2011), Z = 0.8 is the most effective value and, therefore, chosen 

for the implementations. In this step, we established a sensitive feature selection 

criterion: the start time of consecutive substantial difference with the same sign is 

determined as when the hyperspectral feature begins to respond to the leaf spot disease. 

In addition, only features that showed a response before DAI 15 were selected for 

further analysis in the following stages. These were observed at more than three-time 

points, demonstrating the substantial differences between the healthy and infected 

observations. 

4.2.5.2 Collinearity diagnostics 
Following sensitivity analysis in Section 4.2.5.1, we identified several sensitive 

features, some exhibiting multicollinearity and redundancy. These sensitive features 

will now be subjected to an in-depth collinearity assessment to refine our feature 

selection for the classification model. We modeled the task of collinearity diagnostics 

as a Markov decision process (MDP) from Mou et al. (2022). Consequently, RL was 

adopted as the strategy of choice for formulating a sophisticated collinearity diagnostics 

methodology (Fig. 4.6). Compared with traditional approaches, RL allows for 

continuous learning and adjustment, a critical advantage in environments where the 

features change over time (Mou et al., 2022). In addition, RL can efficiently manage 

the complex, high-dimensional spaces typical of hyperspectral images (Feng et al., 

2022a). 
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Fig. 4.6. Overview of reinforcement learning strategy

In this MDP, we define the action, state, and reward. Let F denote the set of all the 

sensitive features, representing the total count of these features, and let if represent an 

individual feature within F . The RL model’s state, action, and reward are defined as 

follows.

State: The state ( s ) is a subset of F , with the state space being the power set of F . 

Each state is uniquely depicted by a feature encoding—a vector of length n . If a feature 

is selected, its corresponding element is set to 1; otherwise, it remains 0.

Action: The agent’s primary objective is to select a feature from F at each iteration. 

Action refers to the position of a feature in a list, where the chosen position’s value 

changes from 0 to 1. This selection process continues until the predefined number of 

features is reached; x features were optimal for ensuing classification models.

The transition function defines how the system moves from one state to another based 

on an action taken. Specifically, if an action is taken to select a feature already chosen 

within the current episode, the state ts remains unaltered in the succeeding step. If the 

chosen feature if has not been selected in the current episode, then the state ts evolves 

to a new state 1ts + , where the corresponding element of if is set to 1 in the feature 

encoding. When the count of chosen features matches the predefined threshold, the state 

transitions to a “Terminal” state, signifying the end of the episode.

Mathematically, the transition function can be described as:

1

 Terminal  if reaching the preset number
 if  select a feature   already in 
 if  select a new feature  

t t t i t

t i t i

s s a f s
s f a f

+


= =
 + =

(2)

in which ts is the current state, 1ts + is the next state, if is the selected feature, and ta is

the current action.

Reward: The agent is rewarded based on the efficacy of its feature selection. A 

penalty of -1 is applied if a repeated feature is chosen. Conversely, a reward of 1 is 

granted when a non-collinear feature is selected. To determine collinearity, we employ 

the variance inflation factor (VIF), a metric introduced by Gareth et al. (2013), to 

measure the variance increase of a regression coefficient due to collinearity. A VIF 

below 10 suggests that the chosen feature is not collinear with previously selected ones. 

However, if collinearity is selected (VIF > 10), the information entropy, gauging the 

richness of spectral information, is used. The reward difference between states and 1ts +
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is governed by the disparity in information entropy. Specifically, the average 

information entropy of the selected features was measured as Equation (3), in which A
represents a set of previously executed actions, N designates the total count of chosen 

features, and P stands for the probability mass function.

( ) ( )2
1

1MIE( ) log
| |

N
n n
i i

i n
s P f P f

 =

= − MIE( ) logs P f P fMIE( ) log
| | i n

MIE( ) logs P f P fMIE( ) logMIE( ) logs P f P fMIE( ) logMIE( ) log
| |

MIE( ) logs P f P fMIE( ) log
| |

MIE( ) log
i n =i n
MIE( ) logs P f P fMIE( ) logMIE( ) logs P f P fMIE( ) log

1i n =i n =i n

i ni ni n =i ni n =i n| || |

MIE( ) log
| |

MIE( ) logs P f P fMIE( ) log
| |

MIE( ) log


MIE( ) log
| |

MIE( ) logs P f P fMIE( ) log
| |

MIE( ) log (3)

Subsequently, the reward function is mathematically structured as:

1

-1 if  select a feature   already in  
if  select a feature   noncollinearity

1
with features already in 
if  select a feature   collinearity 

MIE( ) MIE( )
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







 ts

(4)

, in which ts is the current state, 1ts + is the next state, if is the selected feature, ta is 

the current action, and tr is the current reward.

To implement this strategy, we adapted our approach to incorporate the proximal 

policy optimization (PPO) algorithm. This training process was facilitated by the Ray 

framework. The tune library was used to search for the optimal model hyperparameters. 

Detailed settings of each parameter are provided in Table 4.3.

Table 4.3 Parameters for PPO in Ray

Parameter Value Parameter Value

lr 5e-3 num_workers 6

train_batch_size 256 num_envs_per_worker 1

sgd_minibatch_size 128 rollout_fragment_length 10

num_sgd_iter 10 entropy_coeff 0.01

gamma 0.8 vf_loss_coeff 1.0

lambda 0.95 vf_clip_param 10.0

clip_param 0.3 use_gae True

kl_coeff 0.2

4.2.6 Feature evaluation
To validate the selected features, we assessed the importance of the parsimony 

features (Section 4.2.6.1) and demonstrated the effectiveness of these features for 

machine learning models across different sites and times (Section 4.2.6.2).

4.2.6.1 Feature importance
We utilized the Shapley additive explanations (SHAP) method (Lundberg and Lee, 

2017) for model feature interpretation in this evaluation. We generated SHAP summary 

plots based on random forest (RF) models to visualize the significance of each feature.

The performances of the models are shown in Table S4.2.

The feature importance analysis process consisted of two main parts. Firstly, we 

conducted a SHAP summary using the infected areas. We utilized hyperspectral 

features that were calculated throughout the entire experimental period and compared 
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them to DAI, which increases with leaf spot severity. This phase aimed to gain insights 

into the relationship between hyperspectral features and disease severity. Secondly, we 

compared the hyperspectral features obtained from the infected and healthy areas at 

early, mild, and severe infection stages. This comparison sought to identify the 

contribution of features in distinguishing between infected and healthy plots at different 

disease stages.  

4.2.6.2 Machine learning models 
We employed two regression machine learning algorithms to estimate the DI for each 

plot on the survey dates: RF and gradient-boosting decision tree (GBDT). Similarly, we 

applied the same machine learning algorithms in a classification context to categorize 

maize genotypes as disease-resistant or susceptible. 
In this study, we conducted 100 iterations of data division into two samples, namely 

the training and testing samples, by randomly selecting 80% (n = 810 for 2022; n = 394 

for 2021) and 20% (n = 203 for 2022; n = 98 for 2021) of the dataset, respectively. The 

validation process involved k-fold cross-validation, wherein the original sample was 

partitioned randomly into 10 subsamples of equal size and repeated five times. Optimal 

hyperparameters for the models were identified by grid search and are presented in 

Table 4.4. Model performance was quantified by calculating R², RMSE, and mean 

absolute error (MAE) for regression accuracy. We analyzed the confusion matrix, 

overall accuracy (OA), and Cohen’s kappa coefficient (kappa) for classification 

accuracy. In the development of the regression and classification models, we utilized 

Python 3.7 and the scikit-learn library. For GBDT models, we employed the 

GradientBoostingRegressor and GradientBoostingClassifier from the ensemble module. 

Similarly, we used the RandomForestRegressor and RandomForestClassifier from the 

same module for RF models. 
To compare the effectiveness of different feature sets in classification models, we 

evaluated the classification accuracies of three distinct sets of hyperspectral features: 

(1) biophysical parameters in combination with spectral features (BSF), (2) spectral 

features alone (SF), and (3) vegetation indices alone (VI). 

Table 4.4 Hyperparameters for each machine learning models 

Hyperparameter Search space Regression Classification 
Gradient-boosting decision tree (GBDT) 

n_estimators 10–100 80 50 
learning_rate 0.1–0.5 0.1 0.3 
max_depth  2–15 5 5 

min_samples_leaf 2–15 5 5 
Random forest (RF) 

Number of trees 10–50 40 30 
Maximum depth 20–100 50 50 

4.3 Results 
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4.3.1 Temporal response of features after leaf spot infection 
This section explores the temporal dynamics of hyperspectral features following 

maize leaf spot infection. The effect sizes quantify the analysis by comparing these 

features between infected and healthy areas to pinpoint the onset and progression of the 

disease’s impact (detailed in Supplementary Table S4.3–S3.5). 

4.3.1.1 Biophysical parameters 
Compared to the DAI 0 measurements (Fig. 4.7), the change in Cab (ΔCab) exhibited 

an initial increase followed by a gradual decrease, with the accumulation of Cab in 

infected areas consistently lagging that in the healthy areas. Starting from DAI 10, a 

substantial difference in the Cab change rate between infected and healthy areas was 

observed, substantiating the effect of leaf spot disease on chlorophyll dynamics. 
Variations in ΔAnth, ΔCw, ΔCm, and ΔCar did not show consistently substantial 

differences between infected and healthy areas. These measurements revealed a noisy 

nature, making it challenging to find a clear trend or identify consistently substantial 

differences between the infected and healthy areas.  

 
Fig. 4.7. Changes of biophysical parameters in infected areas (n = 72 samples) and 

healthy areas (n = 72 samples) on different DAIs. The error bars represent the 95% 

confidence interval, and the values included represent the effect size, as determined by 

Cohen’s d.  : normalized considering the change of the first infection day (2 August); 

Cab: chlorophyll content; Car: carotenoid content; Cw: equivalent water thickness; Cm: 

dry matter content; Anth: anthocyanin content. 

4.3.1.2 Spectral reflectance 
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Spectral reflectance across the 400–900 nm wavelength range did not meet the 

sensitivity criteria established for feature analysis as outlined in Section 4.2.5.1 (Fig. 

4.8). The lack of consistency and continuity in the data suggests that spectral reflectance 

is prone to noise, which could complicate disease detection and risk false positives in 

practical disease monitoring. These findings underscore the limited transferability of 

models based on spectral reflectance for robust disease monitoring. 

 
Fig. 4.8. Changes of spectral reflectance in infected (n = 72 samples) and healthy areas 

(n = 72 samples) on different DAIs. The red (R), green (G), blue (B), red edge (Re), and 

near-infrared (NIR) bands were presented by wavelengths of 473 nm, 560 nm, 666 nm, 

717 nm, and 843 nm corresponding to the central wavelength positions of the RedEdge-

MX multispectral camera (Micasense company, USA), respectively. The error bars 

represent the 95% confidence interval, and the values included represent the effect size, 

as determined by Cohen’s d. 
4.3.1.3 VIs 

The earliest response of VIs to the disease occurred at DAI 8, with the photochemical 

reflectance index (PRIn) related to xanthophyll and photosynthetic efficiency 

continuing to respond to leaf spot disease until DAI 30 (Table 4.5). Subsequently, 

starting at DAI 12, the responding VIs included five indices associated with carotenoid 

and chlorophyll (PSRI, B, G, R, and RGI), three indices related to xanthophyll and 

photosynthetic efficiency (PRI515, PRIM3, and PRIM4), one index related to chlorophyll 

fluorescence (CUR), and three indices related to anthocyanins (VARI, VARI2, and 

ARIm). From DAI 15, responding VIs included two related to structural traits (NDVI 
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and LIC1) and two to chlorophyll (SIPI and PSND). From DAI 22, responding VIs 

included the structural-associated OSAVI and chlorophyll-associated TCARI. The 

response time of VIs highlights a temporal progression in the disease’s impact on 

various physiological and biochemical processes. 
Following a multicollinearity diagnosis based on RL, five representative VIs (NDVI, 

PSRI, PRIn, RGI, and VARI2) were selected (Fig. 4.9). The change trends in NDVI 

maintaining a close-to-zero difference between DAI 0–DAI 12 and DAI 0 in both 

infected and healthy areas, indicate that NDVI does not largely change. After DAI 12, 

the difference in infected areas compared to DAI 0 was consistently higher than in 

healthy areas, with the infected areas dropping seriously. VARI followed a similar trend 

to NDVI but shifted earlier by DAI 10. PSRI’s variations were minimal until DAI 15, 

after which the infected plots increased notably. RGI mirrored PSRI’s changes but 

began at DAI 8. Meanwhile, PRIn, maintaining a close-to-zero difference with DAI 0 

in healthy areas, experienced a sharp increase after DAI 15 in the infected areas. 

Compared to raw spectral reflectance, these VIs provide a relatively stable indication 

of vegetation status. 

Table 4.5 Response time of vegetation indices (VIs) 

Response time VIs 
DAI 2 -- 
DAI 4 -- 
DAI 6 -- 
DAI 8 PRIn 

DAI 10 -- 

DAI 12 PSRI, PRI515, PRIM3, PRIM4, B, G, R, RGI, CUR, VARI, VARI2, 

ARIm 
DAI 15 NDVI, LIC1, SIPI, PSND 
DAI 22 OSAVI, TCARI 

DAI 24 SPRI, NPQI, NPCI, CTRI, PRI,  PRIM1, PRIM2, BRI1, BRI2, LIC2, 

HI 
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Fig. 4.9. Changes of selected vegetation indices (VIs) in infected (n = 72 samples) and 

healthy areas (n = 72 samples) on different DAIs. The error bars represent the 95% 

confidence interval, and the values included represent the effect size, as determined by 

Cohen’s d. 

4.3.1.4 WFs 
From the early to mild infection stages, the WFs are sensitive to leaf spot infection, 

predominantly spanning the 450–750 nm range, encompassing scales of 3 to 8 (Table 

4.6). Notably, the earliest response of WFs to the disease was observed at DAI 6, 

specifically with WF586,6, WF590,7, and WF590–598,8, located within the yellow edge 

region (550–650 nm). This region is primarily characterized by the overlapping 

absorption of various pigments, particularly chlorophyll and anthocyanin, indicating 

pigment dynamics associated with early disease response. 
Starting from DAI 12, responding WFs included WF469–473,3, WF465–469,4, WF461–469,6, 

WF461–469,7, WF461–477,8, and WF506–510,8, located in the blue region (450–550 nm), 

primarily governed by chlorophyll absorption. Furthermore, the WF735,3, WF735,4, and 

WF735,5 were located in the red edge region (700–750 nm), demonstrating sensitivity to 

rapid photosynthetic rate changes. From DAI 15, the WF821,5, positioned in the near-

infrared region and indicative of sensitive plant structure, began to show a significant 

difference between the infected and healthy areas. These findings imply a broader 

impact of the disease, associated with progressive changes in chlorophyll content, 

photosynthetic efficiency, and plant structural integrity. 
After conducting a multicollinearity diagnosis using RL, five representative wavelet 

features (WF494,5, WF461,6, WF469,7, WF548,8, and WF590,8) were selected (Fig. 4.10). The 
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trends exhibited by WF494,4, WF461,6 and WF469,7 were consistent, displaying a steady 

increase from DAI 0 to DAI 30 in both infected and healthy areas, with the changes in 

the infected plots consistently occurring at a faster rate. Conversely, the changes of 

WF548,8 and WF590,8 in infected areas consistently preceded those in the healthy areas. 

The observed trends in WFs displayed noisy and discontinuous patterns, particularly in 

the early stages of disease development. This suggests that while WFs responded 

rapidly to the onset of disease, their stability remains uncertain during the early stage 

of infection. 

Table 4.6 Response time of wavelet features (WFs) 

Response time WFs 
DAI 4 -- 
DAI 6 WF586,6, WF590,7, WF590–598,8 
DAI 8 -- 
DAI 10 -- 

DAI 12 WF469–473,3, WF735,3, WF465–469,4, WF735,4, WF465,5, WF735,5, WF461–

469,6, WF461–469,7, WF461–477,8, WF506–510,8 

DAI 15 WF477–486,3, WF473–486,4, WF469–481,5, WF821,5, WF473,6, WF510–515,6, 

WF502–510,7, WF481–502,8 

 
Fig. 4.10. Changes of selected wavelet features (WFs) in infected (n = 72 samples) 

and healthy areas (n = 72 samples) on different DAIs. The error bars represent the 95% 

confidence interval, and the values included represent the effect size, as determined by 

Cohen’s d. 
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4.3.2 Importance of identified features 
According to our experimental trials, we identified 11 key features characterized by 

high information entropy and low collinearity. Our RL agent meticulously selected 

these features, ensuring an optimal balance between information richness and feature 

independence. These included 10 spectral-based features, 5 VIs and 5 WFs, and a 

biophysical parameter, namely, Cab. These selected features were utilized as predictors 

in the final classification model for maize resistance. 
The importance of the chosen features in identifying infected and healthy areas 

during various disease stages is shown in Fig. 4.11a–c. At the early disease stage, Cab 

emerged as the feature with the highest importance scores in models discriminating 

between infected and healthy areas, followed by PRIn and PRSI. These features also 

showed high importance at the mild and severe disease stages. VARI2, PRSI, and PRIn 

demonstrated the highest importance scores in models regressing different levels of 

severity, as illustrated in Fig. 4.11d. Notably, VARI2 displayed a negative relationship 

with disease severity. At the same time, PRSI and PRIn exhibited a positive correlation. 

 
Fig. 4.11. Feature importance ranking by SHAP value. (a)–(c) represents SHAP value 

when classifying infected and healthy areas at each leaf spot disease stage: (a) early 

infection, (b) mild infection, and (c) severe infection. (d) depicts SHAP value when 

regressing infected plots from DAI 0 to DAI 30 with increasing maize leaf spot disease. 

The feature importance is ordered along the y-axis, and the contributions of features 

(SHAP value) to the model are on the x-axis. Positive SHAP values refer to a more 

severe leaf spot disease.  

4.3.3 Regression models for quantifying DI 
The performances of RF and GBDT regression algorithms for estimating the DI of 
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maize leaf spot, utilizing hyperspectral features in 2022 (DAI 30) and 2021 (DAI 31), 

are presented in Fig. 4.12 and Fig. 4.13, respectively. In 2022, the RF model exhibited 

an R² ranging from 0.51 to 0.62. The GBDT algorithm displayed comparable 

performance, with an R² between 0.71 and 0.79. For the GBDT model, RMSE values 

ranged from 0.12 to 0.15, and MAE values varied from 0.10 to 0.12. In contrast, the RF 

model with R² values from 0.59 to 0.63 in 2021, while the GBDT model’s R² spanned 

from 0.67 to 0.74. The RF model reported RMSE and MAE values from 0.12 to 0.17 

and 0.10 to 0.14, respectively, whereas the GBDT model exhibited RMSE values 

between 0.08 and 0.12 and MAE from 0.07 to 0.10. Optimal performance in both 

models and years was achieved using spectral features. These results demonstrate a 

redundancy in integrating biophysical parameters and spectral features for monitoring 

disease at the initial severe stages. 

 

Fig. 4.12. Scatter plots between the measured DIs and the best estimated DIs by RF 

(upper) and GBDT (bottom) in 2022. The models were trained on different sets of 

features: (a) and (d) utilize biophysical parameters in combination with spectral 

features (BSF), (b) and (e) rely on spectral features, including wavelet features and 

vegetation indices (SF), and (c) and (f) focus on vegetation indices alone (VI), 

respectively. 
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Fig. 4.13. Scatter plots between the measured DIs and the best estimated DIs by RF

(upper) and GBDT (bottom) in 2021. The models were trained on different sets of 

features: (a) and (d) utilize biophysical parameters in combination with spectral 

features (BSF), (b) and (e) rely on spectral features, including wavelet features and 

vegetation indices (SF), and (c) and (f) focus on vegetation indices alone (VI), 

respectively.

4.3.4 Classification models for assessing maize resistance
The resistant and susceptible classification models using hyperspectral imagery from 

different time points in 2022 demonstrated varying levels of OA and kappa (Fig. 4.14; 

Table S4.6–S3.7). OA ranged from 56.16% to 86.21%, and kappa values ranged from 

0.39 to 0.76. The models exhibited varying accuracy patterns based on three distinct 

sets of hyperspectral features. DAI 12 and 37 notably enhanced OA and kappa when 

integrating biophysical parameters with WFs and VIs. Omitting the Cab decreased OA 

by up to 3.45% and 2.96%, respectively. Furthermore, removing Cab and WFs led to 

additional reductions in OA by up to 9.36% and 8.87%, respectively. A decline in this 

trend was observed at DAI 15. At DAI 22 and 30, the classification models using 

different feature sets achieved a balanced and best performance, with no significant 

differences observed among the three cases of features used, with the best precision 

obtained by combining WFs and VIs.

The 2021 data presented an OA range of 65.31% to 85.71% and kappa values from 

0.42 to 0.74 (Fig. 4.15; Table S4.8–S3.9). DAI 31 achieved the peak level of accuracy 

in the study. Paralleling the 2022 findings, DAI 37 of 2021 also exhibited superior OA 

and kappa when using BSF. The exclusion of the Cab feature led to a 5.10% reduction 

in OA, while excluding both the Cab and WFs resulted in further OA drops of a 

maximum of 7.14%. By DAI 18, the once pronounced complementary strengths of the 

three feature types began to moderate, and by DAI 25 and DAI 31, this trend 

disappeared entirely.
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Fig. 4.14. Performances of classification models in 2022. Overall accuracy (bars) and 

Kappa (bullets) metrics of RF and GBDT algorithms classifying maize plants resistant 

to leaf spot disease from susceptible. The models were trained using biophysical 

parameters in combination with spectral features (BSF), spectral features including

wavelet features and vegetation indices (SF), and vegetation indices alone (VI), 

respectively. The models used hyperspectral imageries from DAI 12, DAI 15, DAI 22, 

DAI 30, and DAI 37, 2022, respectively.

