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Introduction: Sesame (Sesamum indicum L.) is highly susceptible to leaf 
blight caused by Corynespora cassiicola and bacterial leaf spot caused by 
Pseudomonas syringae, both of which can cause substantial yield and quality 
losses. Conventional detection methods are limited to post-symptom diagnosis, 
limiting opportunities for timely intervention. Early asymptomatic detection is 
essential for stable production and economic sustainability.
Methods: We developed a hyperspectral imaging framework integrated with 
machine learning algorithms for early sesame leaf diseases detection by 
implementing a 3 × 3 patch-based approach to capture spatial–spectral disease 
patterns. Hyperspectral images (450–950 nm) were acquired using dedicated 
hyperspectral imaging equipment. The 3 × 3 patch extraction method captured 
spatial–spectral disease progression patterns, including infected areas and 
surrounding healthy tissues, to enable effective early disease detection. 
Three preprocessing methods [Raw reflectance spectra, Savitzky–Golay (SG) 
smoothing, and 1st derivative] were evaluated. Wavelength selection was 
performed using the Sequential Projection Algorithm (SPA), Genetic Algorithm 
(GA), and Competitive Adaptive Resampling (CARS). Feature extraction included 
three spectral features (mean, standard deviation, and range) and five vegetation 
indices [Normalized Difference Vegetation Index (NDVI), Red Chlorophyll Index 
(RCI), Photochemical Reflectance Index (PRI), Anthocyanin Reflectance Index 
(ARI), and Plant Senescence Reflectance Index (PSRI)]. Each preprocessing–
effective wavelength combination was applied to Support Vector Machine 
(SVM), Partial Least Squares Discriminant Analysis (PLS-DA), Random Forest (RF), 
and Extreme Gradient Boosting (XGBoost) models.
Results: Comparative analysis revealed that the SG-SPA-SVM and Raw-GA-SVM 
models achieved the highest classification performance, each with 97.8% accuracy 
on the test set. The proposed framework enabled early asymptomatic diagnosis 
as soon as 1 day post-inoculation, preceding visual symptom development.
Discussion: Integrating hyperspectral imaging with patch-based spatial–spectral 
analysis and machine learning enables accurate, early, and pathogen-specific 
detection of sesame leaf diseases. The reduced wavelength requirements of 
the GA-based approach improve feasibility for lightweight, cost-effective 
multispectral sensor development, thereby supporting sustainable sesame 
production and precision agriculture.
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1 Introduction

Sesame (Sesamum indicum L.) is among the oldest oilseed crops 
cultivated by humans and holds considerable economic and nutritional 
importance worldwide (Namiki, 2007). Global sesame production is 
approximately 6 million tons annually, with major producing countries, 
such as Sudan, Myanmar, and India, accounting for more than 60% of 
the total production (Wei et al., 2022). Sesame is rich in protein 
(17.7 g/100 g), fat (55%), and essential minerals, including calcium, 
magnesium, and iron. Lignan compounds, including sesamin, sesamol, 
and sesamolin, exhibit potent antioxidant, anti-inflammatory, and 
anticancer properties (Oboulbiga et al., 2023; Li et al., 2024). 
Additionally, sesame contains high levels of unsaturated fatty acids, 
with oleic acid accounting for 38.84% and linoleic acid for 46.26% of 
total fatty acids. Clinical studies indicate that sesame oil consumption 
reduces LDL cholesterol levels by 9.5% and increases HDL cholesterol 
levels, thereby offering benefits for cardiovascular disease prevention 
(Namayandeh et al., 2013; Aluganti Narasimhulu et al., 2018). However, 
this economically important crop is severely threatened by leaf blight 
caused by Corynespora cassiicola and bacterial leaf spot caused by 
Pseudomonas syringae both of which result in substantial damage to 
sesame cultivation. Corynespora cassiicola is a polyphagous pathogen 
infecting more than 530 plant species and prevalent in tropical and 
subtropical regions, causing yield losses of 10–42% in soybeans and 
considerable economic damage to cotton (Dixon et al., 2009; Sumabat 
et al., 2018; Edwards Molina et al., 2022). In Florida’s tomato industry, 
this pathogen causes losses exceeding $3,000 per acre within a market 
valued at $500 million annually, demonstrating its destructive potential 
(MacKenzie et al., 2018). In sesame, the pathogen induces dark brown 
lesions and chlorosis in leaf tissues, causes premature defoliation and 
plant death, and severely reduces yield and quality (Jia et al., 2021). 
Pseudomonas syringae produces small water-soaked lesions on leaves 
that progress to total leaf necrosis. Although primarily reported in Asia, 
recent occurrences have also been documented in North America 
(Gardan et al., 1999; Firdous et al., 2009; Duin et al., 2024).

