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Abstract

Cocoa swollen shoot is a viral disease prevalent mainly in West Africa. It is
responsible for significant yield losses. Effective monitoring and accurate de-
tection of this disease are essential to ensure stable and reliable cocoa produc-
tion, as well as the income of thousands of farmers. Current standard methods
often rely on visual inspection for disease symptoms. This method is costly, time-
consuming, and prone to errors due to the subjectivity of inspectors. Recent
advances in precision agriculture, using spectral data at different scales (leaf,
canopy, and space), offer the potential to solve these problems at low cost and
with high efficiency. Spectral vegetation indices are widely used for the indi-
rect detection of plant diseases. Therefore, this work aims to evaluate the po-
tential of hyperspectral reflectance spectroscopy, using vegetation indices, for
the early detection of cocoa swollen shoot. Thus, reflectance spectra of healthy,
asymptomatic and symptomatic cocoa tree leaves were collected using an Ocean
Optics USB 4000 spectrometer, with a wavelength range from 350 to 1100 nm.
To reduce scattering and noise effects in the collected data, we applied three
essential spectroscopic preprocessing methods: the Multiplicative Scattering
Correction (MSC), the Standard Normal Variable (SNV), and the first order
Savitzky-Golay derivative (SG-D1). Principal Component Analysis (PCA) iden-
tified MSC as the most effective preprocessing method. Subsequently, eight
vegetation indices (NDVI, GNDV], Datt5, Ctr2, PSRI, SIPI, PRI, Lic2) selected
from the literature were calculated. Using classification algorithms such as
Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Decision Tree
(DT) and Random Forest (RF) applied to all eight vegetation indices, the per-
formance of each index was evaluated for the infection detection and the clas-
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sification of the three types of cocoa trees. The results obtained indicate that
the most efficient model is RF combined with MSC pretreatment with an over-
all accuracy of 97.59%, thus showing the strong potential of reflectance spec-
troscopy for the early detection of cocoa tree infection by the swollen shoot

virus.
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1. Introduction

The cocoa tree (Theobroma cacao L.) is a plant native to the tropical regions of
Central and South America [1]. It is cultivated in several tropical and subtropical
areas of the world. The main cocoa producers are Cote d’Ivoire, Ghana, Indonesia,
Ecuador, Nigeria, Cameroon, and Brazil [2]. Cote d’Ivoire is the world’s leading
producer of cocoa beans, followed by Ghana [2]. The production of cocoa and its
derivatives is in high demand in the food market, but cocoa cultivation is subject
to numerous biotic and abiotic pressures, intensified by climate change [3] [4].
However, the environment in which cocoa trees grow is prone to various diseases
that can damage the plant and the fruit, leading to significant production losses
[5] [6]. Swollen shoot is the most endemic disease of the cocoa tree in West Africa.
It is transmitted by several species of cochineal insects and remains a major lim-
iting factor for cocoa production in Céte d’Ivoire, Ghana, and other West African
producing countries [7]. This disease can reduce yields by 30 to 50 percent and even
lead to the death of cocoa trees within two to three years of infection [5]. Symptoms
of the disease are variable. It manifests mainly through abnormal swelling of shoots,
branches and roots; discoloration, deformation, and premature leaf fall; stunted
pods and a significant yield reduction, which can lead to the death of the tree [8].
Current methods of swollen shoot infection detection rely on visual inspection
of symptoms, enzyme-linked immunosorbent assays (ELISA) and polymerase
chain reaction (PCR) [9]-[14] based on biochemical techniques. However, sample
processing is lengthy and complex. On the other hand, visual inspection is labori-
ous, time-consuming, prone to numerous errors and is unsuitable for large scale
plantations. In recent years, several studies have used imaging data to detect dis-
eases in cocoa crops. These studies generally were based on images of sympto-
matic and healthy cocoa pods [15]-[17]. However, very few studies focused on the
detection of swollen shoots using hyperspectral reflectance data from cocoa leaves
[18]. Diffuse reflectance spectroscopy experienced considerable growth in im-
proving and simplifying the complex tasks related to crop assessment. Using ma-
chine learning algorithms, it becomes a tool enabling farmers to make better de-