Fig. 4.15. Performances of classification models performance in 2021. Overall 

accuracy (bars) and Kappa (bullets) metrics of RF and GBDT algorithms classifying 

maize plants resistant to leaf spot disease from susceptible. The models were trained 
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using biophysical parameters in combination with spectral features (BSF), spectral 

features including wavelet features and vegetation indices (SF), and vegetation indices 

alone (VI), respectively. The models used hyperspectral imageries from DAI 12, DAI 

15, DAI 22, DAI 30, and DAI 37, 2021, respectively. 

4.4 Discussion 

4.4.1 Sensitivity of normalized features for plant-pathogen interaction 
Our results revealed that the normalized features response to leaf spot disease 

infection display varying temporal dynamics and amplitude. This expected behavior 

can be attributed to the sensitivity of individual features to specific plant adaptation 

mechanisms, including functional, biochemical, or structural changes brought on by 

disease infection refer to a review on this topic (Hernandez-Clemente et al., 2019). 

Notably, we observed a dual response from ΔCab. An initial slow, short-term increase 

was observed in response to maize growth and exacerbation of leaf spot disease, 

followed by a longer-term decrease under sustained leaf spot disease infection. 

Conversely, the ΔPRIn exhibited an immediate increase but did not decrease over time. 

This complex interplay of features responses to leaf spot disease at canopy scales, 

operating at different time scales, is why models struggle with cross-temporal 

application. 
In fact, from DAI 6 to DAI 10, scattered lesions were already visible to the naked 

eye while maize was still at the growth stage (tassel). Our results showed that the Cab, 

retrieved by the radiative transfer model, indicates a slight separation of infected and 

healthy canopies. It suggests slightly slower chlorophyll accumulation and limited 

growth rates in the infected areas. In addition, an increase of PRIn in the infected area 

could be driven by physiological changes, likely signifying a slight reduction of 

stomatal aperture compared to the healthy area. The yellow edge region wavelet 

features (WF586,6, WF590,7, and WF590–598,8) as remote sensing proxy sensitive to various 

pigment variations like Cab and Anth. Notably, the ΔWF598,8 time series showed 

differences in DAI 6 between infected and healthy areas, indicating pigment dynamics 

due to plant response to leaf spot disease. These dynamics of features support the idea 

that plants could have reacted physiologically and biochemically to the evolving leaf 

spot infection at the early stages. 
From DAI 12, scattered lesions began extending into contiguous ones as the maize 

entered the reproductive stage (silking). More features began responding to the leaf spot 

disease infection. For instance, the PRIM4, a proxy for short-term changes in 

photosynthetic activity and less sensitivity to structural effects, showed a larger 

reduction in infected than healthy areas. Higher changes of CUR in infected areas than 

in healthy areas could be due to the physiological impacts and changes in chlorophyll 

fluorescence. The PSDN showed a decline in both infected and healthy areas but a more 

pronounced decrease in the infected area, indicating a quicker rate of plant senescence. 

Additionally, blue region wavelet features and red edge region wavelet features 

(WF735,3, WF735,4, and WF735,5) showed notable differences between leaf spot infected 
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and healthy canopies. The blue region is related to pigment degradation, while the red 

edge region is sensitive to chlorophyll concentration and quick photosynthetic rate 

changes (Carter and Knapp, 2001; Hernández-Clemente et al., 2016). 
Contrasting with prior research, our findings provide analytical insight into the 

biophysical and spectral feature responses throughout the progression of leaf spot 

infection. While several of our observations align with prior studies, some findings 

diverge. Interestingly, none of the spectral reflectance features demonstrated significant 

continuous changes in response to the disease over the observation period. However, 

several studies have identified the green, red, and near-infrared spectral regions as 

sensitive to various plant diseases (Bauriegel et al., 2011; Garcia-Ruiz et al., 2013; 

Huang et al., 2012a). Both results seem to contradict but can be explained by the 

susceptibility and instability of spectral reflectance to environmental factors at different 

time scales. To our knowledge, this is the first time that the stability of spectral 

reflectance in disease monitoring under natural conditions has been experimentally 

verified using canopy time-series data. 
Displaying the changes in biophysical parameters, spectral reflectance, VIs, and WFs 

is crucial for understanding the disease dynamics comprehensively. This 

comprehensive understanding is fundamental for improving disease monitoring 

strategies. In practical terms, it is essential to select features that show a consistent 

response to disease for effective monitoring tasks. Specifically, for early-stage disease 

monitoring, features that respond before DAI 10 should be prioritized. For mild-stage 

monitoring, features that respond before DAI 15 should be selected. For severe stage 

monitoring, choosing features that exhibit continuous and stable responses is important. 

4.4.2 Performance of hyperspectral features 
The ranking of feature importance provides insights into the ability of each feature 

to distinguish between healthy and infected areas. The Cab and PRSI consistently stand 

out as the most influential features throughout every stage of infection. Their prominent 

SHAP values underscore their essential role in differentiating between healthy and 

infected maize areas. As infection severity escalates, there is a notable reduction in 

chlorophyll concentration, aligning with patterns of decline observed in other stress 

experiments conducted under controlled conditions (Damm et al., 2022; Hornero et al., 

2021) and field surveys (Camarero et al., 2012). Notable, the importance of PRSI even 

exceeded Cab, reinforcing its utility as a sensitive index to variations in pigment 

composition, including Cab and Car. Additionally, VIs such as NDVI, PRIn, RGI, and 

VARI2 gain increased importance in severe infection, indicating their potential to reflect 

compounded stress impacts on plant physiology as the disease advances. 
The performances of our maize resistance classification models demonstrated both 

complementarity and redundancy among the biophysical parameters and spectral 

features. These diverse spectral features exhibited complementary information at the 

early stages of disease infection, improving accuracy when integrated. Specifically, 

models incorporating Cab, VIs, and WFs outperformed models that solely relied on 

spectral features or VIs, with a maximum OA difference of 9.36%. This finding 
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highlighted the added value of integrating different types of features during the early 

disease stages (Poblete et al., 2021; Zarco-Tejada et al., 2018). However, as the disease 

progressed, the complementarity of these features gradually diminished, indicating a 

redundancy of information at the mild and initial severe disease stages. This observation 

aligns with previous studies that have reported that a reduced set of selected features 

can achieve optimal results in disease classification models (Poblete et al., 2020; Wang 

et al., 2019). 
Our study provided a novel explanation for this contradiction. The complementary 

advantages of multiple features are effective for monitoring challenges during the early 

stages of disease classification and the latter part of the severe stage when disease 

intersects with crop senescence. As the disease becomes more distinguishable at the 

mild and initial severe stages, the classification difficulty decreases, leading to the 

emergence of redundant properties among the different features. This understanding of 

the contradictory nature of the influence of multiple features on disease classification 

models contributes to further research.  
In addition, the performance of classification models showed inconsistency. At the 

early stages of the disease (DAI 12), the models performed very well in identifying the 

resistant genotypes, but they struggled to correctly identify susceptible genotypes, 

resulting in high precision and lower recall. This is because the susceptible genotype 

showed weak symptoms, making it easy to misclassify as resistant. Conversely, in the 

severe stages of the disease (DAI 37), the models exhibited high recall but lower 

precision. This indicates that while the models could successfully identify susceptible 

genotypes, they mistakenly classified some resistant genotypes as susceptible. This is 

because the susceptible genotype undergoes accelerated senescence as maize was in the 

mid-milk stage, making it easier to identify with high recall. Meanwhile, resistant 

genotypes also showed signs of senescence and were easily misclassified as susceptible, 

leading to lower precision.  

4.4.3 Limitations of this study  
The findings of this study, substantiated by numerous field experiments, leave open 

questions regarding their applicability to other maize leaf diseases. However, maize is 

also susceptible to other foliar diseases such as rust, blight, and anthracnose. The 

potential applicability of our findings to these additional diseases has not been studied 

and necessitates further research. Additionally, the specificity of the identified features 

in distinguishing between different diseases must be confirmed in future studies. 
The mismatch between field survey data and remote sensing data has always been a 

source of uncertainty in disease monitoring. To address this, multi-scale analysis should 

be employed to analyze the disconnect between various scales and explore the factors 

causing this disconnect. Moreover, the current methodology of evaluating maize 

resistance through subjective assessment by researchers introduces potential biases. To 

address this, future work should consider the adoption of automated image analysis 

algorithms. Such technological advancements promise a more objective and practical 

approach to quantifying disease impact on leaf tissue, substantially diminishing 
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subjectivity and bolstering the efficacy of monitoring processes for crop resistance. 

4.5 Conclusion 
Hyperspectral technology provides diverse avenues to explore plant-pathogen 

relationships on large scales, yet the complexity of leaf spot-associated plant responses 

remains a significant problem. This study develops a systematic approach for 

identifying hyperspectral features sensitive to leaf spot disease. Our experimental 

results illustrate that temporal response analysis enables the analysis of inherent spectral 

characteristics of plants and pathogens. We conclude that canopy-derived Cab, PRIn, 

and PRSI are significant features at all leaf spot disease infection stages. The 

effectiveness of our classification models highlights the complementary information 

from biophysical and spectral-based features during the early and severe disease 

infection stages, suggesting the information redundancy at the mild and initial severe 

stages of disease infection. This conflict was confirmed for the first time through 

continuous observation data collection. Our research methodology and the important 

features derived from this study could guide other disease monitoring research. 

4.6 Supplementary information 

Additional tables and figures supporting this chapter are available online. They can 

be accessed via the QR code or at the following URL: PhD-thesis/chapter4-CEA-

Supplymentary.pdf at main · Briya1990/PhD-thesis 
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  Abstract 

Accurate and efficient monitoring of crop diseases, such as maize leaf spot, is crucial 

for both maize breeding and precision agriculture. While UAV-based hyperspectral 

sensors and advanced machine learning models offer high-throughput solutions, these 

models often suffer from limited generalizability in practical applications. To overcome 

this challenge, we propose a novel approach—physical model-guided deep learning 

(PGDL)—which leverages the knowledge gained from radiative transfer model 

simulations and improves the generalization of monitoring maize leaf spot from UAV-

collected hyperspectral data. We tested three simulation methods: canopy spectrum 

simulations with evenly spaced chlorophyll contents (SIM #1), measured leaf disease 

spectra (SIM #2), and mixed endmember spectra (SIM #3). The results showed that 

SIM #2 and SIM #3, which combine real leaf disease spectral data, achieved better 

performance (R² = 0.99 for SIM #2, R² values range from 0.97 to 0.98 for SIM #3) 

across all disease infection levels in the consistency analysis between simulated and 

UAV spectra. Correlation analysis further supported this consistency, showing that both 

SIM #2 and SIM #3 aligned with UAV spectra in the visible wavelength range (400–

700 nm) and demonstrated a positive correlation (r >0) with DI. We then tested PGDL, 

physically based methods (using SIM #2 and SIM #3), and data-driven models for DI 

retrieval across four disease stages: early, mild, moderate, and severe. While all models 

performed worst in the early disease stage, the PGDL approach demonstrated superior 

and more stable accuracy in that stage. Models pre-trained on SIM #2 achieved the 

highest performance in the early stage (R² = 0.76 for 2021; R² = 0.70 for 2023), 

followed by SIM #3 (R² = 0.73 for 2021; R² = 0.63 for 2023). This study highlights the 

potential of integrating multi-source spectral data into PGDL models, offering a 

promising approach for disease monitoring and improving early disease detection 

capabilities. 
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5.1 Introduction 

Maize leaf spot disease poses significant threats to maize yield and quality, making 

effective monitoring crucial for sustainable agriculture (Dhami et al., 2015b). Accurate 

assessment of disease severity is essential for timely intervention, which is critical for 

managing disease outbreaks. Traditionally, disease severity is quantified using a metric 

known as the disease index (DI), which reflects the percentage of symptomatic area on 

a leaf or plant and is commonly assessed through expert visual inspection (Bock et al., 

2010). However, this method is labor-intensive, subjective, and difficult to scale. These 

limitations highlight the need for more advanced, scalable solutions, such as remote 

sensing technologies (Zarco-Tejada et al., 2018). 
Hyperspectral imaging, a key remote sensing technique, offers a promising 

alternative for crop disease monitoring. Hyperspectral sensors capture a broad spectrum 

of electromagnetic wavelengths, providing detailed information that can distinguish 

healthy from diseased plant tissues (Bai and Jin, 2024). For instance, hyperspectral data 

has been used to detect subtle physiological changes that precede visible disease 

symptoms (Zarco-Tejada et al., 2018) and uncouple biotic/abiotic-induced symptoms 

(Zarco-Tejada et al., 2021). The rich spectral information from these sensors can 

effectively reveal pathogen-induced physiological alterations, which are often 

undetectable through traditional visual inspection. 
Traditional machine learning (ML) algorithms, such as support vector machines 

(SVM) and random forests (RF), have been widely used for hyperspectral disease 

classification. These methods have shown success in identifying diseases like wheat 

powdery mildew (Feng et al., 2022b), rice leaf blast (Tian et al., 2021), and corn rust 

(Meng et al., 2020). However, these traditional ML approaches rely heavily on hand-

crafted features such as vegetation indices, wavelet features, and texture features 

(Poblete et al., 2020; Tian et al., 2021; Xuan et al., 2022). While these features are 

interpretable, their development is time-consuming, and they may not fully capture the 

complexity of the original hyperspectral data (Reichstein et al., 2019). 
Deep learning (DL) has emerged as a more powerful alternative, capable of 

automatically extracting both spatial and spectral features for disease monitoring. For 

example, Guo et al. (2024) developed a dual-branch selective attention capsule network 

that separately extracts spectral and spatial features to classify kiwifruit soft rot. Using 

data acquired in a controlled laboratory setting, the model achieved an overall accuracy 

of 97.08%. Nguyen et al. (2021) used a 3D convolutional neural network (3D-CNN) to 

exploit joint spatial-spectral features for early detection of grapevine viral disease at the 

plant level. While DL models can effectively extract features, they often struggle to 

generalize across different crops or environmental conditions (Osco et al., 2021; Sun et 

al., 2021a). This lack of generalization hampers their large-scale adoption, as models 

trained on one crop or in a specific environment may fail to maintain similar accuracy 

elsewhere. 
A promising new approach, combining physical process-based models with DL, has 
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recently been proposed. This method leverages knowledge from physical models to 

enhance DL’s ability to solve target tasks (Reichstein et al., 2019). The process involves 

three main steps: (1) generating a high-quality simulation dataset using physical 

models—such as radiative transfer models (RTMs)—to capture essential spectral–

physiological relationships; (2) pre-training a DL model on these simulations so that it 

learns fundamental patterns derived from physically consistent data; and (3) 

transferring this pre-trained model to real-world field data, allowing it to adapt and 

improve its performance under actual conditions. This method has been successfully 

applied in estimating various agricultural variables, such as nitrogen content (Wang et 

al., 2023b), fractional vegetation cover (Yu et al., 2022), leaf area index (Sun et al., 

2021a), and leaf chlorophyll content (Cab) (Bhadra et al., 2024; Chen et al., 2022b), 

which are directly involved in the RTMs. However, directly applying this strategy to 

disease monitoring remains difficult because leaf diseases lead to complex changes in 

multiple variables, such as Cab, nitrogen content, and leaf area index, making it 

challenging to simulate different disease severities using RTMs alone.  
To address this challenge, this study aims to develop an effective simulation method 

based on RTMs and use them to drive a physical model-guided deep learning (PGDL) 

approach for monitoring maize leaf spot. Specifically, the objectives of this study are 

to: (1) develop spectrum simulation methods and evaluate their accuracy by comparing 

simulated spectra with those collected from UAV hyperspectral data; (2) compare the 

performance of different models, including physically-based methods, data-driven 

methods, and PGDL, in regressing DI across different datasets; and (3) interpret the 

hyperspectral features that contribute to accurate DI quantification for maize leaf spot 

monitoring. 

5.2 Materials and methods 

5.2.1 Study area and data collection 

5.2.1.1 Experimental design 
This study was conducted in Xinxiang City (35.30° N, 113.93° E), Henan Province 

on the North Henan Plain (Yubei Plain) of China. Maize is the primary crop cultivated 

in this region. The region experiences a warm temperate continental monsoon climate. 

This climate is marked by hot, rainy summers that create favorable conditions for maize 

leaf spot occurrence and diffusion.  
The experiments were carried out in 2021 and 2023 (Fig. 5.1). In 2021, the 

experimental field had 492 plots in total. Each plot measured 1.25 × 1.8 m and 

contained a single maize genotype. In each plot, 24 maize plants were planted in 4 rows 

with 60 cm row spacing and 22.5 cm plant spacing. The maize seeds were sowed on 

May 30, 2021. A total of 246 genotypes with two pathogen treatments were tested. To 

promote disease occurrence, plots in treatment 1 were inoculated with Bipolaris maydis 

(cause southern leaf blight), and those in treatment 2 with Curvularia lunata 

(Curvularia leaf spot), two widely distributed pathogens in China. The inoculation was 
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produced on the evening of August 2, during the big trumpet period of maize. The 

inoculation followed the technical specification on evaluation of maize resistance to 

pests-part 10: Curvularia leaf spot (NY/T 1248.10-2016). A water-dispersible granule 

formulation was prepared at a concentration of 1×105 spores per milliliter and applied 

using a hand sprayer.

Fig. 5.1. Overview of field experiments. The experimental field on the left was 

conducted in 2021, while the one on the right was conducted in 2023. Plot boundaries 

are outlined with yellow polygons, and the yellow numbers indicate plot identifiers. 

Below each plot, a false-color composite of the hyperspectral orthomosaic is displayed 

(red: 852.12 nm; green: 649.01 nm; blue: 552.08 nm), acquired on 27 August 2021 and 

29 August 2023, respectively.

In 2023, two independent repeats (repeat 1 and repeat 2) were arranged, each 

consisting of three rows of plots containing the same set of 20 maize genotypes. Each 

plot measured 4 × 4.8 m and contained a single genotype. Plots of the same genotype 

were labeled with suffixes “–1”, “–2”, and “–3” to distinguish treatment types (Fig. 5.1). 

In repeat 1, plots ending with “–1” were inoculated with Curvularia lunata, “–2” with 

Bipolaris maydis, and “–3” remained uninoculated. The treatment order was rotated in 

repeat 2 to minimize cross-contamination (“–3”: Curvularia lunata; “–2”: Bipolaris 

maydis; “–1”: uninoculated). The inoculation with the bacterial leaf spot solution 

followed the same procedure as in 2021, conducted on the evening of August 16, during 

the big trumpet period of maize. 

Both experimental years maintained a consistent planting density at approximately 

75,000 plants per hectare. Field management practices, including fertilization and 

irrigation, were carried out according to recommendations from local agricultural 

experts to ensure balanced water and nutrient levels (Xu et al., 2017). These practices 

were designed to minimize potential influences on disease development, ensuring 

uniformity across both experimental years.

5.2.1.2 Field surveys
Field surveys were conducted following the onset of infection to calculate the DI for 

each plot and monitor the progression of maize leaf spot (Fig. 5.2). The survey dates 

are listed in Table 5.1.
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Fig. 5.2. Flow chart of field survey. Note: Sᵢ = the degree of disease severity (0, 1, 3, 

5, 7, 9 for lesion coverage of 0%, 1%–5%, 6%–25%, 26%–50%, 51%–75%, 76%–

100%); Smax = 9; i = the degree of disease severity; Xᵢ = number of leaves in class i. 
DI reflects the percentage of leaf area affected by leaf spot symptoms and serves as 

a quantitative measure of disease severity. The DI calculation consisted of three main 

steps: sample collection, leaf DI (DIL) assessment, and canopy-level DI estimation. In 

the sample collection phase, 3 maize plants per plot were randomly selected in 2021, 

and 5 plants per plot in 2023, due to the larger plot sizes in 2023. From each selected 

plant, three leaves were collected, specifically the leaf above the ear, the ear leaf, and 

the leaf below the ear. Leaf images were captured on-site for further analysis. Leaf 

disease severity was evaluated by three expert assessors, who estimated the proportion 

of each leaf surface covered by lesions based on the images. This proportion was 

recorded as the DIL. Based on the DIL, the plot-level DI was calculated using (1). 

( ) ( )max
0 0

/ 100
n n

i i i
i i

DI X S X S
= =

=    
 

(1) 

Where, Sᵢ represents the degree of disease severity, taking values of 0, 1, 3, 5, 7, and 

9, which correspond to lesion coverage ranges of 0%, 1%–5%, 6%–25%, 26%–50%, 

51%–75%, and 76%–100%, respectively; and Smax is the highest degree of disease 

severity, which in this study is 9; i denotes the degree of disease severity (0–n); Xᵢ is the 

number of leaves assigned to severity class i. 
To evaluate model performance across the disease progression, we categorized the 

infection process into four stages based on lesion characteristics and the condition of 

the majority of leaves (more than 50% of leaves per plot). The early stage was 

characterized by scattered small lesions and occurred within 18 days after infection 

(DAI). The mild stage involved the appearance of two or more connected linear lesions, 

typically between DAI 19 and 26. The moderate stage was defined by three or more 
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connected planar lesions, observed between DAI 27 and 34. Finally, the severe stage 

was identified when more than 50% of the leaf area was affected, generally occurring 

after DAI 34. 