Existing disease detection methods rely on traditional techniques, 
which exhibit severe limitations. Visual detection requires experienced 
specialists, is labor-intensive, and depends on subjective judgment, 
leading to considerable inter-individual variability (Del Ponte et al., 
2017; Bock et al., 2020). Laboratory-based detection offers high 
accuracy; however, it requires destructive sampling, prolonged 
analysis times, expensive equipment, and skilled operators, thereby 
presenting economic barriers to large-scale farm implementation 
(Law et al., 2014; Zhao et al., 2014). The primary limitation of existing 
methods is their ability to detect diseases solely after visible symptoms 
appear, resulting in substantial economic losses and missed early 
intervention opportunities (Mahlein, 2016; Lowe et al., 2017). 
Hyperspectral imaging (HSI) has emerged as a revolutionary 
alternative for overcoming these limitations. HSI is a non-destructive 
method that collects continuous spectral data for each pixel, resulting 
in three-dimensional data cubes capable of detecting subtle 
physiological and biochemical changes not visible to the naked eye. 
The applicable spectral range varies according to the sensor type: 

visible–near infrared (VNIR) systems typically cover 400–1,000 nm, 
whereas short-wave infrared (SWIR) and extended systems can reach 
up to 2,500 nm. The primary benefit of HSI lies in its ability to identify 
diseases during asymptomatic stages by detecting changes in 
chlorophyll content, cellular structure, and water content several days 
to weeks before visible symptoms emerge (Lu et al., 2020; Nguyen et 
al., 2021). Recent agricultural studies using HSI for disease diagnosis 
have yielded promising results, with classification accuracies of 
95.73% for soybean charcoal rot using three-dimensional 
convolutional neural networks (3D-CNNs), 98.5–99.9% for sugar beet 
Cercospora, and >98% for early detection of barley Magnaporthe 
within 24 h post-inoculation. This highlights its potential for 
asymptomatic early-stage infection detection (Arens et al., 2016; Zhou 
et al., 2018; Nagasubramanian et al., 2019).

Selecting key wavelengths critical for disease detection from 
numerous bands in hyperspectral data and applying them to machine 
learning (ML) algorithms is central to developing practical diagnostic 
systems. HSI consists of high-dimensional data containing hundreds 
of consecutive spectral bands ranging from 400 to 2,500 nm. 
Dimensionality reduction is essential because of the high correlation 
and redundancy between adjacent wavelengths (Lowe et al., 2017; 
Fabelo et al., 2018). Effective wavelength selection enhances processing 
speed by reducing computational complexity, improves model 
performance by minimizing noise, identifies physiologically relevant 
wavelengths, and provides a basis for practical multispectral sensor 
design (Elmasry et al., 2012). Wavelength selection methods 
encompass the Successive Projection Algorithm (SPA), the Genetic 
Algorithm (GA), and Competitive Adaptive Reweighted Sampling 
(CARS). Studies have demonstrated that selecting sets of 10–30 
wavelengths can achieve classification performance equivalent to that 
of using the full spectrum (Li et al., 2009; Zhu et al., 2017). Various 
ML algorithms have been applied to plant disease detection, each with 
unique characteristics. Support Vector Machine (SVM) is particularly 
effective for high-dimensional datasets, particularly when the feature 
count exceeds the sample size. Using an RBF kernel for nonlinear 
separation demonstrates excellent performance, achieving 97% 
accuracy in sugar beet disease detection (Hearst et al., 1998; Rumpf et 
al., 2010; Mahlein et al., 2013). Partial Least Squares Discriminant 
Analysis (PLS-DA) is a supervised learning method effective for class 
discrimination in high-dimensional hyperspectral data. It is 
particularly suited for classification and biomarker selection, 
demonstrating enhanced performance in metabolomics and plant 
trait prediction studies. This method offers simultaneous 
dimensionality reduction and discriminant information preservation 
(Barker and Rayens, 2003; Burnett et al., 2021). Random Forest (RF) 
is an ensemble method of multiple decision trees. It demonstrates 
resilience to overfitting, facilitates variable importance assessment for 
high interpretability, and offers the advantage of relatively 
straightforward hyperparameter tuning (Breiman, 2001; Szymańska 
et al., 2012; Belgiu and Drăguţ, 2016). eXtreme Gradient Boosting 
(XGBoost) is an advanced gradient boosting algorithm that achieves 
high predictive performance via sequential weak learner ensembles. 
It demonstrates a coefficient of determination (R2) = 0.85 accuracy in 
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HSI-based plant metabolite prediction and 89% classification accuracy 
in wheat fusarium head blight detection (Chen and Guestrin, 2016; 
Yoon et al., 2023; Mustafa et al., 2024).

This study introduces a 3 × 3-pixel patch-based analysis aimed at 
optimizing computational efficiency while effectively utilizing spatial 
information. Small spatial windows effectively capture fine features of 
lesion boundaries while maintaining low computational complexity 
(Mohanty et al., 2016). The perilesional zone, located adjacent to 
healthy tissue, is particularly important because it represents an active 
region of pathogen spread and plant defense responses, offering 
essential insights for early detection (Kuska et al., 2015). By integrating 
the spatial relationships between the central pixel and its eight 
neighboring pixels, this approach improves robustness to sensor noise 
and achieves higher classification accuracy than single-pixel analysis 
(Qin et al., 2025). This spatial–spectral integration approach represents 
a balanced method that effectively leverages the high-dimensional 
data of hyperspectral imagery while mitigating the risk of overfitting 
(Nagasubramanian et al., 2019).