cisions and is also used to automatically identify and classify plant diseases [19]-
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[21]. This technique is based on the principle that stress affects the physical struc-
ture and photosynthesis of plants, as well as the absorption and the reflectance of
light [22] [23]. The use of diffuse reflectance spectral data for disease diagnosis
allows detection before disease symptoms are visible and offers the possibility of
non-destructive sampling. Furthermore, diffuse reflectance spectroscopy is flexi-
ble to implement due to the compact size and low weight of the sensors. Data can
be collected from a single leaf spot or across large orchards by mounting the sen-
sors on drones, enabling accurate and real-time results in the field [24]. Spectral
measurements of diffuse leaf reflectance can reveal differences between healthy
and infected plants [25] [26]. Furthermore, reflectance variations can serve as a
basis for the future design of optical sensors for detecting swollen shoot disease in
cocoa plants. Therefore, identifying spectral bands and vegetation indices sensi-
tive to this disease is essential for the effective application of reflectance data anal-
ysis techniques.

This study aims to detect early infection of cocoa trees by the swollen shoot
virus by discriminating healthy plants from asymptomatic and symptomatic in-
fected plants using hyperspectral reflectance spectroscopy. The potential of the
machine learning algorithms used was evaluated from spectral vegetation indices
susceptible to the disease. Early detection of swollen shoot infection will help to
prevent potential epidemics and avoid yield losses through the implementation of

an appropriate and timely management strategy.

2. Materials and Methods
2.1. Biological Samples

In this study, we used healthy, asymptomatic, and symptomatic infected cocoa
leaves as biological samples. The Theobroma cacao variety we studied is named
Amelonado. These leaves were collected with the support of the Central Biotech-
nology Laboratory of the Centre National de Recherche Agronomique (CNRA) in
two fields located in Cote d’Ivoire. The healthy samples were collected on a CNRA
experimental field located at Adiopodoumé Km 17, while the collection of leaves
infected with the swollen shoot virus was carried out in a plantation located at
Garango in Bouaflé department where swollen shoot disease is widespread [27].
These experimental cocoa trees plantations were established at the same period
and are subject to the same cultivation practices. However, rainfall in Adiopo-
doume is slightly higher than in Bouaflé. Each type of leaf was collected from 20
trees with 3 leaves per tree, for a total of 60 leaves per type. So the biological sam-
ples consisted of 60 healthy leaves, 60 asymptomatic infected leaves, and 60 symp-
tomatic infected leaves. Figure 1 shows the three leaf types we used.

2.2. Data Collection and Preprocessing

The hyperspectral reflectance signatures of cocoa leaves were acquired using an
Ocean Optics USB 4000 spectrometer, which has a wavelength range from 350 to
1100 nm and a spectral resolution of 0.22 nm. The setup includes a bifurcated
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optical fiber (QR400-7-VIS-BX), a 20 W halogen source (HL-2000-HP-FHSA), a
RPH probe tip, and a laptop computer for data storage and processing. Specialized
data acquisition software (SpectraSuite) was used, and the spectrometer was cali-
brated with a diffuse reflectance reference surface (WS-1). Further details of the

experimental setup can be found in previous work [21] [28]. Figure 2 illustrates

the experimental setup used.

Figure 1. Types of leaves submitted for study. (a) healthy leaves; (b) asymptomatic leaves;
(c) symptomatic leaves.

Nazzle

Light source
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Laptop

Figure 2. Experimental device for acquiring hyperspectral data.

Measurements were performed on 180 cocoa leaves. For each leaf sample, three
mean reflectance spectra were measured on the upper, middle, and lower parts of
the leaf’s adaxial surface. A total of 540 spectra were then collected, with 180 spec-
tra per leaf type. To reduce the influence of noise inherent to the hyperspectral
reflectance device at the limits of its spectral range, only spectral reflectance data
between 400 and 1000 nm were used for processing and analysis. These data were
then preprocessed using three methods: the Multiplicative Scattering Correction
(MSC), the Standard Normal Variable (SNV), and the first order Savitzky-Golay
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derivative (SG-D1).

The MSC method effectively eliminates scattering effects while preserving use-
ful spectral information, so that the spectra are as close as possible to a reference
spectrum. Generally, the average spectrum of the entire dataset is considered as
the reference spectrum [29] [30]. SNV performs standard normalization on each
spectral data point to reduce light scattering effects [31]. SG-D1 is highly sensitive
to noise. It is an effective technique for suppressing background effects and enhanc-

ing subtle, weak spectral features useful for evaluating target parameters [32] [33].