5.2.1.3 Hyperspectral images collection and preprocessing 
Hyperspectral imagery was collected on the same dates as the field survey (Table 5.1) 

to ensure consistency between the imagery and field observations. Hyperspectral 

images were captured using a Pika L hyperspectral camera (Resonon, Bozeman, MT, 

USA), mounted on a Matrice 600 Pro Hexacopter UAV (DJI, Shenzhen, China). The 

UAV was equipped with an onboard RTK-GNSS unit for centimeter-level navigation 

accuracy. Images were taken at an altitude of 50 m with a speed of 1.5 m/s, and all 

flights conducted between 10:00 and 14:00 to minimize the influence of sun angle. 
The hyperspectral sensor has 150 spectral bands ranging from 400 to 1000 nm, with 

a spectral resolution of 2.1 nm (with two adjacent bands combined into one) and a full 

width at half maximum (FWHM) of 3.3 nm. The sensor’s 17 mm optical focal length 

provided an instantaneous field of view (IFOV) of 1.47 mrad and a field of view (FOV) 

of 30.8°, resulting in a spatial resolution of approximately 0.5 cm.  
Raw hyperspectral images were initially converted to radiance by applying the 

instrument’s radiometric calibration file using SpectrononPro (Resonon, Bozeman, MT, 

USA). This calibration process applied a pixel-specific gain cube and an automatically 

selected offset (dark noise) cube to correct for instrument response. Specifically, 

radiometric calibration was performed using (2): 
( )Radiance RawData offset gain= −   (2) 

where the gain and offset were derived from the .icp calibration file provided by the 

manufacturer. 
Data cubes captured along the same flight path were then merged into a single linear 

cube based on each flight line. These linear cubes were georeferenced in ArcGIS 10.2 

(Esri, Redlands, CA, USA) and co-registered using high-resolution RGB images 

acquired simultaneously, incorporating ground control points to ensure precise spatial 

alignment. Radiometric calibration was subsequently performed in ENVI 5.3 (ITT 

Visual Information Solutions, Boulder, USA) using a 60% reflectance gray reference 

panel placed in the field. The panel was placed on a flat and open surface in the field 

and included in each flight mission to correct for ambient lighting conditions. The 

calibrated linear cubes were merged into a seamless mosaic of the study area. Zonal 

statistics were then extracted for each plot boundary using the “Zonal Statistics as Table” 

tool within ENVI 5.3, providing plot-level reflectance data. 
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Table 5.1 Experiment data acquisition time 

Year Infection 

date 
Field survey and hyperspectral image 

acquisition (days after infection, DAI) 

2021 2 August 

Early: DAI 18; 
Mild: DAI 25; 
Moderate: DAI 31; 
Severe: DAI 37  

2023 16 August 

Early: DAI 13, DAI 16; 
Mild: DAI 20, DAI 24;  
Moderate: DAI 27, DAI 31; 
Severe: DAI 37, DAI 40 

5.2.2 PGDL framework 
Our PGDL framework (Fig. 5.3) consists of three main stages. First, we generated a 

large synthetic spectral dataset using RTMs by simulating diverse combinations of 

maize biophysical and biochemical variables, as described in Section 5.2.3. Second, we 

pre-trained a DL model on the simulated data, using spectral features as inputs and 

either the DI or a closely related biochemical variable (Cab) as the output. This process 

enabled the model to learn generalizable domain-specific knowledge encoded in the 

RTM. The structure of the DL model is further detailed in Section 5.2.4.2. Finally, we 

applied transfer learning by fine-tuning the pre-trained model on observed UAV-based 

hyperspectral data to estimate DI under real-world conditions. 
Transfer learning is a ML approach that reuses a model trained on one domain (source) 

to improve performance on another (target), particularly when labeled data in the target 

domain is limited (Pan and Yang, 2010). It encompasses several types: inductive, 

transductive, and unsupervised transfer learning (Zhuang et al., 2020). Inductive 

transfer uses the pre-trained model as a feature extractor; transductive fine-tunes the 

model on a small labeled dataset from the target domain; and unsupervised transfer 

adapts the model without using labeled target data. Our approach follows the 

transductive transfer learning paradigm. In this case, both the source and target 

domains—RTM-simulated and UAV-observed hyperspectral data, respectively—share 

the same spectral feature space. Thus, our transfer learning setup is straightforward and 

falls under the category of fine-tuning transfer learning [24], where knowledge from 

the large, labeled simulation dataset is transferred to enhance model performance on 

the smaller, labeled UAV dataset.  
5.2.3 RTM simulation 

RTM simulations were employed to support both the physically based DI retrieval 

and the development of the PGDL framework. Given that UAV hyperspectral data were 

collected at the canopy scale, the simulations were also designed at this scale to ensure 

compatibility. To simulate canopy-level reflectance, we combined leaf RTM and 

canopy RTM. The leaf RTM accounts for chemical and structural characteristics such 

as pigment concentration and leaf thickness (Stuckens et al., 2009), while the canopy 

RTM describes how canopy reflectance is influenced by wavelength, leaf and soil 

optical properties, 3D canopy structure, and illumination and viewing geometry (Qi et 

al., 2023). Since DI is not a direct input variable in RTMs, we employed two strategies 
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to simulate canopies at different stages of disease severity. The first strategy replaced 

DI with biophysical parameters (e.g., Cab) that are directly modeled in RTMs and 

correlated with disease progression. The second strategy used field-measured leaf 

spectra corresponding to different DI levels as inputs to the canopy RTM, allowing us 

to simulate disease-specific canopy reflectance. Specifically, we designed three 

simulation approaches (Fig. 5.3a, Table 5.2) to span a range of disease conditions: 

simulations based on evenly spaced Cab (SIM #1), measured leaf disease spectra (SIM 

#2), and mixed endmember spectra (SIM #3). The simulations utilized two physical 

models: the leaf RTM, PROSPECT-D (Féret et al., 2017), and the canopy RTM, LESS 

(Qi et al., 2019). The PROSPECT-D simulates leaf spectral reflectance under varying 

pigment content, while LESS uses leaf reflectance as input to model canopy spectral 

reflectance, incorporating factors like planting spacing, 3D plant structure (object 

properties), solar zenith, and azimuth angles. The model input parameters were 

estimated using leaf optical property datasets (Peters and Noble, 2024), findings from 

prior studies (Nie et al., 2023), and the experimental settings of this study, to capture 

the range of variability observed in real-world maize fields. Model inputs are 

summarized in Table 5.3, Table S5.1 and Table S5.2. 

 
Fig. 5.3. PGDL framework. (a) Three canopy-scale RTM simulation strategies. (b) 

Simulated spectral reflectance curves generated using the three RTM strategies. (c) 

Field-acquired hyperspectral data and corresponding disease severity assessments 

used to build and validate practical models, and (d) PGDL training pipeline, consisting 

of two phases: model pre-training using simulations and fine-tuning via transfer 

learning with field data. Note: RTM: radiative transfer model, Cab: chlorophyll content, 

Car: carotenoid content, Anth: anthocyanin content, Cm: dry matter content, N: leaf 

structural parameter, Cw: equivalent water thickness, PPI: pixel purity index. 
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Table 5.2 Details of simulation methods. 

Method 

Name Input RTM 

Model Output Advantages Disadvantages 

SIM #1 
Leaf 

chlorophyll 

content (Cab) 

PROSPECT

-D + LESS 
Canopy spectra 

with varying Cab 
No measured data 

required 

Conceptual Bias: 

Cab ≠ disease 
index (DI) 

SIM #2 
Measured leaf 

spectra with 

varying DI 
LESS Canopy spectra 

with varying DI 

Closer to real 

data, lower 

cumulative error 

Large data 

workload 

SIM #3 

Endmember 

spectra 

identified from 

hyperspectral 

leaf images 

LESS Canopy spectra 

with varying DI 
Smaller data 

workload 

Overly idealized 

simulation 

results 

Table 5.3 The inputs of PROSPECT-D and LESS 

Model Variable Unit Acronym Range Step Number 

of Values 

PROSPECT-D Chlorophyll 

content 
μg/cm

² Cab 15–70 2 28 

LESS 

Plant spacing m PS 0.2–0.55 0.05 8 
Sun Zenith ° SZ 26–38 2 7 
Sun Azimuth ° SA 124–253 2 65 

Object - - 

Two 

different 

maize 

plants 

- 

2 

Note: To eliminate the influence of factors such as observation angle, spectral 

resolution, and plot size, we fixed other parameters in the PROSPECT-D and LESS 

models. The fixed inputs are detailed in Table S5.1 and Table S5.2 of the supplemental 

information. 

5.2.3.1 SIM #1: simulations based on Cab 
In SIM #1, Cab was used as a proxy for DI, as reduced chlorophyll levels are often 

associated with crop disease severity (Wang et al., 2023a; Zarco-Tejada et al., 2018). 

Combining PROSPECT-D and LESS, we simulated canopy reflectance spectra by 

varying Cab. The other inputs of PROSPECT-D were fixed. The range of PROSPECT-

D variables considered for our study was based on the measurements for maize in the 

literature. The LESS variables were based on observations from Xinxiang on August 1, 

2021, between 10:00 and 14:00 and local agricultural practices. The inputs are detailed 

in Table 5.3. A total of 203,840 canopy-level spectra were generated by combining all 

parameter permutations: 28 Cab levels, 8 plant spacing configurations, 7 solar zenith 

angles, 65 solar azimuth angles, and 2 maize plant types. 
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5.2.3.2 SIM #2: simulations based on measured spectra from diseased leaves 
In SIM #2, canopy reflectance was simulated using the LESS model alone, with leaf-

level reflectance spectra as inputs. These spectra were collected using an ASD Field 

Spec PRO 4 (Analytical Spectral Devices, Inc., Boulder, CO, USA) equipped with a 

leaf clip. Measurements were taken from maize leaves infected with leaf spot disease 

during the 2021 field experiment at multiple time points (DAI 2, 10, 17, 26, 30, and 37). 

A fixed leaf was selected for measurement from the second column (counting west to 

east) of each replicate plot at each time point. In total, 82 infected leaves were sampled, 

with reflectance measured at three points on the adaxial surface (1/3, 1/2, and 2/3 of the 

distance from the maize leaf sheath). The average reflectance value from these three 

measurements was used to minimize the effects of local variability and random 

measurement errors. 
Concurrently, the percentage of the leaf surface covered by leaf spots was recorded 

as the DIL following the field survey workflow. To reduce human error in DIL, we 

categorized leaf spot severity in 10% increments, resulting in 11 discrete DIL levels (i.e., 

0, 10%, 20%, ..., 100%). For each DIL category, the averaged spectra were used as input 

for the LESS model. The other LESS model inputs are consistent with SIM #1. A total 

of 80,080 canopy reflectance spectra were simulated by combining 11 DIL levels, 8 

plant spacing configurations, 5 solar zenith angles, 44 solar azimuth angles, and 2 maize 

plant types. 

5.2.3.3 SIM #3: simulations based on mixed endmember spectra 
In SIM #3, canopy reflectance was again simulated using the LESS model, but with 

synthetic leaf-level spectra generated through linear mixing of healthy and diseased 

endmember spectra. To obtain these pure endmembers, hyperspectral images of 

infected maize leaves were collected under controlled laboratory conditions. The 

process consisted of three main steps: hyperspectral image collection, endmember 

extraction, and mixed spectra generation. 
Hyperspectral image collection. Hyperspectral images were acquired from maize 

leaves exhibiting visible leaf spot symptoms during the 2023 field experiment at DAI 

31. Three infected leaves were excised in the field and imaged on the same day. Imaging 

was performed using an indoor hyperspectral imaging system (Pika L, Resonon, 

Bozeman, USA) and processed with SpectrononPro software (Resonon, Bozeman, 

USA). The sensor’s spectral characteristics matched those of the UAV-mounted sensor. 

Images were taken at a distance of 0.5 m from the leaf, with a reference panel (100% 

reflectance) placed nearby for spectrum calibration. The spatial resolution of the images 

was 0.5 mm per pixel. A halogen lamp illuminated the sample at a 45° incident angle, 

and a 100% diffuse reflectance reference panel was placed horizontally at the same 

distance from the sensor to estimate incoming irradiance. Reflectance for each pixel 

and band was calculated as the ratio of the target signal to that of the reference panel.  
Endmember extraction: Endmember extraction was used to isolate spectrally pure 

pixels representing healthy and diseased tissues. Endmember spectra were extracted 
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from the collected hyperspectral images using ENVI’s Endmember Extraction Tool, 

applying the pixel purity index (PPI) method (Ex, 2009). The PPI was run with 100 

iterations and a threshold factor of 1. Pixels located at the vertices of the spectral data 

cloud were selected as candidate endmembers, resulting in the identification of 

approximately six spectral endmembers. These candidates correspond to pixels that 

may represent healthy and diseased tissues, leaf veins, leaf edges, or other spectral 

extremes. To determine the healthy and diseased endmembers, we used leaf spectra 

with DIL values of 0% and 100% (from SIM #2) as reference spectra. Spectral similarity 

between the extracted endmembers and the reference spectra was quantified using the 

spectral angle mapper algorithm (Kruse et al., 1993). The endmembers with the smallest 

spectral angle relative to the healthy and diseased reference spectra were selected as the 

final inputs representing healthy and diseased leaf, respectively. The mean spectra from 

the three sampled leaves were used as the representative healthy and diseased 

endmember spectra for further calculation. 
Mixed spectra generation: Mixed spectra for different DIL levels were generated 

by linearly combining the healthy and diseased endmember spectra with (3). 

( )1mix L d L hR DI R DI R=  + −   (3) 

where, Rd and Rh are the endmember spectra for diseased and healthy leaf pixels, 

respectively. A total of 101 mixed spectra (Rmix) were generated, covering DIL levels 

from 0% to 100% in 1% increments. Other inputs for the LESS model are consistent 

with SIM #1. In total, 735,280 canopy reflectance spectra were generated by combining 

101 Rmix spectra, 8 plant spacing configurations, 5 solar zenith angles, 44 solar azimuth 

angles, and 2 maize plant types. In these simulations, DIL corresponds directly to the 

DI, as each leaf in the maize plant has a consistent DIL value. 

5.2.3.4 Spectral consistency and correlation analysis 
To evaluate the feasibility of using simulated reflectance data for maize leaf spot 

monitoring, we conducted a consistency analysis. Specifically, we compared canopy 

reflectance spectra generated from the three simulation methods (SIM #1, SIM #2, and 

SIM #3) with UAV-based hyperspectral observations. The comparison focused on four 

representative DI levels: 0%, 30%, 50%, and 70%. 
For UAV data, canopy reflectance spectra were averaged from field plots with DI 

values within ±5% of the target levels. Simulated spectra were selected under 

conditions that closely matched the field experiment setup, including plant spacing 

(0.20 m), solar zenith angle (29°), and solar azimuth angle (166°). For SIM #1, canopy 

spectra were simulated using Cab values of 15, 25, 35, and 45 μg/cm², corresponding to 

the DI levels, following the approach in Wang et al. (2023a). 
We then performed linear regression analysis between the simulated and UAV-

derived spectra for each DI level. Model performance was evaluated using the 

coefficient of determination (R²), root mean square error (RMSE), relative RMSE 

(rRMSE), slope, and intercept. In this study, rRMSE was defined as RMSE normalized 

by the mean of the DI values from field survey. 
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To further evaluate the potential of integrating simulated and UAV spectra for DI 

monitoring, Pearson’s correlation coefficients were computed between reflectance 

values and corresponding disease indicators. For UAV data, the ground-truth DI from 

field surveys was used. For SIM #2 and SIM #3, the DI was derived directly from the 

simulated leaf-level spectral input. In the case of SIM #1, Cab concentration served as a 

proxy for DI. 
5.2.4 Modeling methods for DI retrieval 

Three strategies were employed to monitor maize leaf spot: physically-based 

methods (Section 5.2.4.1), data-driven methods (Section 5.2.4.2), and the PGDL 

approach (Section 5.2.2). To minimize noise in the raw reflectance data, we selected 

features sensitive to maize leaf spot as model inputs. These features were identified 

through a controlled time-series field experiment that characterized the temporal 

dynamics of spectral responses over a 30-day period following maize leaf spot infection. 

The selected features consistently responded to infection severity and passed 

collinearity diagnostics. Detailed methodology and feature selection criteria are 

described in (Bai et al., 2024a). A list of these features is presented in Table 5.4. 

5.2.4.1 Physically-based method 
We employed a numerical optimization method to estimate the DI from UAV-based 

hyperspectral data using features derived from physically simulated spectra. This 

method follows the workflow described by van der Tol et al. (2016). It works by 

iteratively adjusting model parameters to minimize a cost function that compares 

simulated and measured reflectance. Here, we used the Python function least_squares 

(from scipy.optimize) to minimize the difference between simulated and observed UAV 

hyperspectral spectra. The optimization process was stopped when the relative change 

in the cost function fell below 10⁻³ (controlled by the ftol parameter). DI retrieval was 

performed using the SIM #2 and SIM #3 simulation datasets, as they establish a 

correspondence between spectral features and DI. To minimize uncertainties in disease 

monitoring, only simulation data with solar zenith and azimuth angles within 5° of the 

UAV data were considered. Plant spacing was fixed at 0.20 m, consistent with field 

experimental conditions. In total, 550 simulated spectra in SIM #2 (11 DIL levels, 5 

solar zenith angles, 5 solar azimuth angles, and 2 maize plant types) and 5050 simulated 

spectra in SIM #3 (101 Rmix spectra, 5 solar zenith angles, 5 solar azimuth angles, and 

2 maize plant types) were used. 
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Table 5.4 Features used in modeling. 

Feature Abbreviation Formula 
Response time 

to maize leaf 

spot 
Reference 

NDVI Normalized Difference 

Vegetation Index 
(R800−R670)/(R800

+R670) 
DAI 15 Rouse et al. (1974) 

PSRI Plant Senescence 

Reflectance Index (R680−R500)/R750 DAI 12 Merzlyak et al. 

(1999) 

PRIn 
Normalized 

Photosynthetic 

Reflectance Index 

PRI570/[RDVI×(R

700/R670)], Where 

RDVI=(R800−R670

)/(R800+R670)1/2 

DAI 8 Zarco-Tejada et al. 

(2013) 

RGI Relative Greenness 

Index R690/R550 DAI 12 Zarco-Tejada et al. 

(2005) 

VARI2 Visible Atmospherically 

Resistant Index 2 
(R560−R668)/(R560+

R668−R475) 
DAI 12 Gitelson et al. 

(2001) 

WF494,5 
Wavelet Feature at 494 

nm with a Scale of 5 -- DAI 22 Cheng et al. (2010) 

WF461,6 
Wavelet Feature at 461 

nm with a Scale of 6 -- DAI 12 Cheng et al. (2010) 

WF469,7 
Wavelet Feature at 469 

nm with a Scale of 7 -- DAI 12 Cheng et al. (2010) 

WF548,8 
Wavelet Feature at 548 

nm with a Scale of 8 -- DAI 22 Cheng et al. (2010) 

WF590,8 
Wavelet Feature at 590 

nm with a Scale of 8 -- DAI 6 Cheng et al. (2010) 

5.2.4.2 Data-driven method 
For the data-driven method, we tested an ML model—gradient boosting decision 

trees (GBDT)—as well as three DL architectures: multilayer perceptron (MLP), long 

short-term memory (LSTM), and gated recurrent unit (GRU) networks. 
GBDT is an ensemble learning method that builds a sequence of decision trees, where 

each successive tree corrects the residual errors of the previous one. This model was 

selected due to its demonstrated effectiveness in maize leaf spot monitoring, having 

outperformed RF and support vector regression (SVR) in a previous study by Bai et al. 

(2024b). 
All DL models adopted a shared architecture consisting of three components: a core 

neural network (MLP, LSTM, or GRU), an attention layer, and a final regression layer. 

First, normalized hyperspectral features were processed by the core network. The 

resulting outputs were passed to the attention layer, which computed feature-level 

attention weights to indicate importance. The outputs from both the core unit and the 

attention layer were concatenated and input into a fully connected regression layer to 

predict DI. This architecture was also used in the PGDL framework. 
MLP is a basic network composed of multiple layers of artificial neurons. Given that 

the spectral input data consisted of 10 features, the MLP architecture in this study was 
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designed with three hidden dense layers containing 10, 40, and 80 neurons, respectively. 

Each layer employed a Rectified Linear Unit (ReLU) activation function to introduce 

nonlinearity.

The LSTM unit is capable of learning long-term dependencies by maintaining an 

internal memory of past inputs, making it well-suited for handling the temporal patterns 

present in hyperspectral data. An LSTM unit uses three gating mechanisms—input gate, 

forget gate, and output gate—to regulate the flow of information through the network. 

These gates determine which information is added to, removed from, or passed through 

the memory cell at each time step. Specifically: The input gate (it) controls how much 

new information is written to the cell state, the forget gate (ft) decides how much of the 

previous cell state should be retained, and the output gate (ot) determines how much of 

the cell state is exposed to the output. The LSTM equations governing these gates and 

the cell state update are defined in (4)-(8):

 ( )1,t i t t ii W h x b −=  + (input gate) (4)

 ( )1,t f t t ff W h x b −=  + (forget gate) (5)

 ( )1,t o t t oo W h x b −= + (output gate) (6)

 ( )1 1* *tanh ,t t t t C t t CC f C i W h x b− −= +  + (7)

( )*tanht t th o C= (8)

Here, ݐݔ, ht and ܿݐ represent the input, hidden state, and cell state at time step ݐ, 

respectively. ܹ and ܾ denote the learnable weights and biases for each gate. The 

sigmoid (ߪ) and hyperbolic tangent (tanh) functions introduce nonlinearity and ensure 

gated control over information flow. 

The GRU unit, designed for sequential data, includes an update gate and a reset gate. 

The update gate focuses on integrating new information into the hidden layer, while the 

reset gate disregards less important information. The formulas are given as in (9)-(12):

 ( )1, −= t z t tz W h x (Update gate) (9)

 ( )1, −= t r t tr W h x (Reset gate) (10)

 ( )1tanh * ,−= (tanh * ,(tanh * ,(= tanh * ,= tanh * ,(tanh * ,(= (tanh * ,(
t t t th W r h x (New 

memory cell)
(11)

( ) 11 * *−= − + 
t t t t th z h z h (12)

where, ht-1 represents the output from the previous time step, xt is the current input, 

[ ] denotes concatenation, Wz, Wr, and W represent the learning weights for the update 

gate, reset gate, and new memory cell, respectively, σ and tanh are sigmoid and tanh 

activation functions, respectively, while ththhh represents the output of the new memory 

cell, and ht denotes the output at the current time step.