To date, existing research on sesame disease detection have been 
extremely limited, with no studies addressing multi-pathogen 
classification via integrated spatial-spectral analysis (Grieve et al., 2019; 
Ram et al., 2024). To address this gap, this study aimed to develop a 
comprehensive framework for the early diagnosis and multi-classification 
of sesame leaf diseases using HSI and ML. The specific objectives were 
as follows: (1) to analyze the spectral differences among control, 
C. cassiicola, and P. syringae infections during the early post-inoculation 
stage (0–4 days); (2) to implement a 3 × 3 patch-based spatial–spectral 
fusion to capture disease progression patterns; (3) to evaluate 
combinations of three preprocessing methods [Raw reflectance spectra, 
Savitzky–Golay (SG) smoothing, and 1st derivative] and four wavelength 
selection algorithms (Raw, SPA, GA, and CARS) for identifying optimal 
spectral features; (4) to integrate three spectral features, including mean, 
standard deviation, range, with five complementary vegetation indices, 
including the Normalized Difference Vegetation Index (NDVI), Red 

Chlorophyll Index (RCI), Photochemical Reflectance Index (PRI), 
Anthocyanin Reflectance Index (ARI), Plant Senescence Reflectance 
Index (PSRI), in quantifying diverse physiological responses to pathogen 
infection; (5) to compare and evaluate four ML algorithms (SVM, 
PLS-DA, RF, and XGBoost) via systematic evaluation of multi-class 
classification tasks. The proposed methodology is anticipated to achieve 
robust early-stage disease detection by integrating innovative patch-
based analysis, comprehensive spectral data preprocessing, and ML 
approaches. This integrated framework is expected to not only advance 
the fundamental understanding of host-pathogen interactions via 
hyperspectral signatures but also offers a practical solution for real-time 
disease monitoring in sesame production systems.

2 Materials and methods

2.1 Overall workflow

The overall workflow for the early detection of sesame leaf 
diseases is presented in Figure 1. The process consisted of the 
following steps: (a) pathogen inoculation of sesame plants with 
control (W), C. cassiicola (C), and P. syringae (P) treatments at 
0–4 days post-inoculation (DPI); (b) hyperspectral image acquisition 
using SPECIM FX10e sensor; (c) image calibration with white/dark 
references; (d) leaf extraction via NDVI-based segmentation; (e) 
lesion labeling for supervised learning; (f) spectral data preprocessing 
using Raw, SG, and 1st derivative methods; (g) 3 × 3 patch extraction 
from labeled regions, (h) effective wavelength extraction using Raw 
spectrum, SPA, GA, and CARS algorithms; (i) spectral data feature 
extraction, encompassing statistical measures (mean, standard 
deviation, and range) and vegetation indices (NDVI, RCI, PRI, ARI, 
and PSRI); (j) patch-level multi-classification using SVM, PLS-DA, 
RF, and XGBoost models; and (k) leaf-level classification to facilitate 
final disease diagnosis.

FIGURE 1

Overall workflow. DPI, days post-inoculation.
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2.2 Plant materials and experimental design

The sesame (Sesamum indicum L.) cultivar ‘Haniol’ was selected 
and sourced from the Rural Development Administration of Korea due 
to its commercial importance and susceptibility to leaf diseases. Seeds 
were disinfected with benzimidazole-based fungicide, washed three 
times with sterile water, and sown in plastic pots (diameter 120 mm, 
height 115 mm) filled with commercial potting soil for cultivation in a 
plant growth chamber. Plants were grown under conditions of 28/25 °C 
(day/night), 30–80% relative humidity, 16/8-h photoperiod, and 
250 μmol m−2 s−1 photosynthetic photon flux density. Four weeks post-
sowing, uniform plants at the V3 growth stage were selected and the 
third true leaf was used for the experiments. A total of 255 individuals 
were used in this study and divided into three treatment groups: (1) 
sterile water inoculation control group, W; (2) C. cassiicola MR 4431 
inoculation group, C; and (3) P. syringae MR 45261 inoculation group, 
P. Each treatment group comprised 85 individuals, and experiments 
were performed in triplicate. Leaves were harvested from pot-grown 
plants, and hyperspectral images were captured at 0 DPI. The leaves 
were subsequently spray-inoculated with pathogens and transferred to 
plastic containers (295 × 230 × 85 mm) to maintain high humidity.

2.3 Pathogen culture and inoculation

The C. cassiicola MR 4431 and P. syringae MR 45261 strains were 
obtained from the Smart Agricultural Technology Division (National 
Institute of Crop Science, Rural Development Administration of the 
Republic of Korea). The C. cassiicola MR 4431 strain was cultured on 
Potato Dextrose Agar (PDA) medium at 25 °C in the dark for 7 days. 
Spores were harvested by washing the culture surface with sterile water 
and filtering it through a gauze. The spore concentration was adjusted to 
1 × 105 spores mL−1 using a hemocytometer. The P. syringae MR 45261 
strain was cultured on Tryptic Soy Agar (TSA) medium at 28 °C for 48 h. 
Bacterial cells were suspended in sterile water and adjusted to OD₆₀₀ = 1.0 
(approximately 1 × 109 cells mL−1) using a spectrophotometer (DS-11+, 
DeNovix Inc., USA). The harvested leaves were placed in sterile plastic 
containers lined with sterile filter paper and moistened with sterile water 
to maintain high humidity. Inoculation was performed using a portable 
sprayer, and the containers were sealed and maintained in a growth 
chamber. Disease progression was monitored daily for four DPI (Figure 1).