2.3. Principal Component Analysis

Principal component analysis (PCA) is a widely used technique for reducing the
dimensionality of high-dimensional data. It transforms a set of potentially cor-
related variables into a new set of uncorrelated variables, called principal com-
ponents, through orthogonal transformation [34]. PCA of raw and preprocessed
spectra can provide crucial information on data separation [35]. We generated
the principal components of the spectral data and visualized the distribution of
samples of healthy, asymptomatic, and symptomatic leaves in three dimensions.
This visualization will identify the different clusters, thus providing a better un-
derstanding of the underlying structure of the raw and preprocessed spectral
data.

2.4. Calculated Vegetation Indices

Vegetation indices (VIs), obtained by mathematical transformation from spectral
bands, generally highlight the spectral characteristics of leaves [36]. Numerous
studies have demonstrated the effectiveness of VIs for monitoring crop diseases
[21] [37]-[39]. Taking into account the spectral range of our spectrometer, we se-
lected eight vegetation indices from the literature related to leaf pigments or struc-
ture and crop diseases. These indices were used as variables in the development of
classification models for the three types of cocoa leaves. Using spectral data, a
program developed in MATLAB allowed us to calculate these eight vegetation in-
dices. Table 1 presents the definitions, calculation formulas, and bibliographic
references for each VL

The statistical analysis of significant differences applied to the independent var-
iables consisted of verifying the differences between healthy and infected (asymp-
tomatic and symptomatic) cocoa leaves based on all the eight VIs. Normality was
tested using the Shapiro-Wilk test [48] and equality of variances with the Leneve
test [49]. Since non-normality and non-homogeneity of variances were observed
in the data for asymptomatic and symptomatic leaves, a statistical difference anal-
ysis was performed using the non-parametric Kruskal-Wallis test [50]. This test
does not require assumptions about normality and homoscedasticity, making it a
robust option for comparing multiple independent samples. Finally, Dunn’s multi-
ple comparisons test [51] was applied with a significance level of 5% using MATLAB

software.
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Table 1. Vegetation indices used.

Vegetation indices Formula References
Normalized Diffz:lr\le;i;:l;/egetation Index (Reoo — Rero)/(Reoo + Rero) [40]
e () o

Datt5 Rs72/ Rsso [42]

Carter Indices 2 (Ctr2) Reos/Rogo [43]

Plant Senescence Reflectance Index (PSRI) (Rego = Rsoo )/ Rrso [44]
Structure Intensive Pigment Index (SIPI) (Raoo — Russ )/ (Raoo — Rego ) [45]
Photochemical Reflectance Index (PRI) (Rss1 = Re70)/(Rsz1 + Rezo) [46]
Lichtenthaler Index 2 (Lic2) Ruso/Reso [47]

2.5. Classification Models

To compare the performance of the classifiers based on the all eight vegetation
indices evaluated in this study, four machine learning algorithms frequently used
for classification were employed, namely: K-Nearest Neighbors (KNN), Support
Vector Machine (SVM), Decision Tree (DT), and Random Forest (RF). These meth-
ods were chosen because of their high classification accuracy in similar studies
[52]-[55].

The KNN algorithm is a supervised machine learning algorithm widely used for
classification and predictive regression problems. It is capable to describe nonlin-
ear relationships between collected samples and hyperspectral data. Specifically,
for given test samples, a specific distance evaluation method is used to determine
the k closest samples [56]. Then, a predictive classification is performed on these
k samples. In general, KNN is easy to use and works well with little prior knowledge
of the data distribution. Euclidean distance is the most common method for cal-
culating the variations between samples, represented by input vectors [57].

SVM is a supervised algorithm used in machine learning. It performs classifi-
cation by finding the hyperplane that maximizes the margin between data. The
vectors that define the hyperplane are called support vectors. SVM is based on
statistical approaches, enabling data classification and assigning each class a spe-
cific score that serves as the basis for evaluation. SVM can also be used for regres-
sion tasks even if it is more commonly used for classification purposes [58]. Intu-
itively, good separation is achieved by the hyperplane that has the greatest distance
from the nearest training data points of any class. Indeed, in general, the larger
the margin is, the smaller the classifier’s generalization error is [59].