The attention mechanism assigns importance weights to each feature, enhancing the 

model’s ability to focus on relevant spectral features for DI prediction (Vaswani, 2017). 

The attention weights are computed in (13)-(15):
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( )=j je score h  (13) 

( )
( )j

1

exp
SoftMax( )

exp
 

=

=   =
 x

j

T i
i

e
e

e  
(14) 

1


=
= xT i

ii
C h  (15) 

where, hi represents the input feature, while ei and ej denote the scores for each feature. 

The mapping function (score) used is a linear function. α represents the attention weight, 

and e denotes the total feature scores. The SoftMax function is applied, where exp refers 

to the exponential function. Tx is the total number of features. Finally, C represents the 

weighted sum of the features. 

5.2.4.3 Training and evaluation 
The model training scenarios in this study were organized into three categories: ML, 

DL and PGDL. In this section, we will explain how different models were trained to 

monitor DI. The modeling datasets include data collected from 2021 and 2023, which 

were divided into four disease stages: early, mild, moderate, and severe. For each stage 

dataset, 80% of the data were randomly selected for training, and the remaining 20% 

for testing. All models were trained on the training set and evaluated on the independent 

test set. 
GBDT. The GBDT model was trained using scikit-learn library (version 1.1.3) in 

Python 3.7. Hyperparameters were identified using a grid search approach combined 

with repeated 10-fold cross-validation. Specifically, within each iteration of grid search, 

a 10-fold cross-validation was performed and repeated five times with different random 

splits to reduce the impact of data partitioning bias. The average performance across 

these repetitions was used to determine the optimal hyperparameter configuration. The 

final parameter settings were: n_estimators = 50, learning_rate = 0.3, max_depth = 5, 

and min_samples_leaf = 5. 
DL. We considered DL models with three different combinations of architectures 

(i.e., MLP, LSTM, and GRU) to regressing DI. The DL model training and evaluation 

were performed using Python 3.7, PyTorch 2.4.1. As a regression task, the mean 

squared error (MSE) was used as the loss function with the Adam optimizer. The 

learning rate was initialized at 0.01 and decayed exponentially during training. A batch 

size of 1000 was used. All models were trained for up to 1000 epochs with an early 

stopping criterion. We divided the training set for the deep learning model into training 

and validation. The DL model was trained on the training set, and performance was 

evaluated on the validation set using R² and RMSE metrics after each epoch. The early 

stopping enables the models to automatically stop training when the testing R² value 

does not increase by at least 0.005 over 20 epochs.  
PGDL. We considered a variety of PGDL in this study, PGDL with many different 

combinations of architectures (i.e., MLP, LSTM and GRU) based on three simulation 

datasets (SIM #1; SIM #2 and SIM #3). The PGDL training process included two stages: 

pre-training and transfer learning.  
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During pre-training, each simulation dataset (SIM #1, SIM #2, and SIM #3) was used 

separately to pre-train a DL model. The same learning rate, batch size, loss function, 

optimizer, and early stopping criteria as DL training were used. For SIM #1 simulations, 

Cab was normalized to a range of 0 to 1 to ensure consistency in the range of DI values. 

In the second phase, transfer learning was applied by fine-tuning the pretrained models 

using real-world UAV-based observations, maintaining the same training 

configurations as in DL. 
Evaluation. To assess and compare model performance, we employed several 

metrics: R², RMSE, mean absolute error (MAE), and rRMSE. Evaluation was 

conducted using both 2021 and 2023 datasets, and models were tested across different 

disease stages (early, mild, moderate, severe) to evaluate their ability to generalize. 

Additionally, to gain insights into spectral feature relevance, the attention layer in DL 

models were used to estimate feature importance. The integrated attention mechanism 

assigned interpretable weights to input features, highlighting their relative contributions 

to the DI monitoring. 

5.3 Results 

5.3.1  Consistency analysis between simulated reflectance and UAV spectra 

5.3.1.1 Spectral trends 
A comparison of reflectance spectra from simulations and UAV measurements under 

different levels of leaf spot severity is presented in Fig. 5.4. The spectral reflectance 

curves (Fig. 5.4e–h) show that UAV spectra demonstrated a consistent increase in the 

visible range, particularly from 550–700 nm, with DI increases. Similar trends were 

observed for SIM #2 and SIM #3, although with more pronounced variations. In 

contrast, SIM #1 exhibited an increase in reflectance around 550 nm (±50 nm) as Cab 

decreased, diverging from the UAV pattern.  
Regression results further highlight these differences (Fig. 5.4i–l; Table S5.3). 

Among the simulations, SIM #2 outperformed the others, achieving the R² (0.99) and 

RMSE (0.01) consistently across all DI levels. It also showed the most stable rRMSE 

(0.03–0.06), slope (1.24–1.36), and intercept (-0.03–0.00), indicating robust 

adaptability to varying DI levels. While SIM #3 performed comparably, it was slightly 

less accurate than SIM #2. In contrast, SIM #1 showed a decline in R² (from 0.98 to 

0.94) and an increase in rRMSE (from 0.10 to 0.17) as DI increased, reflecting weaker 

adaptability under higher disease severity.  
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Fig. 5.4. Comparison of simulated and UAV-measured hyperspectral reflectance 

under varying maize leaf spot severity levels. Top row (a)–(d): representative maize 

leaves with different disease index (DI) values. Middle row (e)–(h): spectral reflectance 

curves from simulations and UAV measurements. Bottom row (i)–(l): regression 

analysis of simulated vs. UAV reflectance. 

5.3.1.2 Correlation Patterns 
The correlation patterns between reflectance and DI revealed that SIM #2, SIM #3, 

and UAV spectra followed similar trends (Fig. 5.5). However, the magnitude of the 

correlation coefficients for UAV spectra was consistently lower than those of the 

simulations. Specifically, in the visible wavelength range (400–700 nm), both SIM #2 

and SIM #3 showed a strong positive correlation with DI (r = 0.5 to 1), while UAV 

spectra exhibited a moderate positive correlation (r = 0.3 to 0.5). In contrast, SIM #1 

displayed a negative correlation pattern (r < 0) in this range.  
To further explore the relationship between Cab dynamics and DI in maize leaves, Cab 

values were retrieved from the ASD collected spectra (Section 5.2.3.2) using the 

PROSPECT-D model inversion (Fig. 5.5b). The inversion process employed an 

iterative optimization method to identify the optimal simulated spectra with the lowest 

RMSE, following the approach outlined by Botha et al. (2010). Results showed a 

significant correlation (R² = 0.45, RMSE = 11.02, p < 0.01) between the retrieved Cab 

and DI. These results suggest that Cab retrieved by PROSPECT-D reflects disease trends 

but also has limitations in capturing the full complexity of disease spread progression. 
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Fig. 5.5 Correlation patterns. (a): correlation analysis between the spectra and 

target variables. Blue line: UAV collected wavelength reflectance versus field-surveyed 

disease index (DI). Purple line: SIM #1 wavelength reflectance versus chlorophyll 

content (Cab). Green and orange lines: SIM #2 and SIM #3 wavelength reflectance 

versus DI, respectively. (b): relationship between retrieved Cab and DIL. 
5.3.2  Model performance in DI regression 

5.3.2.1 Performance of pre-trained model on simulations  
Table 5.5 summarizes the performance of the pre-trained DL models on the 

simulation test dataset. The results demonstrated that the DL models achieve state-to-

art accuracy across all simulation datasets, which validated the use of the pre-trained 

DL model as a foundation for developing the transfer learning model. 

5.3.2.2 Model performance on field data 
The performance of different modeling techniques for monitoring DI from UAV-

collected data across two years is presented in Table 5.6, Fig. 5.6 and 5.7, and 

supplementary Fig. S5.1 and S5.2. Five modeling strategies were compared: physically 

based models, data-driven models, and three variations of the PGDL framework 

pretrained using SIM #1, SIM #2, and SIM #3, respectively. 
Physically-based models, relying solely on simulations (SIM #2 and SIM #3), 

exhibited moderate performance, with R² values ranging from 0.68 to 0.80, and RMSEs 

of approximately 0.10–0.11.  
Table 5.5 Performance of deep learning models on simulation test sets 

Simulations Model R
2 RMSE MAE rRMSE 

SIM #1 MLP 0.95 0.05 0.04 0.11 
 LSTM 0.99 0.04 0.02 0.07 
 GRU 0.99 0.03 0.01 0.05 
SIM #2 MLP 0.93 0.06 0.05 0.15 
 LSTM 0.98 0.05 0.04 0.10 
 GRU 0.98 0.05 0.03 0.09 
SIM #3 MLP 0.99 0.03 0.04 0.12 
 LSTM 0.99 0.03 0.04 0.10 
 GRU 1.00 0.02 0.01 0.04 

 Data-driven models trained on field data alone showed improved performance. 

Among them, the GRU model consistently outperformed others, achieving R²=0.76 

(RMSE = 0.10) in 2021 and R²=0.84 (RMSE = 0.09) in 2023.  
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The PGDL strategy showed an improvement in all model performance, highlighting 

the effectiveness of incorporating prior knowledge from RTM and transfer learning. 

Specifically, when simulations (SIM #2 and SIM #3) were used to develop pre-trained 

models with disease-related information, the performance significantly improved. The 

best performance was achieved with PGDL-GRU using SIM #2 (R²=0.85 in 2021, 

R²=0.93 in 2023). PGDL models based on SIM #3 followed closely, with PGDL-GRU 

again performing best (R²=0.82 in 2021, R²=0.92 in 2023). The lowest RMSE was 

observed with PGDL using SIM #2 and SIM #3 (RMSE=0.08 in 2021, RMSE=0.06 in 

2023). These results indicate prior knowledge combined with measured disease 

information effectively enhances DI monitoring accuracy. Since the GRU model 

consistently outperformed the other models, we chose GRU as the basis DL model for 

the rest of the analysis. Results for other models are provided in the Supplementary 

Information. 

 
Fig. 5.6 Model performance for monitoring maize leaf spot disease index (DI) on the 

2021 test dataset. All regressions were statistically significant (p < 0.01). 
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Fig. 5.7 Model performance for monitoring maize leaf spot disease index (DI) on the 

2023 test dataset. All regressions were statistically significant (p < 0.01). 

5.3.2.3 Model generalization on time series disease infection 
To assess the generalization of our models for monitoring DI over time, we assessed 

their performance across four stages of maize leaf spot infection (Fig. 5.8, Table 5.7, 

supplementary Tables S5.4, S5.5, and S5.6). At the Mild and Moderate stages, data-

driven models (R² ranging from 0.68 to 0.81 in 2021; 0.45 to 0.65 in 2023) showed 

similar performance to the PGDL approach (R² ranging from 0.72 to 0.81 in 2021; 0.68 

to 0.81 in 2023). However, at the early stage, data-driven models underperformed (R² 

= 0.55 in 2021; R² ranging from -0.07 to -0.05 in 2023), while the PGDL models showed 

better performance (R² ranging from 0.61 to 0.76 in 2021; 0.48 to 0.70 in 2023). Notably, 

PGDL based on SIM #2 achieved the best performance (R² = 0.76 and RMSE = 0.08 in 

2021; R² = 0.70 and RMSE = 0.03 in 2023), followed by PGDL based on SIM #3 (R² 

= 0.73 and RMSE = 0.08 in 2021; R² = 0.63 and RMSE = 0.03 in 2023). Similarly, at 

the Severe stage, data-driven models showed lower performance (R² ranging from 0.60 

to 0.63 in 2021; 0.24 to 0.33 in 2023), while the PGDL models performed better (R² 

ranging from 0.68 to 0.80 in 2021; 0.50 to 0.70 in 2023). These results demonstrate that 

PGDL models, particularly those based on SIM #2 and SIM #3, offer a key advantage 

in early disease monitoring. 
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Fig. 5.8 Model generalization for monitoring maize leaf spot disease index (DI) on 

time series disease infection 
To further evaluate the performance of PGDL with SIM #2 and SIM #3, we 

conducted a standardized residual analysis (Fig. 5.9). The residual plots reveal that the 

residuals are randomly distributed around the baseline (y = 0), suggesting that the 

PGDL models capture the data’s non-linearity. Additionally, the residuals are evenly 

distributed across different DI values, indicating that the regression model performs 

consistently well, even at low DI levels. 
A spatial map of maize leaf spot disease severity monitored using the PGDL SIM #2 

algorithm in 2021 is presented in Fig. 5.10. The results demonstrate balanced 

performance across the four stages of maize leaf spot infection: Early (R² = 0.76), Mild 

(R² = 0.79), Moderate (R² = 0.79), and Severe (R² = 0.80). Through this map and the 

field evaluations, the differences found can be appreciated, as well as their spatial 

variability. 

 
Fig. 5.9 Standardized residual plot of monitoring maize leaf spot disease index (DI) 
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Fig. 5.10 Spatial maize leaf spot monitoring map from the PGDL SIM #2 output. The 

top and bottom rows represent field survey and PGDL SIM #2 model outputs, 

respectively. The size of each circle corresponds to the maize leaf spot disease index 

(DI), and circles with a red outline indicate discrepancies between the field survey and 

model output. 
5.3.3 Feature importance and response to DI monitoring  

To get a better understanding of how features contribute to model monitoring disease, 

we evaluated the importance scores of each input feature using attention weights (Fig. 

5.11). The results from the pre-trained PGDL SIM #2 and SIM #3 models align with 

findings from Bai et al. (2024a). The feature with the highest attention score is VARI2, 

while the lowest is WF494,5. VARI2, which is related to anthocyanins, begins to respond 

to disease from DAI 12. In contrast, WF494,5, located in the blue region (450–550 nm), 

primarily reflects chlorophyll absorption and starts responding to the disease from DAI 

22. 
Applying the model with field data using transfer learning can significantly alter the 

importance of features, as reflected by the changes in feature scores shown by the bars 

(model before transfer learning) compared to the lines (model after transfer learning) 

in Fig. 5.11. This change also observed by Wang et al. (2023b). This shift occurs 

because remote sensing features are highly influenced by environmental conditions 

during data acquisition, which can lead to varying selections of disease-sensitive 

features across different studies. Understanding and validating these sensitive features 
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under ideal conditions, as defined by physical models, is crucial for model refinement. 

Transfer learning thus enhances the model’s accuracy for specific tasks by adjusting 

feature weights according to real-world data. 

 
Fig. 5.11 Feature importance for GRU model before and after transfer learning for 

monitoring maize leaf spot disease index (DI) 
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5.4 Discussion 

5.4.1 Insights gained from simulation methods 
Selecting an appropriate simulation method is crucial for the development of PGDL 

models. In this study, we used three different simulation methods (Table 5.2). SIM #1: 

A simulated dataset was generated using evenly spaced Cab values coupled with the 

PROSPECT-D and LESS models. Cab was chosen as a variable for simulation because 

of its established correlation with disease in previous studies (Hornero et al., 2021). 

This method allows for large-scale data generation without the need for additional field 

measurements. However, while Cab correlates with disease, the relationship with the DI 

is complex. Our sensitivity analysis highlights how variations in target variables 

influence spectral signatures, showing that Cab alone provides limited insight into the 

spectral variability associated with disease spread progression. Furthermore, crop 

disease processes are multifaceted, involving diverse physiological indicators such as 

vegetation temperature, chlorophyll fluorescence, photosynthetic energy 

downregulation, and other photosynthetic pigments (Hernandez-Clemente et al., 2019). 

Although Cab is a key component of photosynthetic pigments, it cannot fully represent 

the complexities of disease dynamics.  
SIM #2: A simulated dataset was generated using ASD measured spectra from 

diseased leaves and the LESS model. This method most closely resembles UAV-

collected data because it reduces the cumulative errors introduced by coupling multiple 

physical models. However, it requires ground-based spectroscopic measurements, 

which can be labor-intensive and difficult to obtain in agricultural experiments.  
SIM #3: A simulated dataset was generated using mixed spectra from diseased 

endmembers and the LESS model. This approach simplifies the data collection process 

compared to SIM #2. However, the simulations are idealized and do not perfectly 

replicate leaf spectra, as it ignores elements such as leaf veins, in addition to diseased 

and healthy pixels. Overall, SIM #2 and SIM #3 incorporating real disease spectral data 

reduce cumulative errors from RTM coupling and improve similarity to UAV data. 
The consistency between simulations and UAV hyperspectral data highlights the 

alignment of these methods, particularly in simulations using real disease spectral 

information (SIM #2 and SIM #3). The magnitude of the correlation between UAV-

collected spectra and DI was lower than that between simulated spectra and DI (Fig. 

5.5). This discrepancy is likely attributed to the difference in sample sizes—while the 

UAV dataset included 1,968 observations (492 plots × 4 time points in the 2021), the 

simulated datasets were substantially larger in SIM #2 and SIM #3. Despite this, the 

relationship patterns observed in UAV data align with those in SIM #2 and SIM #3, 

supporting their effectiveness in explaining DI. The sensitive wavelengths identified 

(400–700 nm for positive correlation and near 750 nm for negative correlation) align 

with findings in the literature. For instance, Mahlein et al. (2013) showed that the 

reflectance of disease-infected leaves (Cercospora leaf spot, sugar beet rust, and 

powdery mildew) was higher in the green and red regions of the spectrum (500–700 
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nm) compared to healthy sugar beet leaves, while it decreased in the 700–900 nm range. 

Similarly, Zarco-Tejada et al. (2018) observed that the reflectance in the 400–450 nm 

range increased with disease severity, while the reflectance in the 750–790 nm range 

decreased. This is attributed to the disruption of photosynthetic pigments and crop 

structure caused by disease, with the 400–500 nm range corresponding to absorption 

centers of photosynthetic pigments, and the 750 nm region reflecting changes in crop 

structure (Hernandez-Clemente et al., 2019). Overall, the sensitivity analysis (Fig. 5.5a) 

supports the use of simulation-pretrained DL models for analyzing UAV-collected 

hyperspectral spectra.  
5.4.2 Effectiveness of PGDL 

PGDL offers a promising approach to enhance model generalization across different 

disease stages by integrating multiple data sources. Specifically, models trained with 

disease-related simulation data (PGDL SIM #2 and SIM #3) were enhanced by 

incorporating three types of data. (1) Simulations generated by RTMs is cost-effective 

compared to real-world observations and serves as a valuable tool for PGDL pre-

training. Our results showed that prior knowledge from synthetic data significantly 

improves PGDL performance compared to directly applying a data-driven model to 

field data. (2) Leaf-scale spectra capture detailed disease information, offering higher 

sensitivity and accuracy in disease assessment. However, the sparse data acquisition 

methods struggle to capture the spatial diversity of disease occurrence. (3) Canopy-

scale spectra collected by UAV are ideal for rapid and efficient disease monitoring, 

though they can be influenced by canopy structure and environmental factors. To 

leverage the strengths of these data types, PGDL integrates simulations to enrich the 

dataset, uses leaf-scale observations to constrain the model, and applies UAV data to 

enhance model accuracy. 
Compared with physically-based methods, PGDL addresses the inherent limitations 

of RTMs through transfer learning. The RTMs, while grounded in biophysical 

principles, are simplifications of complex ecosystem processes. Their effectiveness 

often suffer from limited retrieval accuracy in real-world applications (Combal et al., 

2003). Their performance is further constrained by the need for high-quality, noise-free 

spectral inputs, which is rarely achievable with real-world UAV or satellite sensors. 

PGDL overcomes these challenges by fine-tuning on field data, enabling the model to 

adapt to sensor noise and real-world variability. This transfer learning strategy enhances 

robustness to both model simplifications and spectral imperfections. 
In contrast to purely data-driven approaches, PGDL also improves generalizability 

and reduces reliance on large volumes of labeled training data. Data-driven models such 

as GBDT and GRU often exhibit low sensitivity to early disease stages. These models 

tend to optimize for overall accuracy and may prioritize the more distinguishable mild, 

moderate, and severe stage symptoms (Kamilaris and Prenafeta-Boldú, 2018). As a 

result, early-stage detection is frequently compromised. PGDL, by contrast, enhances 

early-stage recognition by leveraging prior knowledge. Furthermore, traditional data-

driven methods require extensive labeled datasets, but PGDL mitigates this need 
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through pretraining on synthetic data. This is especially beneficial in scenarios with 

limited field coverage or at the early disease stage, where acquiring ground truth is more 

challenging. For example, in 2023, due to reduced plot size and sparse early-stage 

infection, data-driven models exhibited poor performance, particularly during early 

disease onset. Similar findings were reported by Wang et al. (2023b), who demonstrated 

that RTM-guided ML improved the monitoring of cover crop traits using airborne 

hyperspectral imaging with fewer field samples. Likewise, Qin et al. (2024) observed 

that hybrid approaches combining RTMs and ML exhibited greater stability across 

varying training sample sizes in grassland leaf area index mapping. 
Furthermore, our findings demonstrate the potential of PGDL for monitoring maize 

leaf spot, showing significant performance improvements. By combining the strengths 

of physically-based and data-driven methods, PGDL benefits from well-validated prior 

knowledge provided by the physical models, though these simulations remain imperfect. 

