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ABSTRACT 

 

Huanglongbing (HLB) is one of the most severe diseases affecting citrus production, 

causing physiological alterations that impact leaf spectral response and compromise 

plant productivity. In this context, the objective of this study was to discriminate healthy 

and HLB-infected citrus plants using hyperspectral foliar data, with emphasis on 

identifying disease-sensitive spectral regions and evaluating the robustness of 

classification models under real field conditions. A total of 1,912 leaf samples from 89 

plants were analyzed, with spectral measurements acquired in the 350–2,500 nm 

range. The data were subjected to spectral preprocessing, dimensionality reduction 

using Principal Component Analysis (PCA), and classification using supervised 

machine learning algorithms. Model robustness was assessed through external 

validation using spatially independent orchard blocks, ensuring a more realistic 

evaluation of generalization under field conditions. The results demonstrated a high 

discrimination capacity between healthy and infected plants, with performance 

exceeding 94% in the main evaluation metrics at the plant level and greater stability 

compared to the leaf scale. The most relevant spectral regions were concentrated in 

the red, red-edge, near-infrared, and shortwave infrared domains, consistent with 

changes in pigments, mesophyll structure, and leaf water status. The proposed 

approach remained robust when evaluated using spatially independent orchard blocks, 

highlighting the potential of hyperspectral data and machine learning for scalable HLB 

monitoring under field conditions. 

 

keywords: hyperspectral remote sensing, Greening, precision agriculture, machine 

learning. 

  

 

 

 

 

 

 

 

 

 

 

  



 

 
 

RESUMO 

 

O Huanglongbing (HLB) é uma das doenças mais severas que afetam a citricultura, 

causando alterações fisiológicas que impactam a resposta espectral foliar e 

comprometem a produtividade das plantas. Nesse contexto, o objetivo deste estudo 

foi discriminar plantas cítricas sadias e infectadas por HLB utilizando dados foliares 

hiperespectrais, com ênfase na identificação de regiões espectrais sensíveis à doença 

e na avaliação da robustez de modelos de classificação sob condições reais de 

campo. Foram analisadas 1.912 amostras foliares provenientes de 89 plantas, com 

medições espectrais adquiridas na faixa de 350 a 2.500 nm. Os dados foram 

submetidos a etapas de pré-processamento espectral, redução de dimensionalidade 

por meio da Análise de Componentes Principais (PCA) e classificação utilizando 

algoritmos supervisionados de aprendizado de máquina. A robustez dos modelos foi 

avaliada por meio de validação externa utilizando blocos espacialmente 

independentes do pomar, proporcionando uma avaliação mais realista da capacidade 

de generalização em condições de campo. 

Os resultados demonstraram elevada capacidade de discriminação entre plantas 

sadias e infectadas, com desempenho superior a 94% nas principais métricas de 

avaliação em nível de planta e maior estabilidade quando comparado à escala foliar. 

As regiões espectrais mais relevantes concentraram-se nas faixas do vermelho, red-

edge, infravermelho próximo e infravermelho de ondas curtas, consistentes com 

alterações em pigmentos, estrutura do mesófilo e estado hídrico foliar. A abordagem 

proposta manteve-se robusta quando avaliada em blocos espacialmente 

independentes do pomar, evidenciando o potencial dos dados hiperespectrais e do 

aprendizado de máquina para o monitoramento escalável do HLB em condições reais 

de campo. 

 

Palavras-chave: sensoriamento remoto hiperespectral; greening; agricultura de 

precisão; aprendizado de máquina. 
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1. PROBLEM STATEMENT 

 
1.1 Introduction 

 
Brazil holds a prominent position in global citrus production, ranking among the 

world’s largest orange producers and as the leading exporter of processed orange juice, a 

sector of major economic importance to the national agribusiness. According to recent 

estimates from the Fund for Citrus Protection (FUNDECITRUS), Brazilian orange production 

for the 2025 season was estimated at 292.6 million 40.8-kg boxes, corresponding to 

approximately 13 million tons. This figure is lower than previous projections due to adverse 

climatic conditions, especially drought, and the impacts caused by Huanglongbing (HLB). 