A decision tree (DT) is a widely used supervised machine learning technique
for classification and regression tasks. The classifier breaks down a dataset into
progressively smaller subsets based on their attribute values [60]. The decision

tree algorithm has a tree structure where internal nodes represent features, while
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terminal nodes contain class labels or predicted values. A prediction is made by
traversing the path from the root to one of the terminal nodes based on the input
feature values. This process divides the data until no further division is possible
or when all values of the target variable are identical. Decision trees are easy to
understand and interpret. They can handle numerical and categorical variables
and are robust to outliers and missing values. Most decision trees consist of a ran-
dom forest-type classifier that determines the category based on the classes in a
particular tree.

Random Forest (RF) is a classification model composed of multiple decision
trees, combined to obtain a more accurate and stable prediction. Each tree de-
pends on the values of a randomly sampled vector that follows the same distribu-
tion for all trees in the forest. The final classification result is obtained by averag-
ing the classification results of all individual binary decision trees [61]. The RF
method has many advantages over other machine learning methods; the most no-
table one is its high accuracy when a large dataset is used for training [62]. Fur-

thermore, it is simple and quick to implement.

2.6. Performance Metrics

In order to better assess the performance of the classification models used and
their stability for the swollen shoot infection detection, 540 observations of the
eight vegetation indices were divided into two datasets: a training set (70%) and a
test set (30%). The split of samples was performed at the leaf level, so all spectra
acquired on the same leaf belong to the same dataset. A confusion matrix was
provided for each model, comparing the predicted classes of the test set to the real
classes in order to evaluate the performance of classification models based on True
Positives (TP), False Positives (FP), True Negatives (TN) and False Negatives (FN)
[63]. Accuracy, precision, recall and F1-Score were computed as parameters for
evaluating model performance. The formulas for these performance indicators are
respectively given by Equation (1), Equation (2), Equation (3) and Equation (4)
as follows:

accuracy = TP+TN Q)
TP+TN+FP+FN

This metric reveals the model’s predictive performance, reflecting its overall

ability to correctly classify healthy, asymptomatic, and symptomatic leaves.
. TP
Precision = ———— )
TP +FP
Precision represents the proportion of real positive cases among all samples
predicted to be positive. The higher the Precision is, the better the model performs
at distinguishing between healthy, asymptomatic, and symptomatic leaves. In
other words, high accuracy means fewer incorrect positive predictions.
TP
Recall = ———— ®)
TP+FN

This indicator shows the proportion of samples correctly predicted to be posi-
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tive and which actually are. Thus, Recall can be used to assess the completeness of

the prediction of healthy, asymptomatic, and symptomatic leaves.

F1-Score = ___2P (4)

2TP+FP+FN
This is the harmonic mean between Precision and Recall, taking into account
the overall balance between the two parameters. The F1-Score represents a bal-
anced average between positive predictive value and sensitivity. An optimal value

for this metric indicates better algorithm efficiency.

3. Results and Discussion

3.1. Spectral Reflectance Signature of Cocoa Leaves

Spectral preprocessing is an essential step in spectral analysis. This approach
yields reliable and more accurate spectral data, facilitating subsequent analyses
and applications. Preprocessing modifies spectra in various ways. Figure 3 pro-
vides an overview of the raw and preprocessed reflectance spectra of healthy,

asymptomatic, and symptomatic cocoa leaf samples.

Raw MSC
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Figure 3. Raw reflectance spectra (a) and preprocessed: MSC (b), SNV (c) and SG-D1 (d).

Observation of the raw spectra in Figure 3(a) reveals that the spectral signatures
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of our samples are similar, with low reflectance in the visible region, a sharp in-
crease in the far-infrared and higher reflectance in the near-infrared. However,
these raw reflectance spectra of healthy, asymptomatic, and symptomatic cocoa
leaves exhibit strong dispersion in the 400 - 1000 nm wavelength range. The MSC
method corrects the scattering effect in spectral data to bring these data closer to
the real spectral information. The spectral signatures in Figure 3(b) are more con-
sistent and the spectral differences due to scattering are corrected. SNV homoge-
nizes the spectra by standardizing each spectrum, eliminating multiplicative noise
and reflectance variations. The spectra in Figure 3(c) are normalized to the same
scale to facilitate comparison and subsequent analysis. The SG-D1 highlights
changes in the position of emission or absorption peaks in the spectral reflectance
signature. Figure 3(d) provides more information on the positions of these peaks

but this may weaken the relative variation in their intensity.