The incorporation of transfer learning can help overcome these limitations. Transfer 

learning enables a model to leverage knowledge from source tasks in different domains 

(Pan et al., 2011). In our study, transfer learning was straightforward, as the feature 

space of simulations and UAV data aligned. Thus, PGDL proves to be an effective 

solution for maize disease monitoring. 
5.4.3 Limitations and future work 

While this study demonstrates the effectiveness of PGDL in monitoring maize leaf 

spot by integrating simulations, leaf-scale, and canopy-scale data, several limitations 

remain that could be addressed in future research. 
First, although the LESS model simulation generates hyperspectral images from the 

400–2500 nm wavelength range, our study was limited to using hyperspectral data from 

the visible and near infrared (VNIR) region (400–900 nm) due to the UAV-mounted 

sensor used in our experiment. Reflectance in the shortwave infrared (SWIR) range, 

however, is known to be crucial for understanding water absorption in plant leaves, 

which is linked to disease development (Gold et al., 2020a; Huang et al., 2015; Meng 

et al., 2020). Additionally, vegetation temperature has proven to be an important 

indicator of crop health and transpiration rates (Lu et al., 2020), while LiDAR data can 

complement spectral data by addressing spectral confusion and improving model 

performance (Yu et al., 2021a). Sun-induced fluorescence (SIF), which provides 

insights into photosynthetic activity, is also a valuable indicator for disease detection 

(Buschmann et al., 2000; Jones and Schofield, 2008; Moya and Cerovic, 2004). These 

multimodal remote sensing data could also be simulated within the LESS model. Future 

studies that include SWIR, LiDAR, and SIF data are likely to enhance the model’s 

disease monitoring capabilities. 
Another limitation is the simplification in the simulation process. In our study, all 

leaf within a maize plant was assigned to the same spectral curve, which does not fully 

capture the complex, layered nature of maize leaf spot progression. Disease severity is 

often more pronounced in the lower parts of the plant, with upper leaves showing less 

visible damage (Liu et al., 2022). Future research should consider a more detailed 
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simulation approach, where different spectral curves are assigned to different canopy 

layers. This would enhance the realism of simulated data and improve disease 

monitoring accuracy. At the same time, the trade-off between model complexity and 

computational cost should be carefully considered. 

5.5 Conclusions 

This study demonstrates the effectiveness of PGDL for monitoring maize leaf spot 

by combining physically-based modeling with data-driven approaches. The results 

highlight that simulation methods play a critical role in ensuring the consistency 

between simulated data and UAV hyperspectral data, as well as in enhancing the 

accuracy of the PGDL model. Specifically, simulations incorporating real disease 

spectral characteristics (SIM #2 and SIM #3) yielded the most accurate representations 

of disease progression, closely aligning with spectra obtained from UAV hyperspectral 

imagery. Moreover, PGDL showed robust generalization across various disease stages, 

including early stages and low DI levels, with particularly strong performance when 

trained with SIM #2 and SIM #3 data. This success can be attributed to the integration 

of simulation data, leaf-scale spectra, and canopy-scale spectra, which collectively 

improved the model’s ability to capture the multifaceted nature of disease progression. 

Finally, the PGDL pretraining phase enabled the model to capture critical spectral 

response patterns linked to maize leaf spot through feature importance analysis. These 

results highlight the potential of PGDL for accurate and early detection of crop diseases. 

Future work will focus on refining early-stage detection and extending the framework 

to other crop-disease systems. 

5.6 Supplementary information 

Additional tables and figures supporting this chapter are available online. They can 

be accessed via the QR code or at the following URL: PhD-thesis/chapter5-tgrs-

supplymentary.pdf at main · Briya1990/PhD-thesis 
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Abstract 
Leaf spot is a serious yield-reducing disease of maize (Zea mays) in many parts of 

the world where this crop is cultivated. Timely prediction of leaf spot disease dynamics 

is critical for shifting agriculture from reactive control to preventive management. 

Although remote sensing (RS) enables large-scale disease monitoring, its application 

to spatiotemporal prediction remains limited. Here, we introduce the RS-DeepSpread 

model, a novel Synergistic RS-Deep Learning with Epidemic framework that integrates 

an RS-driven deep learning with a stochastic epidemic spread model to predict the 

spatiotemporal progression of maize leaf spot. The core concept of RS-DeepSpread lies 

in the complementarity between the two components: RS-based deep learning generates 

the initial disease probability maps, while the epidemic model iteratively refines these 

predictions by disease spread. As a first step, we benchmarked three RS-deep learning 

architectures—multi-layer perceptron (MLP), long short-term memory (LSTM), and 

gated recurrent unit (GRU)—to determine the optimal hyperspectral-driven predictor 

of maize leaf spot. The GRU model achieved the highest performance across two 

growing seasons (2021: overall accuracy (OA) = 79.07%; 2023: OA = 85.00%). We 

then used GRU outputs as initial conditions for the epidemic model, forming the RS-

DeepSpread system. Results show that RS-DeepSpread yields improved accuracy 

(2021: quadratic weighted kappa (QWK) = 92.54%, OA = 85.37%; 2023: QWK = 

89.71%, OA = 91.67%) and lower underestimation (2021: 5.36%; 2023: 3.97%) and 

overestimation rates (2021: 8.93%; 2023: 3.97%). Moreover, this framework predicted 

epidemic rate peaks up to three days earlier than field observations. These findings 

demonstrate that integrating epidemic modeling with an RS-deep learning algorithm 

trained by hyperspectral imagery offers a solution for timely and spatially explicit 

prediction of crop disease dynamics. 
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6.1 Introduction 

Maize (Zea mays L.), one of the world’s most important staple crops, is particularly 

vulnerable to fungal diseases. Among these, maize leaf spot (MLS) diseases are a 

significant threat to global maize production. . For example, leaf spots caused by 

Curvularia lunata (Curvularia Leaf Spot), by Bipolaris maydis (Southern Leaf Blight), 

and by the polycyclic pathogens Cercospora Zeina (gray leaf spot) are well known 

(Crous et al., 2006; Tehon and Daniels, 1925). These diseases reduce the functional leaf 

area available for photosynthesis and thereby limit yield. For example, yield reductions 

from MLS have been reported in the range of about 11 % to 69 % depending on hybrid 

and environment (Dai et al., 2024; Ngoko et al., 2002; Ward et al., 1999). Some extreme 

losses up to ~79 % have also been documented (Cardwell et al., 1997). While chemical 

control remains an effective strategy for managing disease, the excessive use of 

pesticides raises serious concerns for environmental health and food safety (Zhou et al., 

2025). As a result, there is an urgent need for approaches that can determine where and 

when pesticide applications are truly necessary. Achieving this goal hinges on 

accurately modeling the spatiotemporal dynamics of disease spread at scale. In this 

regard, remote sensing (RS) methods that respond to MLS infection (e.g., Jia et al. 

(2023)) could help to monitor and mitigate the progress of MLS outbreaks.  
Recent progress in RS technologies offers new potential to enhance disease 

monitoring by providing timely, non-destructive, and spatially explicit observations. 

Among these, hyperspectral imaging stands out due to its higher spectral resolution, 

which enables the detection of subtle physiological changes in woody crops, such as 

pigment degradation, altered water status, and structural modifications, before visible 

symptoms appear (Zarco-Tejada et al., 2018; Zarco-Tejada et al., 2021). These pre-

symptomatic signals can be disentangled from abiotic stress responses using spectral–

physiological trait linkages and feature selection approaches within machine learning 

(ML) frameworks. For example, Camino et al. (2022) demonstrated that ML models 

can exploit the relative importance of specific narrow bands to discriminate disease-

induced spectral changes from other stressors, enhancing early detection capabilities. 

Hyperspectral sensors have been deployed on ground-based systems (Almoujahed et 

al., 2025), UAVs (Zeng et al., 2024), airborne (Eugenio et al., 2021) and satellite 

platforms (Poblete et al., 2023b)—offering multi-scale imagery that supports both early 

detection and continuous tracking of disease developmental level. UAV-based 

hyperspectral imaging combines high spatial, spectral, and temporal resolution, 

enabling rapid, field-wide, site-specific disease monitoring (Zhang et al., 2024). This 

enables real-time tracking of disease dynamics, facilitating spatiotemporal monitoring 

of disease progression at the canopy scale. However, spectral signals are often 

influenced by confounding factors such as soil background, canopy architecture, and 

environmental variability, which can compromise the specificity of RS-based disease 

monitoring (El-baki et al., 2025). As a result, many RS-based disease models remain 

limited in specificity across heterogeneous agricultural landscapes.  
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To interpret RS data more effectively, deep learning models have been increasingly 

adopted due to their ability to learn complex, nonlinear relationships. For example, Wu 

et al. (2021)  proposed a cost-effective method for early pine wilt diagnosis using UAV 

imagery and You Only Look Once version 3 (YOLOv3), while Qin et al. (2021) 

introduced SCANet (spatial-context-attention network), an attention-based network, to 

detect pine nematode disease with superior accuracy compared to DeepLabV3+, 

DenseNet, and HRNet. Despite their high performance, deep learning models face key 

limitations: they often lack interpretability, are sensitive to noisy or imbalanced datasets, 

and their predictive reliability varies across studies (Shahi et al., 2023). These 

limitations arise from the black-box nature of deep learning and its dependency on large 

volumes of high-quality training datasets (Dehghan-Shoar et al., 2023).  
To improve model specificity and predictive capacity, Camino et al. (2021) proposed 

a pioneering strategy that involves integrating RS with epidemic modeling. This hybrid 

approach leverages the strengths of both methods: RS provides a spatially explicit 

baseline of disease status, while the epidemic spread model offers mechanistic insights 

into pathogen dispersal, host connectivity, and environmental influence. Camino et al. 

(2021) coupled spatial epidemiological models using high-resolution hyperspectral 

imagery and ML algorithms to monitor the spread of Xylella fastidiosa in almond 

orchards. Their approach enabled the detection of asymptomatic but infected trees that 

were missed by field inspections, highlighting the potential of integrating spread 

modeling and RS data for improving detection sensitivity. However, this work focused 

on a single aerial campaign (time-point assessments) and binary classification (infected 

vs. healthy), without modeling the full spatiotemporal progression of disease severity.  
To address this gap, in this study, we propose a novel Synergistic RS–deep learning 

and epidemic framework (RS-DeepSpread) to capture the spatiotemporal progression 

of MLS. This framework combines a remote sensing-driven deep learning (RS-deep 

learning) model with a stochastic epidemic spread model. For that, we developed an 

RS-deep learning model trained on hyperspectral features to classify disease severity at 

the canopy scale. We then coupled RS-deep learning with a stochastic iterative 

epidemic spread model to simulate the spatiotemporal progression of MLS across the 

field. Finally, we assessed which model performed best in predicting MLS severity by 

using ground observations across both spatial and temporal dimensions. 

6.2 Materials and methods 

6.2.1 Study area and data collection 
6.2.1.1 Experimental design 
Field experiments were conducted in Xinxiang City, Henan Province, China (35.30° 

N, 113.93° E), located on the North Henan Plain (Yubei Plain). Maize is the dominant 

crop in this region, which is characterized by a warm temperate continental monsoon 

climate. Hot and humid summers provide favorable conditions for the development and 

spread of MLS. 
Experiments were carried out in 2021 and 2023 (Fig. 6.1). In 2021, the trial included 
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492 plots, each measuring 1.25 × 1.8 m and planted with a single maize genotype. Each 

plot contained 24 plants arranged in four rows with 60 cm row spacing and 22.5 cm 

plant spacing. Sowing took place on May 30, 2021. In total, 246 genotypes were tested 

under two pathogen treatments. To induce MLS, plots in treatment 1 were inoculated 

with Bipolaris maydis (southern leaf blight), and those in treatment 2 with Curvularia 

lunata (Curvularia leaf spot)—both major pathogens affecting maize in China. 

Inoculation was performed on the evening of August 2, at the maize big trumpet stage.

A water-suspended spore solution (1 × 10⁵ spores mL⁻¹) was prepared and evenly 
sprayed using a handheld sprayer.

In 2023, two independent experimental repeats (repeat 1 and repeat 2) were 

established. Each repeat comprised 60 plots arranged in three east–west rows of 20 plots 

(3 × 20 = 60). Each plot measured 4.0 × 4.8 m, and each row contained the same set of 

20 genotypes. The outer rows in both repeats were inoculated with Curvularia lunata, 

while the central rows were inoculated with Bipolaris maydis. The remaining inner 

rows were left uninoculated and served as healthy controls. The inoculation procedure 

and timing were consistent with 2021, conducted on the evening of August 16 during 

the big trumpet stage.

Across both years, maize was grown at a density of approximately 75,000 plants ha⁻¹. 
Standard agronomic management—including fertilization, irrigation, and weed 

control—was applied uniformly based on recommendations from local agricultural 

experts (Xu et al., 2017). These practices ensured consistent soil fertility and moisture 

conditions across experimental plots, minimizing confounding effects on disease 

development.

Fig. 6.1. Overview of the field experiments conducted in 2021 and 2023. The 

experimental site on the left corresponds to the 2021 trial, and the site on the right to 

the 2023 trial. Plot boundaries are outlined with yellow and green polygons. Below 

each field layout, a false-color composite (NIR-R-G) of the corresponding UAV-based 

hyperspectral orthomosaic is shown, with the Near-Infrared (852.12 nm), red (649.01 

nm), and green (552.08 nm) bands displayed in the red, green, and blue channels,

respectively. The data was acquired on 27 August 2021 and 29 August 2023.

6.2.1.2 Visual inspections

Visual inspections were conducted to quantify MLS severity for each plot following 
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the initial appearance of symptoms (Table 6.1, Fig. 6.2). The assessment of disease 

severity involved four main steps: sample collection, leaf disease index evaluation, plot-

level disease index (DI) calculation, and disease severity categorization. During sample 

collection, three plants were randomly selected per plot in 2021, and five plants per plot 

in 2023 to account for the larger plot size. For each plant, three representative leaves 

were determined—the leaf above the ear, the ear leaf, and the leaf below the ear—and 

photographed in the field for subsequent evaluation of the leaf disease index. The leaf 

disease index was visually assessed by three experienced phytopathologists based on 

the percentage of the leaf surface exhibiting lesions, with scores assigned to one of six 

severity classes: 0 (0%), 1 (0–5%), 3 (6–25%), 5 (26–50%), 7 (51–75%), and 9 (76–

100%), respectively. These scores were aggregated to compute the DI using equation 

(1).  

( ) ( )max
0 0

/ 100
n n

i i i
i i

DI X S X S
= =

=    
 

(1) 

Where Sᵢ represents the scores of leaf disease index, and Smax is the highest score of 

the leaf disease index, which in this study is 9; i denotes the degree of disease severity 

(0–n); Xᵢ is the number of leaves assigned to severity class i. 
Finally, each plot was then assigned to one of four disease severity categories: early 

(DI ≤ 30%), mild (30% < DI ≤ 50%), moderate (50% < DI ≤ 70%), and severe (DI > 

70%), respectively. 

 
Fig. 6.2. Flow chart of disease severity categorization. 

6.2.1.3 Hyperspectral images collection and preprocessing 
Hyperspectral imaging was conducted on the same dates as the field campaigns 

(Table 6.1), under predominantly clear skies to maintain consistency between aerial and 

visual inspections. A Pika L hyperspectral camera (Resonon, Bozeman, MT, USA) 

mounted on a DJI Matrice 600 Pro UAV (DJI, Shenzhen, China) was used for image 



A synergistic UAV-driven deep learning and epidemic modeling framework for 

dynamic spatiotemporal prediction of maize leaf spot 

 129 

collection. The UAV, equipped with an RTK-GNSS module, provided centimeter-level 

positional accuracy. All flights were conducted at an altitude of 50 m and a speed of 1.5 

m/s between 10:00 and 14:00 local time to minimize variations caused by solar angle 

and illumination. 
The Pika L sensor captures 150 contiguous bands within the 400–1000 nm spectral 

range, with an effective spectral resolution of 2.1 nm (after combining adjacent bands) 

and a full width at half maximum (FWHM) of 3.3 nm. Its 17 mm focal length offers an 

instantaneous field of view (IFOV) of 1.47 mrad and a field of view (FOV) of 30.8°, 

yielding a ground spatial resolution of approximately 0.5 cm at the flight altitude. 
Raw hyperspectral images were first radiometrically calibrated to convert digital 

numbers into radiance. This process corrected for sensor-specific responses by applying 

a pixel-wise gain cube and a dark-noise offset cube automatically selected by the system. 

Specifically, this calibration was performed using equation (2): 
( )Radiance RawData offset gain= −   (2) 

Geometric correction was then performed by co-registering the hyperspectral images 

with simultaneously acquired high-resolution RGB data. Ground control points (GCPs) 

distributed across the field were incorporated to ensure accurate spatial alignment. To 

account for ambient illumination, radiance values were further normalized to 

reflectance using a 60% gray reference panel. The panel was placed on a flat, 

unobstructed area of the field and included in each flight mission. Finally, average 

reflectance spectra were calculated for each plot, yielding plot-level reflectance data for 

subsequent analysis. 
Table 6.1 Dates of infection and experiment data acquisition 

Year Infection date Visual inspections and hyperspectral imaging 

acquisition (days after infection, DAI) 

2021 2 August 20 August (DAI 18)； 27 August (DAI 25)； 2 

September (DAI 31)； 8 September (DAI 37) 

2023 16 August 

29 August (DAI 13),1 September (DAI 16)；  
5 September (DAI 20), 9 September (DAI 24)；  
12 September (DAI 27), 16 September (DAI 31),  
22 eptember (DAI 37), 25 September (DAI 40) 

6.2.2 Hyperspectral features extraction and analysis 
6.2.2.1 Biophysical parameters and spectral features 
Average canopy reflectance spectra were calculated for each experimental plot and 

used to derive a series of hyperspectral features. Spectral data between 400 nm and 900 

nm (117 bands) were retained to avoid the low signal-to-noise ratio commonly found 

near the sensor’s spectral limits. 
Biophysical parameters including chlorophyll content (Cab), carotenoid content (Car), 

equivalent water thickness (Cw), dry matter content (Cm), and anthocyanin content (Anth) 

were retrieved through inversion of the PROSAIL radiative transfer model. PROSAIL 

combines the PROSPECT-D leaf optical model, which simulates leaf-level biochemical 

and structural properties, with the SAIL canopy model, which describes canopy-level 

radiative transfer. This model was selected because the maize canopy was fully closed 
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and could be approximated as a homogeneous turbid medium. 
A hybrid RTM–deep learning inversion strategy was adopted to estimate biophysical 

parameters from simulated and measured hyperspectral spectra. The input parameter 

ranges for PROSAIL were determined from published optical property datasets (i.e., 

LOPEX and ANGERS (Feret et al., 2008)) and study (Nie et al., 2023) (Table 6.2). The 

simulated spectra (with ~1 nm sampling) were resampled to match the spectral response 

function of the PikaL hyperspectral sensor, ensuring consistent spectral resolution. 

Specifically, we averaged the simulated PROSAIL bands to align with Pika L’s channel 
grid. 

A multilayer perceptron (MLP) regression model (Bourlard and Morgan, 1994) was 

trained on these simulated spectra to predict all five biophysical parameters 

simultaneously. The architecture of this MLP was shown in Fig. S6.1. To mitigate the 

ill-posed nature of the inversion, field-measured leaf area index (LAI) values obtained 

using a SUNSCAN instrument (Delta-T Devices, Cambridge, UK) were incorporated 

as an additional input for MLP. The input layer of MLP contained the same number of 

nodes as the number of PikaL bands plus one additional node representing LAI. The 

hidden layers applied successive 2:1 compression ratios, and the output layer comprised 

five nodes corresponding to the five target biophysical parameters. The network 

employed ReLU activation functions and a dropout rate of 0.2 to mitigate overfitting. 
Model performance for Cab and Anth was validated using field measurements obtained 

with a Dualex Scientific+ sensor (Force-A, Orsay, France) following (Bai et al., 2024a). 

For each sampled plot, five plants were randomly selected, and for each plant, three 

leaves (ear leaf, the first leaf above the ear, and the first leaf below the ear) were 

measured. The average of Dualex readings grouped by plot was used to compare with 

the inversions. Model accuracy was assessed using the coefficient of determination (R²) 

and root mean square error (RMSE) (Fig. S6.2). 
Table 6.2 Inputs for PROSAIL simulation 

Mode

l Variable Acronym Range Steps Units 

P
R

O
S

P
E

C
T

-D
 

(l
ea

f 
le

v
el

) 

Chlorophyll content Cab 1-100 5 μg/cm2 
Carotenoid content Car 0-26 1 μg/cm2 
Anthocyanin content Anth 0-20 1 μg/cm2 
Brown pigment content Cbrown 0.2 N/A N/A 
Equivalent water 

thickness Cw 0-0.08 0.01 cm 

Dry matter content Cm 0-0.04 0.01 g/cm2 
Leaf structure parameter N 1-1.5 0.1 N/A 

S
A

IL
 

(c
an

o
p

y
 l

ev
el

) 

Leaf area index LAI 1-5 0.3 N/A 
Hot-spot size parameter Hspot 0.25 N/A mm-1 
Solar zenith angle SZA 65 N/A Degree 
Observed zenith angle OZA 0 N/A Degree 
Relative azimuth angle RAA 0 N/A Degree 
Average leaf inclination 

angle ALA 30-50 10 Degree 
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From the averaged reflectance spectra, a set of hyperspectral vegetation indices (VIs) 

and wavelet features (WFs) was calculated. A total of 69 VIs were computed from 

visible–NIR bands, sensitive to pigments, water, nitrogen, canopy structure, and cover 

characteristics (Table S6.1). To complement these indices, we extracted WFs, which 

simultaneously encode spectral position and scale and are known to be sensitive to 

disease (Zhang et al., 2014). WFs were extracted using the continuous wavelet 

transform (CWT) with the Mexican Hat mother wavelet, following the method outlined 

by Cheng et al. (2010). For each spectrum, coefficients were derived across scales 3 to 

8. 
6.2.2.2 Feature analysis 
To identify the most significant features associated with MLS progression, the 

disease development was categorized into four groups—early, mild, moderate, and 

severe—based on the disease severity assessed on the final visual inspection. A one-

way analysis of variance (ANOVA) was then performed across these four groups at 

each observation date. Statistical significance was determined according to the 

following p-value thresholds: p < 0.001 was considered very highly significant, 0.001 

≤ p < 0.01 was considered highly significant, 0.01 ≤ p < 0.05 was considered 

significant, and p ≥ 0.05 was regarded as not significant. Features showing significant 

differences (p < 0.05) across more than two consecutive time points were considered 

consistently responsive to disease progression and retained for further analysis. 
To minimize redundancy and multicollinearity among hyperspectral features, 

variance inflation factor (VIF) analysis was applied. For each feature, the VIF was 

computed by regressing it against all other narrow-band indices using equation (3). 
21/ (1 )VIF R= −  (3) 

where R2 is the coefficient of determination of the regression. Features with VIF ≤ 10 

were retained to reduce inter-correlation (Hair Jr et al., 2010), while those with VIF > 

10 were deemed highly collinear. In each correlated group, spectral information entropy 

was calculated to quantify the spectral information richness, and only the feature with 

the highest entropy —indicating maximal spectral information richness—was selected 

for further analysis. 
6.2.3 Modeling approaches for predicting MLS severity 
To predict MLS severity, we employed three deep learning models (Section 6.2.2.1) 

and an RS-DeepSpread framework (Section 6.2.2.2). All models were trained and 

validated using datasets from 2021 and 2023 growing seasons, respectively. For each 

year, hyperspectral imagery and disease severity classes from DAI 31 were used 

exclusively for testing, while data from other sampling dates were used for training. 