Production is concentrated mainly in the state of São Paulo, the country’s principal citrus-

growing region, consolidating Brazil as a global reference in the citrus production chain 

(FUNDECITRUS, 2025; IBGE, 2022).  

Despite this favorable scenario, citrus production is constantly affected by factors that 

compromise orchard productivity and longevity, among which phytosanitary diseases stand 

out. In this context, Huanglongbing is considered the most severe disease affecting citrus 

crops, being responsible for significant production losses in several producing regions. It is 

a systemic disease associated with bacteria of the genus Candidatus Liberibacter, whose 

main management strategy consists of eradicating infected plants to contain disease spread 

within orchards (BOVÉ, 2006; GOTTWALD, 2010).  

One of the main challenges in HLB management is the difficulty of accurately 

identifying infected plants in the field. The disease's visual symptoms are often varied and 

can resemble those caused by nutritional deficiencies or other physiological stresses.  

Furthermore, the irregular distribution of the pathogen within the plant compromises the 

reliability of conventional diagnostic methods, since healthy and infected leaves may coexist 

in the same individual plant (GOTTWALD et al., 2007; BASSANEZI et al., 2011).  

Conventional diagnostic methods, such as visual inspection and molecular analysis 

by Polymerase Chain Reaction (PCR), present important limitations. Visual inspection is 

subjective and ineffective in detecting asymptomatic infections, while PCR, although highly 

sensitive and specific, is costly and has low operational feasibility when applied on a large 

scale (LI et al., 2006). Thus, the need for laboratory analysis of many samples, combined 

with the spatial variability of the disease, makes phytosanitary monitoring expensive and 

difficult to implement at orchard scale.  
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In this context, remote sensing has emerged as a promising alternative for non-

destructive assessment of plant phytosanitary status. Vegetation spectral reflectance is 

directly related to leaf biophysical and biochemical properties, such as pigment content, 

mesophyll structure, and water content (CURRAN, 1989; ASNER, 1998). Physiological 

alterations induced by HLB affect these parameters, producing detectable changes in foliar 

spectral signatures.  

Among available technologies, hyperspectral remote sensing stands out because it 

allows continuous acquisition of hundreds of narrow spectral bands, enabling detection of 

subtle variations distributed throughout the electromagnetic spectrum. This characteristic 

makes hyperspectral data particularly suitable for discriminating between different 

phytosanitary conditions, especially in situations where physiological changes cannot be 

adequately captured by conventional multispectral sensors (THENKABAIL; LYON; HUETE, 

2012; MAHLEIN et al., 2013).  

Several studies have demonstrated the potential of remote sensing in plant disease 

detection, highlighting its ability to identify spectral changes before visual symptoms become 

apparent (MAHLEIN et al., 2013; ZHOU et al., 2015). However, interpretation of these 

spectral variations is not trivial, since disease-related signals often manifest subtly and are 

distributed across the electromagnetic spectrum, making their detection difficult through 

conventional univariate statistical methods.  

In this scenario, machine learning techniques have been widely employed as tools 

for analyzing high-dimensional spectral data. Unlike traditional statistical approaches, 

supervised learning algorithms can explore complex and nonlinear multivariate relationships 

among spectral variables, enabling identification of discriminative patterns associated with 

disease presence (HASTIE; TIBSHIRANI; FRIEDMAN, 2009; BELGIU; DRĂGUŢ, 2016). 

Recent studies have demonstrated the successful use of these methods in classifying 

phytosanitary conditions in different agricultural crops based on remote sensing data 

(ASHOURLOO et al., 2016; BECK et al., 2015; DELALIEUX et al., 2007).  

Several studies have also demonstrated the potential of remote sensing applied to 

plant disease detection in citrus crops using terrestrial, aerial, and orbital platforms 

(SANKARAN et al., 2010; ZHOU et al., 2015). Nevertheless, despite recent advances, there 

is still no consensus regarding the most relevant spectral regions for discriminating against 

healthy and HLB-infected plants, and considerable variability is observed among results 

depending on the sensor used, the scale of analysis, and the methodologies employed.  
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Interpretation of these spectral data poses an additional challenge. Hyperspectral 

spectra present high dimensionality, strong collinearity between adjacent wavelengths, and 

often nonlinear relationships between reflectance and plant physiological status. Under 

these conditions, conventional statistical methods become limited in capturing complex 

patterns distributed across multiple bands simultaneously (BELLMAN, 1961; JOLLIFFE; 

CADIMA, 2016).  