2.4 Hyperspectral image acquisition

Hyperspectral images were acquired using a SPECIM FX10e sensor 
(Specim Ltd., Finland), covering a spectral range of 400–1,000 nm across 
224 consecutive bands. The imaging system was configured in line-
scanning mode with 1,232 spatial pixels, mounted 30 cm above the 
sample stage in a darkroom. The conveyor belt speed was optimized 
based on the working distance to achieve optimal spatial resolution. 
Illumination was provided by two halogen lamps positioned at 45° angles 
to minimize specular reflection. The hyperspectral imaging system is 
presented in Supplementary Figure 1. Imaging was conducted at the 
same time each day to minimize diurnal variations, and 150 
hyperspectral images were acquired from 0 to 4 DPI. Radiometric 
calibration was performed using a 99% white reference panel (Spectralon, 
Labsphere Inc., USA), while dark current measurements were acquired 

before each imaging session. The raw digital values were converted to 
reflectance values using the following Equation 1:

	

−
=

−
o d

w d

I IR
I I 	

(1)

where R is the calibration image; Io is the original image; Id is the 
dark reference image; and Iw is the white reference image. Spectrally 
and radiometrically calibrated images were subsequently obtained.

2.5 Hyperspectral image processing

Hyperspectral images were analyzed using the NDVI for data 
segmentation and extraction of pure leaf areas. Subsequently, 
lesions within the leaf regions were manually labeled to generate 
region of interest (ROI) labels for supervised learning. The labeling 
timing was refined based on lesion development patterns, with 
lesion areas from samples at 4 DPI labeled for C. cassiicola MR 4431 
and P. syringae MR 45261 when the symptoms were clearly 
observable. Healthy control samples (non-treated) were labeled by 
uniformly selecting data from 0 to 4 DPI. Spectral data were 
extracted from the original hyperspectral image data using ROI 
coordinates. Data extraction was performed for 224 bands within 
the 400–1,000 nm range; however, only 184 bands in the 
450–950 nm range were used for data processing to remove noise.

A 3 × 3-pixel patch-based approach was implemented to 
incorporate the spatial context. Spatial patches containing the central 
pixel and its eight neighboring pixels were extracted for each labeled 
pixel located at the coordinates (x, y). Given a hyperspectral image I 
with dimensions H × W × B (height, width, and bands), where each 
pixel contains a spectral vector, the 3 × 3 patch centered at positions 
(x and y) can be formally defined as follows (Equation 2):

	 ( ) { }λ= ∈ − + ∈ − +      ,,y |, 1, 1 |, 1, 1iPatch x I i x x j y y 	 (2)

where Patch(x, y) is the 3 × 3 patch centered at pixel (x, y); I(i, j) is 
the spectral vector at pixel position (i, j); (x, y) is the coordinates of the 
center pixel. Each patch retained complete spectral information for 
the center coordinates and number of included pixels (maximum 9).

The class label for each patch was assigned based on the annotation 
of the central pixel. Consequently, patches extracted from lesion 
boundary regions may comprise both diseased and healthy pixels. This 
design was intentional, as the perilesional zone (where healthy and 
diseased tissues interface) serves as an active region for pathogen 
spread and plant defense responses, thereby providing critical spectral 
signatures for early disease detection (Kuska et al., 2015).

Three spectral data preprocessing methods were subsequently 
evaluated from the patch data: (1) Raw reflectance spectra maintaining 
the original reflectance values; (2) SG for noise reduction 
(window = 11, polyorder = 2); and (3) 1st derivative to enhance 
absorption features and minimize baseline effects.

Following patch data preprocessing, four effective wavelength 
extraction algorithms were applied: (1) the raw spectrum includes all 
184 bands; (2) the Successive Projection Algorithm (SPA) minimizes 
orthogonality with previously selected wavelengths to minimize 
redundant information; (3) the GA is an evolutionary algorithm 
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mimicking natural selection principles that searches for optimal 
wavelength combinations through crossover and mutation; (4) CARS 
iteratively assesses variable importance based on PLS regression 
coefficients. A grid search was employed across all methods to select 
15–30 optimal effective wavelengths.