3.2. Principal Component Analysis of Raw and Preprocessed
Spectra

The spectral curves obtained by pretreatment, while each exhibiting their own
characteristics, cannot be intuitively compared in terms of their effects on the re-
flectance data of our samples. Therefore, in this study, principal component anal-
ysis (PCA) was used to analyze the results of the different pretreatment methods
in order to identify any clustering trends in the healthy and infected cocoa leaf
samples. The PCA results obtained from the raw and pretreated spectra showed
that the first three principal components provided useful clustering for healthy,
asymptomatic, and symptomatic cocoa leaves. Among the three pretreatment
methods, MSC proved to be the best method compared to the others, as shown in
Figure 4. Indeed, it yielded clearer clustering trends in the space of the first three
principal components.

The best grouping by leaf type (healthy, asymptomatic, and symptomatic) was
obtained by combining MSC pretreatment and PCA. This could be attributed to
the ability of the MSC technique to correct the scattering effects and eliminate
unwanted scattering from the spectral data matrix. Thus, the MSC pretreatment
technique is best suited to our raw reflectance data for better classification of the

three types of cocoa plants.

3.3. Analysis of Significant Differences between Cocoa Leaves
Types Using Vegetation Indices

The Kruskal-Wallis nonparametric test and Dunn’s multiple comparisons test
were performed to evaluate the differences between healthy and infected cocoa
leaves using various vegetation indices. The results are summarized in Table 2.
They indicate that all vegetation indices of infected plants are significantly influ-
enced by viral infection. Indeed, the calculated vegetation indices show significant
differences between healthy and asymptomatic leaves, and also between healthy

and symptomatic leaves. Regarding the comparison between the vegetation indices
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Figure 4. Representation of the first three principal components of raw reflectance spectra (a), pretreated by: MSC (b), SNV (c),
SG-D1 (d) of healthy (H), asymptomatic (As) and symptomatic (Sy) cocoa leaves.

Table 2. Significant differences in vegetation indices of healthy (H), asymptomatic (As)
and symptomatic (Sy) cocoa leaves, obtained by the Kruskal-Wallis test for a statistical sig-

nificance threshold p < 0.05.

NDVI GNDVI  Datt5 Ctr2 PSRI SIPI PRI Lic2

H_As * * * * * * * *
H_Sy * * * * * * * *
As-Sy ns * ns * * ns * *

(*) significant difference, (ns) no significant difference

of asymptomatic and symptomatic leaves, only the GNDVI, Ctr2, PSRI, PRI, and
Lic2 indices show significant differences. These five vegetation indices are signif-
icantly different for the three cocoa leaves types, so they well discriminated them.
This is explained by the fact that these vegetation indices are closely linked to
changes in leaf pigments. This interdependence influences their values [64]-[66].

These changes are manifested by the symptoms of chlorosis observed on the
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symptomatic leaves of cocoa plants infected by the swollen shoot virus.
The distribution of each vegetation index for the three cocoa leaves states is
illustrated by the box plots in Figure 5.

NDVI GNDVI
1 - : - 0.8 " " "
06- ' % .
0.8f . )
* F . £ |
0.6} . . ] ; )
H As Sy H As Sy
Datt5 Ctr2
1-:3' . 1 ost
oof @ = 8| o o
H As Sy H As Sy
PSRI SIPI
0.27 - - " "
0.1t 1.2
i + + 1| %= + E;:
H As Sy H As Sy
PRI Lic2
¥ s
T $8 T %
-0.3 -0.2 : :
H As Sy H As Sy

Figure 5. Box plot of vegetation indices of healthy (H), asymptomatic (As) and sympto-
matic (Sy) cocoa leaves.

Compared to healthy leaves, the median values of the vegetation indices NDVI,
GNDVI, Datt5, PSRI, and SIPI increase with infection, while those of PRI and
Lic2 decrease. There is virtually no overlap between the box plots of healthy and
symptomatic leaves vegetation indices. In contrast, there is generally some overlap
between the boxes for asymptomatic and symptomatic cocoa leaves. Similarly, for
GNDVI, Dattt5 and Lic2, there is slight overlap between the boxes for healthy and
asymptomatic cocoa leaves. This demonstrates the difficulty to detect early infec-
tion by cocoa swollen shoot virus using threshold values based on individual veg-

etation indices.