In this context, supervised machine learning techniques assume a central role. Unlike 

traditional univariate approaches, these algorithms can model complex multivariate 

relationships, exploring nonlinear interactions among spectral variables, and identifying 

discriminative patterns associated with disease presence (HASTIE; TIBSHIRANI; 

FRIEDMAN, 2009; BELGIU; DRĂGUŢ, 2016). Recent studies have shown promising results 

with algorithms such as logistic regression, Random Forest, Support Vector Machines, and 

Gradient Boosting in the classification of phytosanitary conditions based on spectral data 

(ASHOURLOO et al., 2016; BECK et al., 2015; DELALIEUX et al., 2007).  

Given the physiological complexity of Huanglongbing and the high dimensionality of 

hyperspectral data, important challenges remain regarding the identification of disease-

related spectral signatures and their translation into robust classification models. In 

particular, the spectral regions most strongly associated with HLB-induced physiological 

alterations remain insufficiently understood, and the ability of machine learning algorithms 

to generalize under spatially independent field conditions requires further investigation. 

 

1.2 General Objective 

 
To characterize how physiological changes associated with Huanglongbing infection 

in orange trees are manifested in hyperspectral data, as well as to evaluate to what extent 

these changes can be detected by supervised machine learning algorithms under 

representative field conditions. 

 

1.3 Specific Objectives  

 

• To map the main approaches integrating remote sensing and artificial 

intelligence in the detection of HLB in orange trees;  
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• To determine variations in the spectral signatures of orange trees infected with 

HLB at both leaf and plant levels;  

• To evaluate the potential of supervised machine learning algorithms to classify 

HLB-infected and non-infected orange trees at both leaf and plant levels; 

•  To identify spectral regions that discriminate physiological changes 

associated with HLB infection in orange trees;  

 

1.4 Thesis Structure 

 
This dissertation is organized into six chapters that progressively develop the 

theoretical, methodological, and analytical foundations required to investigate the 

potential of hyperspectral remote sensing and machine learning for Huanglongbing 

(HLB) detection in citrus plants. The structure was designed to establish a logical 

connection between the current state of knowledge, the experimental procedures 

adopted, and the scientific evidence generated throughout the study. 

Chapter 1 – Problem Statement introduces the research context and presents 

the scientific and practical motivations underlying this work. The chapter discusses 

the importance of Brazilian citriculture, the economic and phytosanitary impacts of 

Huanglongbing, the limitations of conventional disease diagnosis methods, and the 

opportunities provided by hyperspectral remote sensing and machine learning 

technologies. The research objectives, hypotheses, and overall organization of the 

dissertation are also presented. 

Chapter 2 – Theoretical Background establishes the conceptual foundations 

necessary to support the research. Initially, the chapter addresses the etiology, 

epidemiology, physiological effects, and diagnostic challenges associated with HLB. 

Subsequently, the principles of hyperspectral remote sensing applied to vegetation 

analysis are discussed, emphasizing the interaction between electromagnetic 

radiation and plant tissues. Finally, the chapter presents the fundamentals of machine 

learning, highlighting its application to high-dimensional spectral datasets and its 

potential for disease detection and classification. 

Chapter 3 – State of the Art: A Review Analysis of Remote Sensing and 

Machine Learning Applications in Huanglongbing Detection presents a systematic 

literature review and scientometric analysis aimed at characterizing the current 

scientific landscape of HLB detection through remote sensing techniques and artificial 

intelligence methods. This chapter identifies the most frequently used sensors, 

platforms, preprocessing strategies, and machine learning approaches, while also 

highlighting existing knowledge gaps and future research opportunities. The findings 

obtained in this review provide the scientific basis for the methodological decisions 

adopted in the experimental phases of this dissertation. 
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Chapter 4 – Materials and Methods describes the complete methodological 

framework adopted throughout the study. The chapter presents the study area, 

experimental design, spectral database, procedures for hyperspectral data 

acquisition, preprocessing techniques, statistical analyses, machine learning 

workflow, validation strategies, and performance metrics. Furthermore, this chapter 

introduces the two complementary experimental investigations conducted in this 

research. The first experiment focuses on identifying spectral regions associated with 

physiological alterations induced by HLB through statistical analyses performed at 

both leaf and plant levels. The second experiment investigates the ability of 

supervised machine learning algorithms to discriminate healthy and infected plants 

under spatially independent validation scenarios, assessing the robustness and 

generalization capability of predictive models under realistic field conditions. 