The deep learning models were driven by 11 hyperspectral features selected as 

described in Section 6.2.1. These comprised one chlorophyll-related feature (Cab) and 

five wavelet features (WF494,5, WF461,6, WF469,7, WF548,8, and WF590,8), 

together with five VIs (PSRI, RGI, PRIn,VARI2, NDVI). To enable daily-scale disease 

severity prediction, the selected hyperspectral features were temporally reconstructed 

using logistic growth functions fitted to the training data. This interpolation approach 
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was chosen because the logistic function naturally captures the sigmoid-like dynamics 

typical of crop physiological processes and disease progression (Woodhouse, 2006). 
6.2.3.1 RS-deep learning 
Deep learning models were trained using hyperspectral data from sample plots and 

time points. These models were used to predict both the daily disease severity class and 

the corresponding class probabilities. Three types of deep learning architectures were 

considered for classification: an MLP, a long short-term memory (LSTM) network, and 

a gated recurrent unit (GRU) model. The best-performing model from this stage was 

used in the integrated modeling framework (Section 6.2.2.3). 
All three networks shared the same overall structure: a core network (MLP, LSTM, 

or GRU), followed by an attention mechanism, and finally a classification layer. First, 

the normalized hyperspectral features were fed into the core network. The outputs from 

this layer passed through an attention module, which calculated feature-level weights. 

The core network outputs and attention-weighted features were concatenated and fed 

into a fully connected classification layer to predict disease severity classes. The 

classification layer used softmax activation with cross-entropy loss to predict the 

probability distribution over four disease severity classes (early, mild, moderate, and 

severe). After obtaining the probability vector from the softmax, the model selects the 

class with the highest probability as its final prediction. 
MLP is a basic network composed of multiple layers of artificial neurons. Given that 

the spectral input data consisted of 10 features, the MLP architecture in this study was 

designed with three hidden dense layers containing 10, 20, and 40 neurons, respectively. 

Each layer employed a rectified linear unit (ReLU) activation function to introduce 

nonlinearity. 
The LSTM unit can learn long-term dependencies by maintaining an internal 

memory of past inputs, making it well-suited for handling the temporal patterns present 

in hyperspectral data (Graves, 2013). An LSTM unit uses three gating mechanisms—

input gate, forget gate, and output gate—to regulate the flow of information through the 

network. These gates determine which information is added to, removed from, or 

passed through the memory cell at each time step. Specifically: The input gate (it) 

controls how much new information is written to the cell state, the forget gate (ft) 

decides how much of the previous cell state should be retained, and the output gate (ot) 

determines how much of the cell state is exposed to the output. The LSTM equations 

governing these gates and the cell state update are defined in equations (4)-(8): 
 ( )1,t i t t ii W h x b −=  +  (input gate) (4) 

 ( )1,t f t t ff W h x b −=  +  (forget gate) (5) 

 ( )1,t o t t oo W h x b −= +  (output gate) (6) 

 ( )1 1* *tanh ,t t t t C t t CC f C i W h x b− −= +  +  (7) 

( )*tanht t th o C=   (8) 
Here, 끫룊ݐ, ht and ܿݐ represent the input, hidden state, and cell state at time step ݐ, 

respectively. ܹ and ܾ denote the learnable weights and biases for each gate. The 
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sigmoid (끫븜) and hyperbolic tangent (tanh) functions introduce nonlinearity and ensure 

gated control over information flow. 

The GRU unit, designed for sequential data, includes an update gate and a reset gate

(Chen et al., 2019). The update gate focuses on integrating new information into the 

hidden layer, while the reset gate disregards less important information. The formulas

are given as in equations (9)-(12):

 ( )1, −= t z t tz W h x (Update gate) (9)

 ( )1, −= t r t tr W h x (Reset gate) (10)

 ( )1tanh * ,−= (tanh * ,(tanh * ,(= tanh * ,= tanh * ,(tanh * ,(= (tanh * ,(
t t t th W r h x (New memory cell) (11)

( ) 11 * *−= − + 
t t t t th z h z h (12)

where, ht-1 represents the output from the previous time step, xt is the current input, 

[ ] denotes concatenation, Wz, Wr, and W represent the learning weights for the update 

gate, reset gate, and new memory cell, respectively, σ and tanh are sigmoid and tanh 

activation functions, respectively, while ththhh represents the output of the new memory cell, 

and ht denotes the output at the current time step.

All models were trained using the Adam optimizer with a learning rate of 0.001 and 

a batch size of 500. The training process spanned up to 10,000 epochs with early 

stopping based on the best validation accuracy. A hold-out validation set was used to 

evaluate model generalizability under real-world class distributions. The model 

achieving the highest validation accuracy was checkpointed and used for subsequent 

inference. To address the class imbalance issue inherent in the disease classification 

task, class weights were incorporated into the loss function during training.

6.2.3.2 RS-DeepSpread
In this study, we propose an RS-DeepSpread model integrating the RS deep learning

model and the epidemic spread model (Fig. 6.3). The core idea behind RS-DeepSpread

is twofold: (1) the RS-deep learning model provides spatially explicit disease 

probability estimates that serve as the initial condition for the epidemic model, and (2) 

the epidemic model iteratively refines these initial estimates to account for spatial and 

temporal disease dynamics. The integration allows RS-DeepSpread to combine 

spectral–physiological sensitivity from hyperspectral data with epidemiological 

process dynamics, providing a synergistic and data-driven prediction framework.

The epidemic spread model follows a stochastic optimization framework adapted 

from Parnell et al. (2011). This spread model estimates the probability of disease 

severity changes for unsampled plots through an iterative algorithm that improves 

initial random disease map accuracy by minimizing an objective function. Here, the 

initial random disease map of the spread model initiated by the RS deep learning model 

provides spatially explicit disease probability estimates. This initialization provided a 

more informed starting point for the epidemic spread simulation, as opposed to random 

or uniform initialization. In this study, the model assumes two biological constraints 
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consistent with field observations and prior epidemiological knowledge: (1) disease 

severity transitions unidirectionally from low to high, and (2) infected plots do not 

recover over time.

Fig. 6.3. RS-DeepSpread framework daily prediction of maize leaf spot severity. 

Inputs included UAV-based hyperspectral features and field visual inspections, while 

outputs were daily disease severity maps. Abbreviations: Cab, chlorophyll content; 

Anth, anthocyanin content; VIs, vegetation indices; WFs, wavelet features; ANOVA, 

analysis of variance; VIF, variance inflation factor; QWK, weighted kappa coefficient; 

DA, directional accuracy; OA, overall accuracy

The RS-DeepSpread consists of two phases: initialization (Steps 1–4) and iterative 

optimization (Steps 5–8), as outlined below.

1. Graph construction: All plots in the field were mapped using high-resolution 

UAV imagery and treated as nodes in a graph. Each node was connected to its 

eight neighboring plots to form the edges, thereby establishing spatial connectivity.

2. Disease status assignment: The probability of disease status changes was directly 

assigned to plots at sampled time points using visual inspection data—classified 

as 1 if disease severity increased and 0 if the disease severity remained unchanged. 

For unsampled time points, the probability of disease status change for each plot 

was initialized using RS-deep learning outputs, providing a continuous prior 

disease probability map.

3. Epidemic rate estimation: The epidemic rate r(t), reflecting the temporal rate of 

disease severity increase. It was modeled as a function of temperature and 

humidity using a linear regression approach, as proposed by Van der Plank (2013). 

The regression equation was (13):
( )r t a T b H c=  +  + (13)

where T and H represent the average temperature (°C) and relative humidity (%) 

over each observation interval. In this study, daily temperature and humidity data 

were obtained from a local meteorological station. The regression coefficients 
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used were a=0.0219, b=0.0057, and c=−0.8785. 
4. Initial objective function (OF): The OF is a metric quantifying the difference 

between the estimated disease map and observed field data. Cross-entropy loss 

was selected as the OF, as it is one of the most commonly used metrics for 

measuring the difference between predicted probabilities and true labels in multi-

class classification tasks. Only sampled time points were used to calculate the OF. 

Here, the RS-deep learning estimations serve as the initial estimated disease map. 
5. Dispersal probability calculation: The probability of pathogen spread between 

plots was modeled using circuit theory. The effective pathogen dispersion between 

plots was the effective distances (deffij) between node pairs across the graph. The 

effective distance between any two nodes (plots) i and j was defined as the 

resistance distance on the graph, where each edge was treated as a resistor. The 

conductance Gij, representing the dispersal probability, was computed as equation 

(14): 
 
 
 
 
 

where Pi(t) represents the probability of disease increase for plot i at time point t; 

Pedgeij
 denotes the probability of pathogen dispersal across edge ij, calculated as 

the area of a rectangular trapezoid with a height of 1 and bases corresponding to 

Pi and Pj, respectively; dij is the Euclidean distance between plots i and j; and α is 

the distance decay coefficient (α>0) in the negative exponential dispersal kernel, 

estimated during a later stage of the algorithm. 
6. Probability update: A plot at an unsampled time point t was randomly selected, 

and its disease increase probability Pi(t) was updated. This update was informed 

by the effective distances to its neighboring plots, their current disease 

probabilities, the epidemic rate, and the duration of disease progression, according 

to the function equation (15).  

( )1( 1) {1 exp ( ) exp ) } exp( ( ) )
i

k
j ij

j i

kP t P t deff r t t


→ +  
+ = − −  −    

 
  

(15) 

In this context, deffij represents the effective distance between plot i and j, and β is 

the distance decay coefficient (β>0), which was estimated during a later stage of 

the algorithm. The term r(t) denotes the epidemic rate at time t, reflecting the speed 

of disease progression. 
7. Recalculate OF: Following the update, the objective function was recalculated 

using the updated disease map. 
8. Acceptance criterion: If the updated OF was lower than in the previous iteration, 

the change was accepted. Otherwise, the previous values of the map and OF were 

retained. 
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For training this model, we set a stopping criterion. The algorithm was allowed to 

run for up to 2000 iterations, or until an early stopping condition was met. Specifically, 

training was terminated if the OF did not decrease by at least 0.01 over 20 consecutive 

iterations. To get the optimal values of parameters α and β, a grid search was conducted 

by repeating the training. The combination that leads to the estimated map with the 

lowest OF was selected. 
6.2.4 Evaluation 
6.2.4.1 Classification performance 
Disease severity classification is an ordinal classification problem, where labels 

(disease severity levels) follow a natural order (e.g., early → mild → moderate → 
severe). Unlike nominal classification, ordinal prediction must account not only for 

whether a prediction is correct, but also how far an incorrect prediction deviates from 

the true class. Therefore, both order-aware and conventional metrics were employed to 

comprehensively evaluate model performance. 
To assess the agreement between predicted and observed severity levels while 

penalizing large deviations, we utilized the Quadratic Weighted Kappa 

(QWK)(Warrens, 2012). It is defined as equation (16): 

,

,

QWK 1
ij ij

i j

ij ij
i j

w O

w E
= −




 

(16) 

where Oij is the observed confusion matrix between true class i and predicted class j, 

Eij is the expected confusion matrix under random agreement, and wij is the quadratic 

weight defined equation (17) with k being the total number of classes.  
2

2
( )
( 1)ij
i jw
k
−

=
−  

(17) 

QWK ranges from -1 to 1, with 1 representing perfect agreement, 0 representing 

random agreement, and negative values indicating systematic disagreement. This 

metric emphasizes larger misclassifications, making it particularly suitable for 

assessing disease severity predictions where the difference between mild and severe 

infection is critical. 
Monitoring the temporal dynamics of disease progression is essential for timing 

fungicide applications. To evaluate the model’s ability to capture these trends (e.g., 

identifying whether the infection is expanding or stable between observation dates), we 

calculated the Mean Directional Accuracy (MDA)(Blaskowitz and Herwartz, 2011). 

The MDA quantifies whether the model tends to correctly estimate the observed disease 

progression between two observation dates (e.g., DAI 31–DAI 25 in 2021; DAI 31–

DAI 27 in 2023). For each sample 끫뢬, the observed and predicted changes in disease 

severity were computed as: 

ref ,i i iy y y = −  
(18) 

ref ,ˆ ˆi i iy y y = −  
(19) 

where yref,i and yi denote the reference and target disease severity classes at two time 
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points, and ŷi represents the model-predicted class at the target date. 

ˆsgn( ) sgn( )
1

1
i i

N

y y
i

MDA
N  = 

=

= 1
 

(20) 

where 1 is the indicator function and sgn is the sign function. A high MDA indicates 

the model is reliable for tracking disease expansion over time. 
To assess whether the model consistently underestimates or overestimates the rate of 

disease development, we analyzed the bias in the predicted changes relative to the 

observed changes. We calculated the underestimation rate (Underestimation) and the 

overestimation rate (Overestimation) to quantify the trade-off between biological risk 

and economic cost.  
Underestimation is defined as the frequency with which the observed disease 

progression exceeds the predicted progression: 

ˆ

1

1
i i

N

y y
i

Underestimation
N  

=

= 1
 

(21) 

Overestimation is defined as the frequency with which the predicted disease 

progression exceeds the observed progression: 

ˆ

1

1
i i

N

y y
i

Overestimation
N  

=

= 1
 

(22) 

In addition to order-aware metrics, conventional classification metrics—including 

precision, recall, F1-score, and overall accuracy (OA)—were computed at both class-

specific and weighted-average levels. Weighted averages accounted for class imbalance 

by assigning weights proportional to the number of samples per class (Haibo and 

Yunqian, 2013). Model performance was evaluated using independent test datasets 

from 2021 and 2023 growing seasons.  
6.2.4.2 Temporal analysis 
To evaluate each model’s ability to capture disease progression over time, we 

analyzed the temporal indicator: the epidemic rate r(t). It is a key epidemiological 

indicator reflecting the average daily rate of disease progression. It reflects the 

combined influence of host susceptibility, pathogen aggressiveness, and environmental 

conditions during the epidemic. By quantifying how rapidly disease severity changes 

over time, r(t) provides a dynamic measure of outbreak intensity. Typically, plant 

disease development follows a sigmoidal (logistic) growth pattern. During the initial 

phase, infection is limited and disease severity increases slowly, resulting in a low 

epidemic rate. In the exponential phase, disease expansion accelerates rapidly under 

favorable environmental conditions such as optimal temperature, high humidity, and 

canopy closure; r(t) rises sharply and reaches its peak. In the late phase, disease 

progression slows as host tissues become fully infected or necrotic, leading to a gradual 

decline in r(t). 
In this study, we computed r(t) from both field-observed and model-predicted 

severity data and plotted epidemic rate curves for each growing season as (23). These 

curves were used to identify the timing of epidemic peaks and to compare disease 
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spread trajectories across models.  

2 1
2 1

)1 (r ln x x
t t

= −
−

 
(23) 

6.2.4.3 Spatial analysis 
To further characterize spatial clustering, we employed hotspot analysis based on the 

Getis–Ord Gi* statistic (Ord and Getis, 1995). This technique identifies statistically 

significant clusters (hot and cold spots) by considering each plot’s disease severity 

value within the context of its spatial neighbors. Hot spot analysis is a powerful tool to 

characterize the dynamics of plant disease propagation and to understand the 

epidemiology at a regional scale (Tian et al., 2023).  
Disease severity categories—early, mild, moderate, and severe—were assigned 

values of 0, 1, 2, and 3, respectively. The hotspots were quantified using the Getis-Ord 

Gi* statistic as equation (24):  
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(24) 

where xj is the disease severity value for plot j, wi, j is the spatial weight between plots 

i and j, and n is the total number of plots, x̅ is the mean value, and S is the standard 

deviation. The Gi* statistic returns a z-score (standard deviation) for each plot in the 

image to identify clustered and random patterns separately. The resulting z-scores 

indicate the statistical significance of clustering at three confidence levels: 90% (|z| ≥ 

1.65), 95% (|z| ≥ 1.96), and 99% (|z| ≥ 2.58). Plots with significantly high z-scores 

were defined as hotspots, while those with significantly low z-scores were defined as 

cold spots. Based on z-score magnitude, the study area was categorized into seven 

spatial classes: very hot spot, hot spot, warm spot, not significant spot, cool spot, cold 

spot, and very cold spot. All spatial analysis was performed using ArcGIS 10.3 

(Environmental Systems Research Institute, Redlands, CA, USA). 

6.3 Results  

6.3.1 Assessment of RS features to track different disease progression at canopy 
level 

The average reflectance spectra were analyzed for plots classified as severe during 

the final visual inspection, showing a consistent increase with days after infection (DAI) 

(Fig. 6.4). Reflectance values rose consistently as infection advanced. In particular, 

spectral changes in the blue (450–485 nm), green (495–570 nm), red (625–685 nm), 

and red-edge (≈ 705 nm) regions reflected the degradation of chlorophyll pigments 

with increasing DAI. 
The most sensitive hyperspectral features were identified based on VIF and 

information entropy analysis. These included indices associated with chlorophyll 

content (Cab) and representative wavelet features (WF494,5, WF461,6, WF469,7, WF548,8, 

and WF590,8). Additional selected indices were related to carotenoid and chlorophyll 
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content (PSRI, RGI), xanthophyll and photosynthetic efficiency (PRIn), anthocyanins 

(VARI2), and canopy structural traits (NDVI). 
The temporal dynamics of these key hyperspectral features were evaluated at the plot 

level to determine whether they could effectively distinguish different disease 

progression, as defined by the final visual inspection (Fig. 6.5). Overall, the selected 

features exhibited significant differences among disease stages after DAI 18 in both 

2021 and 2023. PSRI and VARI2 showed highly significant differences (p < 0.001) on 

DAI 24 in 2023. Among these features, Cab displayed a decreasing trend with increasing 

DAI, indicating chlorophyll degradation. In contrast, PSRI and PRIn increased with 

DAI, reflecting stress-induced pigment changes, while VARI2 and NDVI showed a 

consistent decline, corresponding to reduced anthocyanin expression and canopy 

greenness. 

 
Fig. 6.4. Average canopy reflectance spectra of plots that were classified as severe (left: 

26 plots in 2021, right: 47 plots in 2023) during the last visual inspection, shown as a 

function of days after infection (DAI). 
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Fig. 6.5. Temporal changes of key hyperspectral features across different disease 

progression levels (plots exhibiting distinct final severity classes during the last visual 

inspection) at multiple observation dates for 2021 (left) and 2023 (right). Error bars 

indicate the 95% confidence intervals. Asterisks denote statistical significance from 

one-way ANOVA: *** very highly significant (p < 0.001), ** highly significant (0.001 

≤ p < 0.01), * significant (0.01 ≤ p < 0.05), and ns not significant (p ≥ 0.05). 
6.3.2 Prediction performance of individual models 

The prediction performance of various models was evaluated using MLS datasets 

from two independent test years (Fig. 6.6, Table S6.2, Table S6.3, Fig. S6.3, and Fig. 

S6.4. Among the RS-deep learning models, the GRU consistently demonstrated the 

highest performance across both years for both order-aware and conventional 

classification metrics. Therefore, the GRU model was selected as the RS component in 

the construction of the RS-DeepSpread model. 



A synergistic UAV-driven deep learning and epidemic modeling framework for 

dynamic spatiotemporal prediction of maize leaf spot 

 141 

 
Fig.6.6. Performance comparison among different models with order-aware and 

conventional classification metrics on the 2021 and 2023 test sets. Order-aware metrics 

(top row) include QWK (weighted kappa coefficient), MDA (Mean Directional 

Accuracy), underestimation, and overestimation rates. Conventional metrics (bottom 

row) include overall accuracy, F1-score, precision, and recall.  
The RS-DeepSpread model, which couples UAV-derived RS predictions with the 

epidemic spread module, consistently outperformed all individual RS-deep learning 

models (MLP, LSTM, and GRU) in both years. For order-aware classification metrics, 

RS-DeepSpread achieved the highest QWK values of 92.54 in 2021 and 89.71 in 2023, 

and the highest MDA of 86.51% and 92.86%, respectively. It also yielded the lowest 

overestimation rates (8.93% in 2021 and 3.97% in 2023) and underestimation rates 

(5.36% in 2021 and 3.97% in 2023). For conventional classification metrics, the RS-

DeepSpread model achieved the highest overall accuracy (85.37%), along with the best 

weighted average precision (85.59%), recall (85.37%), and F1-score (85.30%) in 2021. 