3.4. Classification Models for Healthy and Infected Cocoa Leaves

The overall performance of the four evaluated algorithms (KNN, SVM, DT, RF)
is excellent, as shown in Table 3. RF stands out as the most efficient algorithm,
with an accuracy of 97.59%, a Precision of 97.62%, a Recall of 97.59%, and an F1-

Score of 97.59%. These results demonstrate extremely reliable classification and
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excellent consistency between accuracy and Recall, thus highlighting the robust-
ness of the model. The KNN algorithm also performed well, with an accuracy of
95.93%, a Precision of 96.25%, a Recall of 95.93%, and an F1-Score of 95.92%,
making it a competitive alternative. The performance of the SVM algorithm is also
remarkable, with an accuracy of 93.89%, a Precision of 94.1%, a Recall of 93.89%,
and an F1-Score of 93.91%, but significantly less efficient than the RF and KNN
models. In contrast, DT achieved more modest results, with 90.74%, 90.85%,
90.74%, and 90.74% respectively for accuracy, Precision, Recall, and the F1-Score.
This indicates a strong classification capacity, but significantly lower stability and
reliability than the other three models. These results confirm the relevance of MSC
preprocessing for improving the quality of our spectral data, the effectiveness of
the computed vegetation indices and reveal the robustness of the RF. Indeed, in
this study, RF proved to be the most accurate and robust model for classifying
healthy, asymptomatic and symptomatic cocoa leaves. Therefore, we can conclude
that cocoa swollen shoot disease can effectively be diagnosed at an early stage us-
ing a combination of sensitive vegetation indices as input variables in a classifica-

tion model.

Table 3. Algorithms performance evaluation.

Models Accuracy (%) Precision (%) Recall (%) F1 Score (%)
KNN 95.93 96.25 95.93 95.92
SVM 93.89 94.10 93.89 93.91

DT 90.74 90.86 90.74 90.75
RF 97.59 97.67 97.59 97.59

To further illustrate the predictive performance of the different classifica-
tion models, for healthy, asymptomatic, and symptomatic cocoa leaves, we
present in Figure 6 the confusion matrices of the KNN, SVM, DT and RF clas-
sifications.

As illustrated in Figure 6, for a total of 180 samples, the RF model correctly
predicted 176 samples, while the KNN, SVM, and DT models predicted 172, 170,
and 163 samples, respectively. Despite some differences in predictive accuracy
among these models when classifying the three cocoa leaves categories, all four
models performed satisfactorily.

The performance obtained with the RF model is similar to that of Kouassi et al.
(2024) [17], who used convolutional neural networks combined with different
classifiers. The combinations with the XGBOOST classifier to differentiate be-
tween healthy and infected cocoa leaves yielded the best performance, with overall
accuracies exceeding 95%.

In contrast, Batoo et al (2025) [18] used a three-layer convolutional neural net-
work to classify infected and healthy cocoa tree samples. This classification

reached an accuracy of 88%, lower than that of our models.
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Figure 6. Confusion matrices: (a) KNN; (b) SVM; (¢) DT and (d) RF.

4. Conclusion

In this paper, spectral reflectance data were used to discriminate between healthy
and swollen shoot virus-infected cocoa leaves. This study successfully constructed
four classification models for healthy, asymptomatic, and symptomatic cocoa
leaves based on eight vegetation indices and explored the impact of spectral data
preprocessing. Indeed, principal component analysis of the raw and preprocessed
spectral data using the MSC, SNV, and SG-D1 methods showed that the MSC
preprocessing method best discriminated between the three cocoa plant types. All
eight vegetation indices, calculated from the spectral data preprocessed by the
MSC method, were used as input data for the four classification models. The re-
sults indicate that the Random Forest model performs best, with an accuracy of
97.59%, surpassing the KNN, SVM, and DT models. However, KNN remains a
robust alternative model with an accuracy of 95.93%. These results confirm that
machine learning, applied to carefully selected vegetation indices, is a promising
approach for automating the detection of cocoa swollen shoot virus infection in
leaves, thus offering a new approach for controlling this viral disease. Future work
will focus on optimizing pretreatment methods and exploring other vegetation
indices to increase the accuracy and efficiency of the models. Furthermore, we

plan to collect our biological samples at the same experimental site.
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