Chapter 5 – Discussion integrates and interprets the results obtained 

throughout the dissertation. The findings from the literature review, statistical 

analyses, and machine learning experiments are jointly discussed to establish 

connections between disease physiology, spectral responses, and predictive 

modeling performance. Particular emphasis is given to the physiological 

interpretation of discriminative spectral regions, the advantages and limitations of 

different analytical scales, the influence of spatially independent validation strategies, 

and the implications of the results for operational HLB monitoring. This chapter also 

discusses the potential application of the identified spectral regions in the 

development of future multispectral and hyperspectral sensing systems for citrus 

disease detection. 

Chapter 6 – Final Considerations summarizes the main scientific contributions 

of the dissertation and revisits the research objectives in light of the results obtained. 

The chapter highlights the relevance of integrating hyperspectral spectroscopy and 

machine learning for HLB detection, discusses the methodological and practical 

limitations of the study, and presents recommendations for future investigations, 

including the evaluation of additional environmental conditions, temporal monitoring 

approaches, and the development of operational remote sensing solutions for large-

scale citrus disease surveillance. 

Finally, the References section compiles all bibliographic sources cited 

throughout the dissertation, following the academic standards established by the 

Graduate Program in Cartographic Sciences. 

 

2. THEORETICAL BACKGROUND 

 
2.1 Huanglongbing: Pathophysiology, Symptoms, and Diagnostic Limitations 

 

From an etiological perspective, HLB is caused by bacteria of the genus Candidatus 

Liberibacter, with the main species being Candidatus Liberibacter asiaticus (CLas), 
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6. FINAL CONSIDERATIONS 

 
This dissertation advances the scientific understanding of Huanglongbing detection by 

demonstrating that physiological changes induced by the disease are consistently 

manifested in hyperspectral foliar reflectance and can be reliably detected through 

supervised machine learning methods. 

The research contributes to three complementary dimensions: first, by consolidating the 

international methodological panorama regarding HLB detection through remote sensing; 

second, by identifying statistically robust spectral regions directly associated with disease-

induced physiological alterations; and third, by validating predictive classification models 

under spatially independent field conditions, ensuring methodological robustness and 

practical relevance. 

The results confirm that the most informative spectral domains are concentrated in the 

red, red-edge, near-infrared, and shortwave infrared regions, reinforcing their central 

importance in future sensor design and operational disease monitoring systems. Among 

the evaluated models, logistic regression proved especially effective, combining high 

predictive accuracy with interpretability and computational simplicity. 

The study also demonstrates that plant-level aggregation offers superior analytical 

stability compared with leaf-level approaches, representing a more realistic scale for field 

implementation. This finding has direct implications for future deployment of automated 

monitoring systems in citrus orchards. 

Despite these advances, some limitations remain. The experimental dataset is restricted 

to a single geographic area and one acquisition period, which limits broader environmental 

generalization. In addition, the absence of multi-season temporal validation prevents 

assessment of seasonal spectral variability effects on model transferability. 

Future studies should therefore prioritize expanding sampling across different citrus-

producing regions, incorporating multiple cultivars and environmental conditions, and 

evaluating temporal consistency across successive crop seasons. The integration of UAV-

mounted multispectral sensors and transfer learning approaches also represents a 

promising direction for scaling the methodology toward operational phytosanitary 

surveillance. In conclusion, the integration of hyperspectral remote sensing and supervised 

machine learning constitutes a robust, interpretable, and scalable scientific approach for 
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HLB monitoring in citrus crops, offering strong potential to support precision agriculture 

strategies and improve phytosanitary management in Brazilian citriculture. 
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