The RS-DeepSpread model maintained improved performance in 2023, achieving an 

overall accuracy of 91.67%, and the highest weighted averages for precision (91.81%), 

recall (91.67%), and F1-score (91.56%). These results highlight the advantage of 

combining spatial-temporal epidemic dynamics with high-resolution UAV data. 
6.3.3 Temporal epidemic prediction of MLS epidemics 
To assess the temporal dynamics of MLS development, we compared the predicted 
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epidemic progression across models using the epidemic rate (r) over time, benchmarked 

against field observations. The temporal trajectories of r(t) derived from field 

observations, the GRU model, and the RS-DeepSpread framework exhibit generally 

consistent trends (Fig. 6.7). All models successfully anticipated the timing of the 

epidemic change-rate peak earlier than the field observations. In 2021, the field-

observed peak occurred at DAI 31, while the RS-DeepSpread and RS-deep learning 

models predicted it at DAI 28 and DAI 27, respectively. Similarly, in 2023, the observed 

peak appeared at DAI 24, and all models consistently predicted it at DAI 21, indicating 

an enhanced capacity for early epidemic detection. 
To further elucidate the hyperspectral feature evolution around the epidemic peak, 

we constructed two matrices: a temporal similarity variation matrix (Fig. 6.7 b, e) and 

a similarity change-rate matrix (Fig. 6.7 c, f). The temporal similarity matrix, based on 

cosine similarity, quantified the day-to-day stability of hyperspectral feature patterns 

across DAI periods, while the change-rate matrix—computed as the absolute difference 

between consecutive days—captured the temporal gradient of spectral evolution. In 

2023, hyperspectral features showed extremely high similarity (approaching 1.0, deep 

red) during DAI 13–19 (Fig. 6.7e), indicating minimal spectral variation at the early, 

latent stage of disease development. Similarity gradually decreased during DAI 20–40 

(transitioning from red to blue), reflecting the expanding heterogeneity of canopy 

spectra as the disease progressed. The maximum rate of similarity change occurred 

around DAI 20 (Fig. 6.7f), marking the onset of rapid spectral transformation associated 

with the shift from the latent to the expansion stage of infection. This early spectral 

response implied that hyperspectral features enabled the detection of epidemic 

progression earlier than visual inspection. A similar temporal pattern was observed in 

2021 (Fig. 6.7 b, c), demonstrating the efficacy of UAV-based hyperspectral sensing for 

tracking the temporal dynamics of MLS epidemics. 

 
Fig.6.7. Temporal dynamics of MLS epidemics and evolution of hyperspectral feature 

patterns. (a) and (d) show the epidemic rate r(t) from field observations, the GRU 

model, and the RS-DeepSpread framework. (b) and (e) present heatmaps of temporal 



A synergistic UAV-driven deep learning and epidemic modeling framework for 

dynamic spatiotemporal prediction of maize leaf spot 

 143 

similarity among hyperspectral feature vectors across DAI periods in 2021 and 2023. 

(c) and (f) illustrate the temporal change rate of feature similarity, reflecting the 

evolution speed of canopy spectral characteristics during epidemic progression. 
6.3.4 Spatial prediction mapping 
Hotspot analysis of model predictions revealed distinct spatial clustering patterns of 

MLS severity (Fig. 6.8), where hot spots and cold spots represent areas of severe and 

early-stage infection, respectively. Both models reproduced hotspot distributions 

broadly consistent with those observed through visual inspections, demonstrating their 

ability to capture the overall spatial pattern of disease occurrence. To quantitatively 

assess the spatial prediction accuracy, we compared the hotspot difference maps 

between model-predicted and visually observed disease severity. The RS-DeepSpread 

model achieved a higher proportion of correct estimations (63.82% in 2021 and 78.33% 

in 2023) and a lower rate of underestimation (14.43% in 2021 and 10.83% in 2023) 

compared with the GRU model (Fig. 6.8k). These results highlight that RS-DeepSpread 

yields improved performance for predicting MLS severity.  

 
Fig. 6.8. Spatial hotspots of predicted MLS severity for the 2021 and 2023 test sets. 

Hot spots and cold spots are defined based on the z-score of predicted disease severity. 

Hot spots (red areas) indicate regions of higher predicted disease severity (severe), 

while cold spots (green areas) indicate regions of lower predicted severity (early). (a–

f) show the spatial distribution of disease severity derived from visual inspections (a, 

d), the GRU model (b, e), and the RS-DeepSpread model (c, f). (g–j) present the spatial 

differences in z-scores between GRU and visual inspections (g, i), and between RS-
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DeepSpread and visual inspections (h, j). (k) summarizes the percentage of 

underestimation, correct estimation, and overestimation cases based on the z-score 

statistics. 

6.4 Discussion 
6.4.1 Hyperspectral features response to MLS 
Hyperspectral features derived from radiative transfer model inversions, together 

with VIs and WFs effectively enabled the detection of MLS. Based on VIF analysis and 

information entropy evaluation, the most parsimonious and representative 

hyperspectral features were identified. Our results indicated that chlorophyll-related 

indices, pigment indicators, the xanthophyll index, and photosynthetic efficiency 

indices all contributed to MLS detection. Specifically, chlorophyll degradation 

increased as disease symptoms intensified (Fig. 6.5 a, b). This observation aligns with 

findings that inoculated maize plants exhibit reduced chlorophyll under both lethal leaf 

spot (Li et al., 2022) and macrospora leaf spot infections (Bermúdez-Cardona et al., 

2015). WFs near 500 nm were also highly responsive to MLS, likely because this 

spectral region captures variations in pigment composition such as chlorophyll and 

accessory pigments. However, chlorophyll degradation is not unique to MLS and may 

also be induced by other biotic or abiotic stressors (Hernandez-Clemente et al., 2019). 

Therefore, successful discrimination of MLS symptoms requires integrating pigment-

related indices with additional plant physiological traits to distinguish disease effects 

from confounding factors such as water stress. 
Regarding hyperspectral indices incorporated into the RS-deep learning, PSRI and 

VARI2 exhibited clear distinctions across disease progression stages. The PSRI, 

sensitive to carotenoid and chlorophyll balance, has been widely validated for detecting 

leaf diseases such as spikelet rot in rice (Xue et al., 2023), fire blight in pear (Bagheri, 

2020), and tar spot complex in maize (Loladze et al., 2019). VARI2, associated with 

anthocyanin content, also proved effective, consistent with prior findings that 

anthocyanin levels gradually increase as foliar symptoms worsen (Zarco-Tejada et al., 

2018). Additionally, the PRIn index, a variant of the photochemical reflectance index 

(PRI), reflects variations in xanthophyll cycle pigments and total pigment pool size, 

thus serving as an indicator of light-use efficiency and photosynthetic performance 

(Gamon et al., 1992). The reduction in light transmittance and photosynthetic activity 

caused by pathogen infection and colonization leads to decreased fluorescence emission, 

making PRIn a sensitive indicator for detecting MLS. 
6.4.2 The complementarity of RS-deep learning and the epidemic spread model 
Traditionally, epidemic spread models and RS–deep learning models have been 

viewed as fundamentally distinct paradigms—representing theory-driven and data-

driven approaches, respectively. Epidemic models, grounded in disease development 

principles, offer the potential to extrapolate beyond observed conditions (Kraemer et 

al., 2025). In contrast, RS-deep learning models excel in flexibility and adaptability, 

enabling the discovery of complex or nonlinear relationships hidden within RS data 

(Zhu et al., 2017). Rather than being mutually exclusive, these two frameworks are 
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inherently complementary. 
In this study, we synergistically combined the two modeling paradigms in two ways. 

First, the RS-deep learning model enhanced the parameterization of the epidemic 

spread model. In conventional epidemic frameworks, the probability of disease state 

transitions at unsampled time points is difficult to infer from first principles and is often 

initialized with uniform distributions (Parnell et al., 2011). This introduces uncertainty 

and strong dependence on sparse visual inspection data. Within the RS-DeepSpread 

framework, these transition probabilities were informed by outputs from the RS-deep 

learning, providing data-driven parameter initialization. This integration contributed to 

the model’s stable and temporally consistent forecasting of epidemic rate peaks—

arriving three days earlier in both 2021 and 2023 (Fig. 6.7). Notably, the intervals of 

visual inspections differed between years—approximately seven days in 2021 versus 

three days in 2023—resulting in fewer reference points and greater prediction 

uncertainty in 2021. The robust performance of RS-DeepSpread under these conditions 

suggests reduced dependence on dense ground observations, underscoring its potential 

for scalable and timely disease monitoring. 
Second, the epidemic spread model constrained uncertainties inherent in the RS-deep 

learning predictions through iterative optimization informed by both field observations 

and epidemiological drivers such as temperature, humidity, and time. RS-deep learning 

operates in high-dimensional feature spaces and is sensitive to noise, data imbalance, 

and spectral variability. For instance, disease datasets often exhibit strong imbalance, 

with mild cases vastly outnumbering severe ones (Liu et al., 2025). Since disease 

severity typically increases with DAI, missing late-stage samples (e.g., DAI 40) 

disproportionately removes severe cases, reducing predictive accuracy. The epidemic 

spread model, guided by epidemiological laws, counteracts this limitation. During the 

course of an epidemic, the number of diseased plants generally increases over time, 

while the overall severity is a function of the initial inoculum, the rate of spread, and 

the duration of the epidemic. The spread rate itself depends on pathogen virulence, host 

resistance, and environmental conditions such as temperature and humidity (Dalal and 

Singh, 2017; Minogue and Fry, 1983). By embedding these constraints, RS-

DeepSpread consistently outperformed the RS–deep learning model alone—improving 

QWK by up to 7.63%, increasing correct classification rate by up to 10.32%, and 

reducing overestimation and underestimation by 12.50% and 5.56%, respectively. 

These improvements were further corroborated by the hotspot analysis results (Fig. 6.8), 

which demonstrated more spatially coherent and accurate disease severity mapping. 

These results highlight that integrating epidemiological dynamics allows the hybrid 

model to correct inconsistencies, reduce biases, and stabilize predictions. 
Ultimately, the RS-DeepSpread framework bridges physically based modeling with 

data-driven learning under noisy and incomplete observations. Such hybrid or physics-

guided learning systems are gaining traction across disciplines, including earth system 

science (Liu et al., 2024a), engineering (Howland and Dabiri, 2019), and medical 

diagnostics (Bhouri et al., 2021). In such synergistic systems, data-driven models enrich 
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and extend the capabilities of physical models, while benefiting in return from 

physically plausible constraints rooted in natural science. 
6.4.3 Limitations and future directions 
Hyperspectral features can capture the spatiotemporal progression of disease severity, 

forming the foundation for remote sensing–based disease prediction (Bai et al., 2024a). 

This capability motivates further exploration into the mechanisms underlying spectral 

responses to infection dynamics. Although the proposed model can predict disease 

severity for dates without direct hyperspectral acquisition (Fig. 6.6), several questions 

remain unresolved and warrant further investigation. Specifically, how far in advance 

can disease progression be accurately forecast? How many temporal observations are 

required to achieve robust predictive performance? And which key growth stages 

contribute most critically to model accuracy? Addressing these questions will require 

additional time-series data across diverse disease development scenarios to refine 

temporal disease prediction. 
This study represents an attempt at coupling epidemic spread models with RS-deep 

learning for disease prediction. While the proposed framework demonstrates clear 

benefits, there remains considerable room for deeper integration (Reichstein et al., 

2019). From a systems modeling perspective, a key area for improvement lies in model 

parameterization. Epidemic models often depend on parameters that are difficult to 

estimate directly from first principles (Capaldi et al., 2012). Machine learning offers a 

potential solution by learning parameter relationships that best represent observed field 

dynamics. For instance, hyperspectral measurements in the shortwave infrared (SWIR) 

and thermal infrared (TIR) regions could be used to infer environmental variables such 

as canopy temperature and humidity (Gerhards et al., 2019)—factors that strongly 

influence pathogen development and spread. Integrating such data-driven 

parameterizations could enhance the realism and adaptability of the epidemic 

component. 
Finally, model generalization and scalability remain important challenges. The 

current experiment was conducted at a localized, small-scale level. While the approach 

shows promise and offers conceptual guidance for broader applications, its scalability 

to regional or national levels remains to be validated. In real-world agricultural disease 

management, there is a pressing need for large-scale, spatially and temporally 

continuous predictions (Nkwocha and Chandel, 2025). Addressing this need will 

require future research to extend the model across wider spatial and temporal domains, 

ensuring it can support practical decision-making in pest and disease prevention. 

6.5 Conclusions 

This study introduces a novel synergistic framework that integrates UAV-based 

hyperspectral remote sensing with an epidemic spread model to predict the 

spatiotemporal dynamics of MLS. The integrated model achieved substantial 

improvements in prediction accuracy and early-warning performance, while reducing 

both underestimation and overestimation rates across two independent growing seasons. 
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Throughout the study period, the model consistently predicted the peak of disease 

progression earlier than field observations. These results demonstrate the potential of 

hybrid RS–epidemic modeling to advance dynamic crop disease prediction and support 

data-driven decision-making in precision agriculture. The proposed RS-DeepSpread 

framework offers a scalable and transferable foundation for developing proactive, 

reliable disease monitoring systems applicable to a broad range of crop–pathogen 

systems. Future work will focus on expanding temporal data coverage and validating 

model scalability across diverse agroecological regions. 

6.6 Supplementary information 

Additional tables and figures supporting this chapter are available online. They can 

be accessed via the QR code or at the following URL: PhD-thesis/chapter6-

Supplementary .pdf at main · Briya1990/PhD-thesis 
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7.1 Main findings

In this thesis, different aspects related to unmanned aerial vehicle (UAV) collected

data and radiative transfer model (RTM) simulations applied to monitoring maize 

disease were evaluated. These aspects ranged from understanding the canopy spectra 

response mechanism, including integration of RTMs and machine learning, to

developing a disease-sensitive index. In this chapter, the results obtained for each of the 

individual topics are summarized (Section 7.1), and further considerations are made, 

including projections with respect to possible future scientific and operational 

developments in this research domain (Section 7.2).

7.1.1 What are the current applications, challenges, and perspectives in 
monitoring crop diseases using hyperspectral remote sensing?

Hyperspectral remote sensing can capture crop disease characteristics through 

spectral and spatial features. The four criteria (diversity, robustness, relevance, and 

parsimony) for spectral feature selection can be applied to detect and differentiate plant 

disease. The supervised classification methods and physically based approaches are 

proposed to monitor plant diseases using hyperspectral remote sensing. The capacity to 

utilize these spectral features makes imaging spectroscopy an invaluable tool in 

monitoring various crop diseases.

Utilizing hyperspectral remote sensing for plant disease monitoring can be 

categorized into five distinct applications: assessing disease incidence or severity, 

discriminating among stressors, monitoring disease symptoms at the early stage, and 

discriminating crop resistance in breeding programs. Recent and considerable advances 

in hyperspectral sensors and data analysis methods have yielded powerful tools for 

monitoring plant diseases at high spatial and temporal resolutions.

Advantages:

- Hyperspectral sensor can generate distinct spectral signature for plant disease, 

consisting of reflectance measurements in hundreds of contiguous wavelength 

channels.

- Narrow wavebands in hyperspectral data exhibit high sensitivity to subtle plant 

changes induced by diseases, enabling the differentiation of various disease 

types and early detection of asymptomatic stage. 

- Hyperspectral images for plant disease monitoring holds great potential for 

enhancing both accuracy and transferability of local findings to larger scale.

- Differences between symptoms induced by pathogens and those caused by 

different types of stress in plants can be discriminated using hyperspectral 

approaches.

- Hyperspectral remote sensing can dynamically monitor the occurrence and 

development of crop diseases at a large scale.

Challenges:

- The study of monitoring plant diseases exists disconnects between the foliar and 

canopy scales.
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- There remains a lack of relevant theories and standards for the sensitivity and 

robustness of the selected spectral features to target plant disease.

- Hyperspectral datasets for plant diseases present unique challenges, such as 

limited data from controlled experimental scenarios and difficulties in obtaining 

large-scale samples of diseased crops.

- Factors such as soil, plant structure, and phenology add layers of complexity 

when interpreting remote sensing data for plant disease monitoring.

7.1.2 Can a disease-specific index monitor early maize leaf-spot? 
Chapter 3 introduces a new disease spectral index, the Disease Sensitive Index (DSI), 

designed for canopy-scale maize leaf disease monitoring. The DSI was developed based 

on an analysis of the spectral response mechanisms of simulation data using 

PROSPECT-D and LESS. We also evaluated the performance of the DSI using both 

simulation data and UAV-collected images.

In the case of simulation data, the DSI showed a strong correlation with chlorophyll 

content, while its sensitivity to planting space (PS) alterations was notably low (Fig. 

3.7). For UAV-collected images, the DSI was highly statistically significant (p < 0.001) 

in differentiating disease severity (Fig. 3.9). When comparing DSI with the disease 

index (DI) for maize fields infected with rust, DSI outperformed other indices, 

demonstrating the lowest RMSE and highest R² values (R² = 0.69, RMSE = 0.13) (Fig. 

3.10). Similarly, when examining the relationship between VIs and DI in maize leaf 

spot-infected fields, the DSI also achieved the highest accuracy, with the highest R² 

value (R² = 0.62) (Fig. 3.11). Temporal multispectral imagery from Site A showed 

distinct patterns in differentiating resistance and susceptibility to leaf spot disease (Fig. 

3.12), with DSI showing a consistently significant difference (|effect sizes| ≥ 0.8) from 
DAI 12. Likewise, at Site C, DSI revealed substantial differences in distinguishing 

infected from healthy areas starting from DAI 10 (Fig. 3.13).

Overall, our findings confirm that the DSI is both a practical and effective tool for 

early-stage monitoring of maize rust and leaf spot diseases. The results highlight the 

DSI’s scalability and adaptability across diverse environments, underscoring its 

potential as a reliable solution for early-stage disease detection. This makes it a valuable 

tool for both monitoring disease onset and informing decision-making in breeding 

experiments and farm-level disease control strategies.

7.1.3 How and when do remote sensing features respond to maize leaf spot disease? 
Chapter 4 explores the sensitivity of biophysical and spectral features as indicators 

of maize adaptation to leaf spot disease. Using high-resolution UAV hyperspectral 

imaging, we tracked the maize response over 30 days post-infection. This analysis 

included hyperspectral features, biophysical parameters derived from the PROSAIL 

model, spectral reflectance, vegetation indices (VIs), and wavelet features (WFs). We 

also assessed the effectiveness of these features for machine learning models across 

different sites and times.

Our results showed that WFs provided the earliest indicator of disease onset, 

detecting changes as soon as 6 days after infection (DAI). VIs followed, with responses 
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detectable by DAI 8, and changes in chlorophyll content became evident by DAI 10. 

For example, compared to DAI 0 measurements (Fig. 4.7), the change in chlorophyll 

content first increased and then gradually decreased. The accumulation of chlorophyll 

content in infected areas lagged behind healthy areas, with a notable difference in the 

chlorophyll content change rate observed from DAI 10 onward. However, spectral 

reflectance in the 400–900 nm wavelength range was prone to noise, and no significant 

continuous changes in response to the disease were observed during the monitoring 

period. 
VIs responded to the disease by DAI 8, with the normalized photochemical 

reflectance index (PRIn), related to xanthophyll and photosynthetic efficiency, showing 

continuous changes until DAI 30 (Table 4.5). The PRIn remained close to zero in 

healthy areas at DAI 0 but sharply increased in infected areas after DAI 15. WFs, 

particularly WF586,6, WF590,7, and WF590–598,8 (located within the yellow edge region, 

550–650 nm), exhibited the earliest response at DAI 6. Changes in WF590,8 in infected 

areas consistently preceded those in healthy areas. Although WFs responded rapidly to 

disease onset, the trends were noisy and discontinuous, particularly at the early stages 

of infection (Fig. 4.10), suggesting instability at the early stages. 
The performance of our maize resistance classification models demonstrated both 

complementarity and redundancy among biophysical and spectral features (Fig. 4.14). 

These diverse features were complementary at the early stages of infection, improving 

accuracy when integrated. Specifically, models incorporating chlorophyll content, VIs, 

and WFs outperformed models based on spectral features or VIs alone, with a maximum 

overall accuracy difference of 9.36%. However, as the disease progressed, the 

complementarity of these features diminished, indicating information redundancy 

during the mild and early severe stages. 
Overall, our findings underscore the value of temporal response analysis in 

understanding the spectral characteristics of crops and pathogens. The effectiveness of 

our classification models, which combine biophysical and spectral features, highlights 

their complementary role during the early and severe stages of disease infection. This 

research reveals for the first time the redundancy of information at the mild and early 

severe stages, confirmed through continuous observation. Our methodology and key 

findings offer valuable insights for future disease monitoring research. 
7.1.4 Can a physical model-guided deep learning approach improve early-stage 
detection of maize leaf spot by leveraging the generalization strengths of physical 
models? 

Chapter 5 introduces a novel approach—Physical Model-Guided Deep Learning 

(PGDL)—which integrates the strengths of physical models with deep learning for 

more robust disease monitoring. This study developed PGDL by evaluating three 

simulation methods based on RTMs: canopy spectrum simulations with evenly spaced 

chlorophyll contents (SIM #1), measured leaf disease spectra (SIM #2), and mixed 

endmember spectra (SIM #3). PGDL models were pre-trained on these simulations and 

applied to UAV-collected field data using transfer learning. 
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We evaluated three modeling techniques for predicting DI from UAV-collected data 

across multiple years. The modeling approaches can be categorized into three groups: 

(1) physically-based methods that estimate DI solely from simulation data (SIM #2 and 

SIM #3); (2) data-driven methods, including traditional machine learning and deep 

learning models; and (3) the PGDL approach, which uses a gated recurrent unit (GRU)-

attention model pre-trained on simulations (SIM #1, SIM #2, and SIM #3) and applies 

it to field data using transfer learning. 
The best performance was achieved with PGDL using SIM #2 (R² = 0.85 in 2021, R² 

= 0.93 in 2023), followed by PGDL with SIM #3 (R² = 0.82 in 2021, R² = 0.92 in 2023). 

The lowest RMSE was observed with PGDL using SIM #2 and SIM #3 (RMSE = 0.08 

in 2021, RMSE = 0.06 in 2023), indicating that prior knowledge combined with 

measured disease data significantly enhanced DI monitoring accuracy. 
To assess the models’ generalization for DI monitoring over time, we compared their 

performance across different disease stages. While data-driven models showed similar 

performance to PGDL at the mild and moderate stages, they struggled at the early and 

severe stages, especially during the early stage (Fig. 5.7, Table 5.6). The key advantage 

of PGDL models (SIM #2 and SIM #3) is their ability to detect disease early, which is 

crucial for timely intervention and improving management outcomes. 
Overall, this study demonstrates the effectiveness of PGDL for monitoring maize leaf 

spot by combining physically-based modeling with data-driven approaches. The results 

highlight that simulation methods play a critical role in the quality of simulated data 

and the accuracy of PGDL models. Specifically, using real disease spectral information 

(SIM #2 and SIM #3) provided the most accurate disease progression representation 

and strong generalization across different disease stages. This success can be attributed 

to integrating synthetic, leaf-scale, and canopy-scale data, which enhanced the model’s 

ability to capture diverse aspects of disease progression. In conclusion, this study offers 

a novel tool for disease monitoring in precision agriculture, laying the groundwork for 

early disease detection and more efficient crop management strategies. 
7.1.5 Can hyperspectral remote sensing predict maize leaf-spot disease 
progression in both space and time?  