Three spectral feature measures and five vegetation indices were 
calculated for each wavelength from the patch data and employed as 
patch features (Table 1). Spectral features included the mean, standard 
deviation, and range of wavelength bands within the 3 × 3 patches. 
The vegetation indices used were the NDVI, RCI, PRI, ARI, and 
PSRI. The NDVI is the most widely used vegetation index that 
evaluates plant photosynthetic activity and biomass by normalizing 
the difference between red and near-infrared reflectance (Rouse et al., 
1974). Healthy plants exhibit high values owing to red light absorption 
by chlorophyll and strong near-infrared reflection by cellular 
structures, whereas diseased plants present lower values. The RCI 
directly estimates chlorophyll content and can detect early chlorophyll 
degradation due to pathogen infection (Clevers and Gitelson, 2013). 
The PRI assesses photosynthetic light-use efficiency by detecting 
minor variations in wavelengths associated with the xanthophyll cycle 
(Gamon et al., 1997). It responds sensitively to short-term 
environmental stress, enabling the capture of physiological changes 
that arise during the early stages of pathogen infection. The ARI 
quantifies the anthocyanin pigments that accumulate in response to 
stress conditions (Gitelson et al., 2001). The PSRI assesses the 
chlorophyll-to-carotenoid ratio as a measure of plant senescence and 
stress levels; as disease progresses, chlorophyll degrades, while 
carotenoids remain relatively stable, potentially causing PSRI to 
increase (Merzlyak et al., 1999).

2.6 Machine learning classification and 
visualization

Four ML algorithms (i.e., SVM, PLS-DA, RF, and XGBoost) were 
used to compare the multi-class classification performance among 
the control, C. cassiicola MR 4431, and P. syringae MR 45261 
treatment groups. The patch-level dataset was divided into training 
(80%) and test (20%) sets via stratified sampling. The leaf-level 
dataset was constructed using 27 newly collected leaves. Class weights 
were applied to the training data to address class-imbalance issues. 
The sample distribution was W:C:p = 3:1:1, with the control class (W) 
intentionally oversampled to capture a comprehensive range of 
normal spectral variability across diverse healthy tissue types. To 
address this class imbalance, inverse-ratio class weights 
(W:C:p = 1:3:3) were incorporated during model training. The 
hyperparameters for each algorithm were optimized using five-fold 
cross-validation and grid search methods to investigate the optimal 
parameter combinations. The SVM was configured with the 
regularization parameter C [1, 10], Radial Basis Function (RBF), and 
gamma parameters [scale, 0.01, 0.001]. The PLS-DA was set using 
10–25 latent variables. The RF was configured with number of 
estimators [200, 300], maximum tree depth [10, 20, 30], and 
minimum sample number [5, 10]. XGBoost was set using boosting 
rounds [500], maximum tree depth [5, 7], learning rate [0.1, 0.01], 
subsample ratio [0.6, 0.8], and early stopping rounds [20] to prevent 
overfitting. The model performance was evaluated using an 
independent test set, employing various evaluation metrics, including 
accuracy, precision, recall, and F1-score Equations 3–6.
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TP, TN, FP, and FN represent true positives, true negatives, false 
positives, and false negatives, respectively.

Classification model development was performed using a 
hierarchical approach at both patch and leaf levels. In patch-level 
classification, the spectral features [mean, standard deviation, and 
range] and vegetation indices [NDVI, RCI, PRI, ARI, and PSRI] of 
each patch were used as feature vectors to classify the control (W), 
C. cassiicola MR 4431 (C), and P. syringae MR 45261 (P) infection 
classes. Patch-level classification is designed to detect localized 
physiological changes caused by pathogen infections. In leaf-level 
classification, patches were generated from all pixels within 
individual leaf regions of the test set, the spectral features and 
vegetation indices of the patches were calculated, and the optimal 
patch-level multi-class classification model was applied using a 
lesion area ratio-based methodology. Aggregation of patch-wise 
classification results involved calculating the proportion of patches 

TABLE 1  Spectral features and vegetation indices.

Feature Index Formula

Spectrum

Mean
λ λ=

=
∑19
9

,
1

R Ri
i

Standard deviation ( )σλ λ λ= −
=
∑19
9 2

,
1
R Ri

i

Range ( ) ( )= −max min, ,Range R Ri iλ λ λ

VIs

NDVI −
+

800 670
800 670

R R
R R

RCI −1800
670

R
R

PRI −
+

531 570
531 570

R R
R R

ARI −
1 1

550 700R R

PSRI −678 500
750

R R
R
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classified as control, C. cassiicola, or P. syringae within each leaf 
region (Equations 7–9).

	
( ) ( )

( )
= ×% 100

W patches
W rate control

all patches 	
(7)

	
( ) ( )

( )
= ×. % 100

C patches
C rate C cassiicola

all patches 	
(8)

	
( ) ( )

( )
= ×. % 100

P patches
P rate P syringae

all patches 	
(9)

In the final diagnosis, Receiver Operating Characteristic (ROC)-
based thresholding was applied, whereby calculated lesion area ratio 
values were compared with optimal thresholds derived from ROC 
analysis to determine final leaf classification. Comprehensive ROC 
curves was performed using a conservative true negative (TN) = 0 
criterion (specificity = 100%) to ensure that all control samples were 
accurately classified as healthy controls.