Chapter 6 proposes the RS-DeepSpread model, which integrates a hyperspectral 

remote sensing–based deep learning model with an epidemic spread model (Fig. 6.3). 

The concept behind RS-DeepSpread is two-fold: first, the remote sensing deep learning 

model generates spatially explicit probability maps of disease occurrence that serve as 

initial conditions for the epidemic model; second, the epidemic spread model iteratively 

refines these estimates to capture the spatiotemporal dynamics of disease progression. 
Firstly, three remote sensing–deep learning architectures—multi-layer perceptron 

(MLP), long short-term memory (LSTM), and gated recurrent unit (GRU)—were 

evaluated to identify the optimal configuration for hyperspectral disease prediction. The 

GRU model achieved the highest performance across two growing seasons and was 

therefore selected as the deep learning component of the integrated RS-DeepSpread 

framework. 
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Building upon the GRU predictions and the epidemic laws embedded in the spread 

model, the RS-DeepSpread framework was developed and rigorously tested. It 

consistently outperformed all standalone RS–deep learning models in both 2021 and 

2023. Specifically, RS-DeepSpread achieved the highest quadratic weighted kappa 

(QWK) values (92.54 in 2021 and 89.71 in 2023) and correct classification rates (86.51% 

and 92.86%), along with the lowest overestimation (8.93% and 3.97%) and 

underestimation (5.36% and 3.97%) rates. For conventional metrics, RS-DeepSpread 

attained the highest overall accuracies (85.37% in 2021 and 91.67% in 2023) and 

superior weighted average precision, recall, and F1-scores in both years. These results 

demonstrated the effectiveness of combining spatiotemporal epidemic dynamics with 

high-resolution UAV hyperspectral data. 
To further evaluate temporal predictive capability, we compared the modeled 

epidemic progression rates (r) over time with field observations. The RS-DeepSpread 

framework reproduced the observed trends well and successfully anticipated the peak 

in the epidemic change rate approximately three days earlier than field measurements 

(Fig. 6.7), highlighting its potential for early disease warning. 
Overall, the RS-DeepSpread model substantially enhanced prediction accuracy 

compared with standalone deep learning models, confirming the added value of 

integrating mechanistic epidemic modeling with data-driven hyperspectral analysis for 

spatiotemporal prediction of maize leaf-spot disease. 

7.2 Reflection and outlook 

In this section, considerations initiated in Section 7.1 are further extended, seeking 

to bridge the gap between current and future scientific and operational developments 

related to the main topics of this thesis. 
7.2.1 VIs for monitoring disease 

Vegetation indices (VIs) play a foundational role in disease monitoring. As reviewed 

in Chapter 2, VIs are among the earliest and most widely used hyperspectral features 

for detecting crop stress. They effectively capture physiological, biochemical, and 

structural leaf changes induced by fungal and bacterial infections. For example, the 

photochemical reflectance index (PRI), which reflects xanthophyll cycle activity, has 

been used to quantify the disease index (DI) of yellow rust (Puccinia striiformis) in 

wheat; when applied to independent spectral measurements, PRI achieved an R² of 0.97 

(Huang et al., 2007). Similarly, Tian et al. (2023) developed RIBInir, a near-infrared 

(NIR)-based index that enhances the subtle spectral responses caused by Magnaporthe 

oryzae infection. RIBInir delivered high classification accuracy for healthy versus 

infected samples at both leaf-level greenhouse conditions (81.41%) and field conditions 

(86.36%). 
However, VIs have limitations. Canopy reflectance is influenced by many 

confounding factors—soil optical properties, atmospheric effects, canopy geometry, 

and sun-sensor geometry—which can obscure a direct link between a VI and a single 

biophysical variable (e.g., biomass). Traditional ratio-based indices like normalized 
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difference vegetation index (NDVI), simple ratio (SR), or photochemical reflectance 

index (PRI) are particularly sensitive to soil brightness: in bright soils they respond 

strongly, but in very dark soils or water backgrounds their sensitivity can drop 

dramatically (Chen and Yang, 2020; Gao et al., 2000). For example, NDVI may remain 

nearly constant whether a leaf covers 1% or 100% of a dark surface, causing ambiguity. 
Many VIs also share strong mathematical relationships. Indices based on red and 

near-infrared (NIR) bands — such as difference vegetation index (DVI), enhanced 

vegetation index (EVI), two-band enhanced vegetation index (EVI2), and near-infrared 

reflectance of vegetation (NIRv) — exhibit correlations because as LAI increases, NIR 

reflectance tends to rise while red reflectance falls. NIRv is closely tied to DVI and can 

represent parameters like FPAR (fraction of absorbed photosynthetically active 

radiation) combined with photon escape probability. EVI and EVI2 are, in effect, scaled 

or corrected versions of DVI  (Jiang et al., 2008), while NDVI introduces a non-linear 

denominator (NIR + Red) that alters sensitivity. The soil-adjusted vegetation index 

(SAVI) offers a more unified framework: by introducing a correction factor to account 

for soil background, it reduces soil brightness effects (Huete et al., 2002).  
To address these constraints, future research should emphasize spectral feature fusion, 

spectral feature analysis, and spectral feature selection. Spectral feature fusion 

integrates data across different sensor types, providing a more comprehensive depiction 

of disease-induced changes. Pathogen infections simultaneously modify multiple 

physiological processes—photosynthetic rate, stomatal conductance, leaf energy 

dissipation, chlorophyll fluorescence emission, and pigment concentrations 

(Hernandez-Clemente et al., 2019) —none of which can be adequately captured by a 

single sensor. For example, thermal infrared data are needed to infer vegetation 

temperature linked to stomatal regulation and transpiration-driven cooling, whereas 

fluorescence, pigment-related, and water-related responses require spectroscopy across 

visible to short-wave infrared wavelengths. Combining these complementary 

measurements enhances sensitivity to diverse disease mechanisms. 
Accurate disease prediction also relies on rigorous analysis and selection of 

hyperspectral features. Correlation analysis helps identify features most directly linked 

to disease progression, while feature selection reduces redundancy and mitigates model 

overfitting. For instance, Hornero et al. (2021) selected five optimal hyperspectral 

features—combined with biochemical parameters retrieved using radiative transfer 

modeling—to classify oak decline symptoms, achieving up to 82% accuracy. Tian et al. 

(2021) further demonstrated that only two to four VIs were sufficient to distinguish 

asymptomatic and early rice blast infection stages, with classification accuracies 

exceeding 65% and 80%, respectively. These findings reinforce that feature quality 

fundamentally determines model quality. However, feature selection remains 

challenging because different diseases and infection stages may yield different spectral 

optimal feature sets, underscoring the need for a standardized framework for feature 

selection in disease monitoring. 
In summary, no single VI is universally optimal. Effective disease monitoring 
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requires selecting features aligned with instrument characteristics, disease biology, and 

hyperspectral sensitivity, with an emphasis on extracting the most informative and 

physiologically meaningful features. 
7.2.2 Hybrid modelling approach for monitoring disease 
Machine learning has become a cornerstone of monitoring disease using 

hyperspectral remote sensing. As reviewed in Chapter 2, citation trends since 2012 

show the growing frequency and popularity of machine learning in this domain. 

However, despite its successes, several pitfalls limit the broader impact of machine 

learning in monitoring disease. Risks of naïve extrapolation, sampling bias, neglect of 

confounding factors, and misinterpretation of correlation as causation can lead to 

unreliable conclusions (Caldwell et al., 2014; Reichstein and Beer, 2008). Furthermore, 

purely data-driven machine learning models struggle to generalize beyond the observed 

data range and often lack interpretability—highlighting the need for integration with 

physically grounded approaches. 
Deep learning extends machine learning by effectively modeling sequential and 

spatial data, with transformative success in computer vision, speech recognition, and 

control systems (LeCun et al., 2015), as well as in physics (Baldi et al., 2014), chemistry 

(Schütt et al., 2017) and biology (Alipanahi et al., 2015). Its application in disease 

monitoring is growing. For instance, Zhang et al. (2019d) proposed a deep learning 

framework for detecting yellow rust in winter wheat using high-resolution 

hyperspectral UAV imagery. By jointly exploiting spectral and spatial information 

through multiple Inception–ResNet layers, the model outperformed a random forest 

classifier, highlighting the capability of deep architectures to capture subtle disease 

signals and suggesting the need for validation on broader datasets and more efficient 

hyperspectral data-processing algorithms. Similarly, Sheenam et al. (2023) developed 

a VGG19-based system trained on images of healthy and diseased wheat plants. After 

fine-tuning, the model achieved strong accuracy, precision, recall, and F1 scores in 

classifying key wheat diseases including powdery mildew, yellow rust, and leaf rust, 

further illustrating the promise of deep learning for reliable crop disease detection. 
Nevertheless, transferring deep learning methods from computer vision to remote 

sensingbased disease monitoring remains challenging. Unlike standard RGB images, 

hyperspectral and multispectral data consist of hundreds of spectral bands, each with 

unique statistical and spatial dependencies. These data often violate the assumption of 

independent and identically distributed samples, complicating training and inference. 

Additionally, multi-sensor data fusion is nontrivial due to differences in geometry, 

spatial/temporal resolution, and physical meaning. Observational sequences are further 

affected by missing data, noise, and systematic gaps caused by cloud cover or 

acquisition issues. Key barriers to deep learning adoption in monitoring disease using 

remote sensing  include limited labeled data, high computational demands, and the need 

for interpretability and physical consistency (Reichstein et al., 2019). To overcome 

these challenges, hybrid modelling—integrating physical process models with machine 

learning—offers a promising pathway. Traditionally, physical and data-driven 
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modelling were viewed as distinct paradigms: theory-based versus data-based. Yet they 

are inherently complementary. Physical models provide interpretability, mechanistic 

understanding, and extrapolation potential, whereas machine learning offers flexibility, 

adaptiveness, and the ability to uncover latent patterns. 
There are many promising opportunities in combining optical sensing and 

epidemiological modeling for crop-disease monitoring. On one hand, remote sensing 

can inform epidemiological models. Non-destructive, spatially explicit disease 

quantification from optical sensing provides rich data for parameterizing process-based 

models. The predictive power of epidemic model is fundamentally limited by the 

amount and quality of parameterization data. Traditional data collection methods 

(manual scouting or limited sampling) are often costly, slow, and subject to human bias 

(Mikaberidze et al., 2025). Using remote sensing with high revisit frequency, we can 

repeatedly monitor disease patterns across large spatial grids, with greater sampling 

density and more replicate plots than would be feasible with manual inspection. This 

would dramatically improve our capacity to estimate spatial spread parameters (e.g. 

dispersal kernels, infection pressure from source areas) (Saubin et al., 2021), and unify 

these observations with environmental and host-pathogen metadata to better understand 

how dispersal and reproduction depend on host genotype, pathogen, and environment 

(Farber et al., 2019; Karisto et al., 2018). 
On the other hand, epidemiological modeling can inform remote-sensing 

interpretation. Disease classification from optical sensing often reduces to deciding 

whether a location is diseased (or how severe the disease is) based on spectral signals. 

But these signals may be ambiguous or noisy. Epidemiological models can supply 

context: for example, a simple weather-based risk model may confirm that conditions 

are favorable for disease at given locations, lending higher confidence to weak or 

ambiguous sensor signals. More powerful still, spatial or spatiotemporal epidemic 

models capture the fact that disease often clusters at multiple scales: the chance of 

infection at a site is higher if its neighbours are already infected (Madden et al., 2018). 

In practice, static or dynamic models of disease spread (e.g., incorporating dispersal 

kernels, infection probabilities, spatiotemporal correlations) can be combined with 

remote-sensing outputs. As a result, one can move beyond pixel-level classification to 

a probabilistic, process-aware interpretation of sensor data, improving detection 

robustness and reducing false positives/negatives. 
Hybrid models not only improve predictive performance but also enhance 

consistency and credibility. Importantly, embedding physical constraints acts as a 

natural regularization mechanism, preventing overfitting in limited-sample regimes 

(Reichstein et al., 2019). This aligns with ongoing advances toward explainable AI  

(Angelov et al., 2021) and the integration of logic-based reasoning within deep neural 

architectures (Zhang, 2023). In the context of remote sensing based disease monitoring, 

such physics-aware machine learning frameworks hold particular promise for 

developing interpretable, generalizable, and biologically consistent disease prediction 

systems. 
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7.2.3 Large-scale disease monitoring 
Remote sensing technologies now enable researchers and farmers to obtain high-

resolution, multi-spectral imagery of agricultural landscapes, offering a bird’s-eye view 

of crop health and growth (Malamiri et al., 2021). In this thesis we have shown 

successful field-scale disease monitoring using UAV imagery; however, large-scale 

monitoring—observing and analysing extensive geographic areas—is vital for 

managing widespread crop disease outbreaks. 
While UAV imagery offers high spatial resolution and flexible data acquisition, it is 

often limited in terms of spatial coverage and operational accessibility (Guo et al., 

2021b). In contrast, satellite imagery provides broad spatial coverage, but often lacks 

the fine resolution needed to capture subtle variation in crop health (Prins and Van 

Niekerk, 2021). Moreover, satellite data may suffer from atmospheric interference, 

cloud cover, and limited temporal/spatial resolution—all of which can reduce accuracy 

and reliability in agricultural monitoring (Mwinuka et al., 2022). 
To overcome the limitations of using either UAV or satellite data alone, researchers 

are increasingly using data-fusion techniques—integrating information from multiple 

imaging sources to create a combined dataset that leverages the strengths of each 

(Zhang et al., 2023). Multi-platform monitoring frameworks are now widely applied in 

precision agriculture. For example, (Revill et al., 2020) used Sentinel‑2 MSI data for 
winter-wheat LAI modelling, and found that UAV-derived models yielded far better 

accuracy (R² = 0.80 vs 0.29; normalized RMSE 11% vs 17%). By calibrating the 

satellite data in a two-stage method using averaged UAV predictions, they improved 

satellite LAI retrieval to R² = 0.88 and normalized RMSE = 8%. In another study, 

Mazzia et al. (2020) used UAV multispectral data to refine satellite-based vineyard 

vigour classification: satellite imagery alone lacked discriminative power due to 

background–vegetation mixing, but training a deep model on UAV data enabled 

satellite imagery to reach comparable discrimination levels. 
Researchers have proposed several methods for integrating multi-scale datasets. One 

approach is calibration or correction: high-resolution UAV data are used to correct 

satellite data. For instance, Zhang et al. (2019c) derived band‐wise correction 
coefficients from UAV multispectral data to retrieve SPAD (leaf chlorophyll) values 

from Sentinel-2 imagery, improving R² from 0.61 to 0.91. Another method is up-scaling: 

Liu et al. (2024b) up-scaled UAV data to satellite pixel size, and used regression-fitted 

satellite models corrected by UAV data—the corrected model achieved R² = 0.787 (an 

improvement of 0.157) and RMSE = 2.043. 
A third method is imagery fusion for parameter retrieval: Allu and Mesapam (2025) 

used Brovey and principal component analysis (PCA) fusion to combine UAV and 

satellite data, thereby leveraging UAV’s spatial detail and Sentinel-2’s spectral breadth; 

their results showed strong correlations (high R²) between fused imagery VIs and UAV 

reference data. The spatio‐temporal fusion study by Li et al. (2023) also demonstrated 

how daily synthetic imagery at high spatial resolution can better represent object 

boundaries and spatial texture compared to standard fusion methods. 
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These case studies illustrate how UAV data has often been used to enhance satellite-

based retrievals or classification frameworks. Despite the growing application of multi-

platform data fusion in agriculture, its use for large-scale disease monitoring remains 

relatively rare. Therefore, for comprehensive crop-disease surveillance, we propose that 

the future lies in the coordinated integration of airborne/UAV and satellite-based 

hyperspectral technologies. This combined approach promises improved accuracy, 

scalability and efficiency in monitoring crop health across variable scales. 
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The emergence and spread of crop diseases pose not only a severe threat to food 

security, but also undermine the sustainability of agricultural ecosystems and the 

economic well‑being of farmers. Achieving efficient and precise early detection of 
disease has thus become a critical challenge for modern precision agriculture. With the 
rapid advancement and adoption of technologies such as hyperspectral remote sensing, 

unmanned aerial vehicles (UAVs), and artificial intelligence models, researchers are 
increasingly able to assess crop health from the leaf to the canopy, and across both 

spatial and temporal scales. However, despite promising progress, the complex spectral 
mechanisms underlying disease response remain poorly understood. Moreover, 
data‑driven models can achieve high accuracy in disease monitoring, but often lack 

physical constraints, leading to overfitting and poor generalization. 
In response to these gaps, this doctoral study unfolds across five interlinked 

dimensions—symptom characterization, hyperspectral feature extraction, index 
development, model fusion, and spatiotemporal extension—to build a robust 

monitoring system specifically tailored for maize leaf spot disease. Chapter 2 reviews 
recent advances in hyperspectral remote sensing for crop disease monitoring; Chapter 3 
investigates the temporal sensitivity of multi‑source hyperspectral features; Chapter 4 
proposes a novel canopy‑scale disease sensitive index Chapters 5 and 6 introduce two 
integrative frameworks: PGDL (physical model-guided deep learning) and 
RS‑DeepSpread (Synergistic RS–deep learning and epidemic framework). Through this 
comprehensive approach, the study aims to enable early disease detection. 

Chapter 2 reviews hyperspectral remote sensing in crop disease monitoring. The 
chapter begins by describing the observable spectral symptoms of major crop diseases, 

then delves into key hyperspectral features—such as spectral–textural traits, pigment 
absorption, solar-induced chlorophyll fluorescence, and temporal dynamics. It then 
examines the detection algorithms in use, spanning traditional statistical methods, 
machine-learning approaches, and physically-based frameworks. The strengths of these 
methods—early disease detection, stressor differentiation, resistance assessment and 

large-scale monitoring—are highlighted. The chapter concludes by proposing future 

directions: integrating physical models with deep learning, enhancing the robustness 

and sensitivity of features, and developing open-access shared datasets to accelerate 

global progress in disease monitoring. 
Chapter 3 introduces the Disease Sensitive Index (DSI), a novel canopy‑scale metric 

specifically designed to detect early maize leaf diseases. The DSI exhibits strong 
responsiveness to pigment variation, rather than plant spacing, thereby offering the 

ability to isolate early disease onset. We applied this index to multispectral UAV data 
collected over multiple years and sites, demonstrating its robustness (R² = 0.69 in 2021 
and R² = 0.62 in 2022 for disease‑index estimation). Time‑series analysis of vegetation 

indices revealed that the DSI can identify infection onset as early as 10 days 

post‑infection. These findings suggest that the DSI is a promising tool for precision 
agriculture, enabling reliable early maize leaf spot monitoring. 

Chapter 4 investigates how sensitive UAV-based hyperspectral features are to maize 
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leaf spot disease. We tracked maize over 30 days post-infection using high-resolution 

UAV hyperspectral imaging, extracting biophysical parameters (via the PROSAIL 

model) and spectral features (reflectance, vegetation indices, and wavelet features). We 

found that wavelet features detected disease as early as day 6 after infection, followed 

by VIs at day 8 and changes in chlorophyll content at day 10. Classification models 

combining chlorophyll content, VIs, and wavelet features performed best, achieving up 

to 9.36 % higher accuracy than models using only VIs or spectra in early and severe 

stages. In mild and early severe stages, however, spectral-only models reached 86.21 % 

accuracy. These findings show that multi-source features are complementary in early 

and severe stages of disease but become redundant in the mild and early severe stages. 
Chapter 5 introduces a PGDL framework to improve UAV-based hyperspectral 

monitoring of maize leaf spot disease. We first generate three types of radiative transfer 

simulations — (1) uniformly varied chlorophyll content, (2) measured disease leaf 

spectra, and (3) mixed endmember spectra — to serve as physically informed priors. 

We then train deep neural networks using these simulations and transfer them to UAV-

collected hyperspectral data across four disease stages (early, mild, moderate, severe). 

Our results show that simulations based on real diseased leaf spectra (SIM #2 and SIM 

#3) align closely with UAV measurements (R² ~0.97–0.99). In disease-index retrieval, 

the PGDL models, especially when pre-trained on SIM #2, outperform both purely data-

driven and physically based approaches (early stage: R² = 0.76 in 2021, 0.70 in 2023). 

This study demonstrates that PGDL enhances early disease detection. 
Chapter 6 presents the RS‑DeepSpread framework, a novel integration of 

remote‑sensing‑driven deep learning and stochastic epidemic modelling for 
spatiotemporal monitoring of maize leaf spot disease. We combined the deep‑learning 
component predictive output with a stochastic epidemic spread model. RS‑DeepSpread 
significantly outperformed the standalone deep network: in 2021 it achieved quadratic 

weighted kappa (QWK) = 92.54 % and overall accuracy (OA) = 85.37 %, and in 2023 
QWK = 89.71 % and OA = 91.67 %. Moreover, it reduced under‑ and over‑estimation 
rates (2021: 5.36 % under, 8.93 % over; 2023: 3.97 % each) and forecasted epidemic 
peak timing up to three days earlier than field observations. These results demonstrate 

that coupling remote‑sensing deep learning with epidemic modelling offers a promising 

solution for timely, spatially explicit prediction of disease dynamics, supporting a shift 

from reactive to preventive disease management.
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