2.7 Statistical analysis and data processing

All experiments were performed in triplicate, and the results are 
presented as mean ± standard deviation. Statistical significance 
among treatment groups was verified using one-way analysis of 
variance (ANOVA) and Tukey’s HSD post-hoc test (p < 0.05). 
Duncan’s multiple range test was used for multiple comparisons 
involving more than three groups to identify homogeneous subsets 
and rank the differences between treatments. Spectral data analysis, 
ML model construction, and statistical analyses were performed in 
Python 3.10 environment using scikit-learn, numpy, pandas, 
matplotlib, and seaborn libraries. The overall data processing 
workflow proceeded as follows: image acquisition and preprocessing, 
spectral extraction and labeling, patch generation, preprocessing 
application, effective wavelength selection, patch feature extraction, 
model training and validation, and performance evaluation. A 
systematic comparative analysis was conducted on 144 combinations 
(3 treatments × 3 preprocessing methods × 4 effective wavelength 
groups × 4 classification algorithms).

3 Results

3.1 Sesame leaf spectral characteristics 
analysis and preprocessing

Analysis of patch-level average spectral reflectance changes 
according to treatment status in sesame leaves [control (W), 
C. cassiicola MR 4431 (C), and P. syringae MR 45261 (P)] revealed 
distinct differences across the 450–950 nm wavelength range 
(Figure 2A). Particularly significant differences were observed in the 
visible light (520–680 nm) and near-infrared (720–800 nm) regions. 
The W leaves exhibited strong absorption peaks at approximately 
680 nm owing to chlorophyll absorption and high reflectance in the 
near-infrared region above 720 nm. The C lesions showed the lowest 
reflectance values at 550 nm, followed by an increase in reflectance 
from 550 to 680  nm. This suggests chlorophyll degradation and a 
relative increase in carotenoid pigment levels. The P lesions consistently 
demonstrated high reflectance values in the visible light region of 
500–700 nm, with a decreasing trend observed after 700 nm. A 
comparison of the three spectral data preprocessing methods revealed 
that SG smoothing was effective for noise reduction, whereas the 1st 
derivative emphasized subtle spectral differences. Rapid changes were 
detected at 520, 570, and 720 nm (Figures 2B,C). Spectral analysis 
revealed distinct reflectance patterns among the three classes (Figure 2), 
forming the basis for subsequent wavelength selection.

3.2 Effective wavelength extraction

After generating the 3 × 3 patches and completing each spectral data 
preprocessing step, four effective wavelength extraction algorithms (Raw, 
SPA, GA, and CARS) were applied to each preprocessing method, 
resulting in 12 preprocessing-effective wavelength selection 
combinations (Table 2, Supplementary Table 1). SPA selected the highest 
number of effective wavelengths, with 36, 39, and 38 wavelengths for the 
Raw, SG, and 1st derivative, respectively. Conversely, GA selected 32, 32, 
and 31 wavelengths, while CARS selected the fewest effective 
wavelengths, with 18, 17, and 16 wavelengths, respectively. SPA 
combinations (blue) demonstrated a broader distribution concentrated 
in the 450–550 nm region, whereas the GA and CARS combinations 
(green and red) exhibited relatively uniform distributions across the 
spectrum; however, they were clustered in the 500–600 nm and 

FIGURE 2

Average reflectance values for W-C-P classes after spectral data preprocessing. (A) Raw; (B) SG; (C) 1st derivative.
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650–730 nm regions (Figure 3). This pattern is consistent with the 
differences identified in the spectral characteristic analysis, thereby 
confirming that numerous wavelengths were selected in these regions.

3.3 3×3 patch-based features extraction

Spatial–spectral integration analysis through 3 × 3 patch 
generation derived comprehensive feature sets from preprocessed 
spectral data and extracted spectral features and vegetation indices 
from each patch. The Raw-GA combination was randomly selected as 
representative (Figure 4). Mean spectral reflectance values exhibited 
significant gaps between the control and lesion patches in the 
532–658 nm range, with the control patches showing relatively lower 
reflectance values. From 720 to 737 nm, the control reflectance values 
exceeded those of both lesion patches, maintaining the order of the 
control, C lesion, and P lesion up to 950 nm. This suggests 
heterogeneous tissue damage and irregular pigment distribution 
within the 3 × 3 patch area. Spectral standard deviation and range 
showed minimal variability in the control patches, whereas both lesion 
patches demonstrated sharp differences from the control in the 
532–658 nm range, increasing from 699 nm and maintaining 
approximately two-fold differences beyond 720 nm. This indicates 
substantial spatial heterogeneity, where adjacent pixels within the 
same patch show markedly different spectral responses owing to 
localized disease progression patterns in the region beyond 700 nm.

The vegetation index analysis revealed distinct physiological 
characteristics among the treatment groups. NDVI was highest for 
control patches (μ = 0.815), followed by P lesions (μ = 0.782), and 
lowest for C lesions (μ = 0.761) (Figure 5). This reflects a progressive 
reduction in photosynthetic activity and chlorophyll content. RCI 
demonstrated the clearest separation among treatment states, with 
control patches (μ = 9.081) maintaining significantly higher values 
than those of both C and P lesion patches (C: μ = 6.674, P: μ = 7.381), 
thereby confirming substantial chlorophyll degradation in both 
lesions regardless of pathogen type. PRI revealed differential stress 
responses between the two lesion patches: control patches showed 
positive values (μ = 0.010), whereas C and P lesions exhibited negative 
values (C: μ = −0.028, P: μ = −0.014). This indicates photosynthetic 
stress induction. ARI showed an opposite pattern to that of other 
vegetation indices, with control patches exhibiting the lowest values 
(μ = −1.896) and both C and P lesion patches showing significant 
increases (C: μ = −0.733, P: μ = −0.035). This suggests that 
anthocyanin accumulation is a universal stress response mechanism 
across the C- and P-lesion patch types. PSRI showed no significant 
differences among the control, C, and P lesions, thereby suggesting 
that it may represent a mechanism distinct from senescence processes.

3.4 Patch-level multi-classification model 
performance comparison

Four ML algorithms were applied using 12 preprocessing–
effective wavelength group combinations for patch-level multi-
classification of three classes (W, C, and P). The models with the 
highest F1 scores for each multi-classification algorithm are listed 
in Table 3. Among the SVM algorithms, the multi-classification 
models with the SG-SPA and Raw-GA treatment combinations 
achieved a test dataset accuracy of 0.978 and an F1 score of 0.978, 
thereby reflecting the highest performance among all preprocessing-
effective wavelength group-classification model algorithm 
combinations. Among the PLS-DA and XGBoost algorithms, the 
multi-classification models with Raw-GA treatment combinations 

TABLE 2  Number of effective wavelengths across preprocessing methods.

Preprocessing

Effective 
wavelength

Raw SG 1st derivative

Raw 184 184 184

SPA 36 39 38

GA 29 30 30

CARS 19 19 18

FIGURE 3

Distribution of selected wavelengths across different preprocessing-effective wavelength selection combinations. The scatter plot displays the 
wavelength positions (450–950 nm) selected by each preprocessing methods combination (Raw, SG, and 1st derivative) and wavelength selection 
algorithms (SPA, GA, and CARS). Each row corresponds to a specific preprocessing-wavelength selection combination, with selected wavelengths 
marked as points. Vertical lines indicate the cluster centers and continuous regions (≤10 nm) of selected wavelengths.
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FIGURE 4

Spectral statistical features for W-C-P class patches of Raw-GA combination. Bar plots display reflectance, standard deviation, and range values for 
selected effective wavelengths. Error bars represent the standard deviation of the mean. Different lowercase letters above bars indicate statistically 
significant differences (Duncan’s multiple range test, p < 0.05).

showed the highest performance, with accuracies of 0.844 and 0.965 
and F1 scores of 0.837 and 0.965, respectively. Among the RF 
algorithms, the multi-classification model with the SG-SPA 

treatment combination showed a test dataset accuracy of 0.919 and 
an F1 score of 0.918, followed by the Raw-CARS combination with 
an accuracy of 0.918 and an F1 score of 0.917. Overall, SVM and 
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XGBoost exhibited the highest classification performance, followed 
by RF, with PLS-DA showing the lowest classification performance. 
A detailed class-wise performance analysis of the optimal 

SG-SPA-SVM and Raw-GA-SVM multi-classification models 
revealed that the control patches achieved a precision of 0.987, a 
recall of 0.992, and an F1 score of 0.989; the C lesion patches 

FIGURE 5

Vegetation index values for W-C-P class patches using the Raw-GA combination. Violin plots showing values of five vegetation indices for healthy (W, 
green), C. cassiicola lesion (C, magenta), and P. syringae lesion (P, cyan) patches. Different lowercase letters above violin plots indicate statistically 
significant differences (Duncan’s multiple range test, p < 0.05).

TABLE 3  Top five results per model for the 3 × 3 patch-level multi-classification models.

Model Preprocessing Effective wavelength (n) Train accuracy Test accuracy F1-score

SVM

SG SPA (39) 0.993 0.978 0.978

Raw GA (29) 0.991 0.978 0.978

Raw SPA (36) 0.997 0.972 0.972

1st derivative GA (30) 0.989 0.971 0.971

SG GA (30) 0.988 0.970 0.970

PLS-DA

Raw GA (29) 0.925 0.844 0.837

SG SPA (39) 0.919 0.828 0.820

1st derivative GA (30) 0.916 0.822 0.813

1st derivative Raw (184) 0.912 0.817 0.810

Raw Raw (184) 0.912 0.817 0.810

RF

SG SPA (39) 0.999 0.919 0.918

Raw CARS (19) 0.999 0.918 0.917

Raw GA (29) 0.999 0.915 0.914

1st derivative GA (30) 0.999 0.914 0.913

Raw SPA (36) 0.998 0.913 0.912

XGBoost

Raw GA (29) 1 0.965 0.965

SG SPA (39) 1 0.962 0.962

SG GA (30) 1 0.962 0.962

1st derivative GA (30) 1 0.961 0.961

Raw SPA (36) 1 0.960 0.959

n, number of effective wavelengths.
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FIGURE 6

Confusion matrices illustrating classification performance of the Raw-GA-SVM model for the control (W), C. cassiicola (C) infected leaves, and P. 
syringae (P) infected leaves at 3 DPI.

achieved a precision of 0.974, a recall of 0.955, and an F1-score of 
0.965; and the P lesion patches achieved a precision of 0.964, a recall 
of 0.978, and an F1-score of 0.971.

3.5 Patch-based leaf-level 
multi-classification for early detection 
performance evaluation

Building on these patch-level classification results, a hierarchical 
approach was employed to translate patch-level sensitivity for detecting 
localized physiological changes into practical leaf-level early diagnosis. 
The proportional distribution of patch classifications across each leaf 
determines the overall disease status through lesion area ratio analysis.

To evaluate the early diagnostic capability of the patch-level multi-
classification models, a patch-to-leaf-level multi-classification approach 
was implemented at 0–3 DPI (Figure 6). Individual patch-based 
predictions applied the Raw-GA-SVM combination classification 
model, which exhibited the highest classification performance with 
relatively few effective wavelengths, to new test samples, where the 
proportional distribution of patches classified into each class 
determined the overall leaf condition. At 0 DPI, the entire sample 
population was classified as healthy W class, showing no immediately 
detectable spectral changes, and all individuals exhibited normal status. 
Additionally, all W-class individuals were accurately classified as W at 

0–3 DPI. Disease diagnostic capability emerged at 1 DPI, with 8 and 17 
individuals correctly classified as C or P, respectively (correct W: 26/26, 
C: 8/26, P: 17/26). At 2 DPI, C showed perfect classification before a 
visual diagnosis was possible, whereas P added one correctly classified 
individual at 1 DPI (correct W: 26/26, C: 26/26, P: 18/26). At 3 DPI, 
when subtle visual diagnosis was possible, accurate classification of all 
W and C samples and improved classification performance for P 
samples were confirmed (correct W: 26/26, C: 26/26, P: 23/26).

4 Discussion

This study successfully demonstrated the effectiveness of a patch-
based spatial–spectral integration framework for the early diagnosis 
of sesame leaf diseases by evaluating preprocessing methods, 
wavelength selection algorithms, feature extraction, and ML models.

The selection of a 3 × 3 patch size for spatial–spectral integration 
was based on several considerations. First, the 3 × 3 configuration 
represents the minimum spatial unit that captures the central pixel 
with its complete first-order neighborhood, enabling effective 
characterization of the perilesional zone where pathogen spread and 
plant defense responses occur (Kuska et al., 2015). Second, small 
spatial windows effectively capture fine lesion boundary features while 
minimizing computational complexity (Mohanty et al., 2016). Third, 
larger patches (e.g., 5 × 5 or 7 × 7) would incorporate excessive 
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heterogeneous tissue, potentially diluting disease-specific spectral 
signatures. Mahlein et al. (2012) demonstrated that as spatial 
resolution decreases, the number of mixed pixels increases and 
reflectance differences between healthy and diseased tissue 
diminish—a critical factor during early infection stages when lesions 
remain small. Finally, the 3 × 3 spatial configuration aligns with kernel 
dimensions commonly employed in spectral–spatial feature extraction 
for hyperspectral classification (Nagasubramanian et al., 2019).

Although both Raw-GA-SVM and SG-SPA-SVM achieved the 
same classification accuracy of 97.8% (Table 3), the GA-based 
approach was preferred because of its superior wavelength efficiency, 
employing 29 effective wavelengths compared with the 39 wavelengths 
in the SPA-based approach. Fewer spectral bands can substantially 
reduce sensor complexity, weight, and power consumption, all while 
maintaining diagnostic performance. This presents a clear advantage 
for the development of cost-effective multispectral sensors in drone-
based applications (Govender et al., 2009; Aasen et al., 2018). The 
superior multi-classification performance of SVM stems from its 
suitability for high-dimensional spectral data. It effectively manages 
complex decision boundaries using RBF kernels and facilitates margin 
maximization, thereby enabling robust generalization despite 
overfitting resilience and spectral variations caused by environmental 
factors (Nagasubramanian et al., 2018).

The wavelengths depicted in Figure 3 correspond to 
physiologically important regions, specifically the green peak 
(500–600 nm) and red-edge (650–730 nm) regions, which illustrate 
the complex reflectance characteristics of carotenoids and chlorophyll 
(Lowe et al., 2017; Falcioni et al., 2023). These wavelength regions 
detect early photosynthetic pigment degradation and stress pigment 
accumulation due to pathogen infection. Distinct spectral signature 
differences between healthy and infected tissues were confirmed by 
observing increased reflectance values in the 500–600 nm region and 
decreased chlorophyll absorption peaks in the 650–730 nm region in 
C. cassiicola and P. syringae lesions (Figure 2) (Zhao et al., 2016).

Accurate multi-classification of fungal (C. cassiicola) and bacterial 
(P. syringae) pathogens enables the development of pathogen-specific 
control strategies, contributing to reduced pesticide use and 
environmental burden mitigation through targeted application of 
antifungal and antibacterial agents (Iost Filho et al., 2022; Dara et al., 
2023). Pathogen-specific tailored control is expected to become a key 
element in sustainable agriculture by suppressing pesticide resistance 
and minimizing effects on non-target organisms (Morales et al., 2021). 
This study addresses an important gap in sesame disease research, as 
hyperspectral-based diagnostic approaches for sesame are lacking. 
The patch-based framework and early diagnostic capability offer 
substantial practical value for precision agriculture applications.
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