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Detecting bacterial pustules on soybean plants by hyperspectral imaging
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Abstract

Bacterial pustules are a major threat to soybean cultivation but are difficult to detect early because they manifest on the bottoms of
leaves. In this study, hyperspectral imaging was applied to detect bacterial pustules on soybean plants. Images were preprocessed,
and representative central wavelengths (i.e., bands) were identified through a two-sample t-test to calculate vegetation indices (VIs)
for non-inoculated (i.e., control) and inoculated (i.e., treated) groups. Three machine-learning models were applied to classify infect-
ed soybean plants based on the VIs: partial least-squares discriminant analysis, support vector machine, and random forest (RF). The
best classification performance was achieved by the RF model using five VIs with an overall accuracy (OA) of 0.89 and kappa coef-
ficient (KC) of 0.77. The RF model also achieved an OA of 0.77 and KC of 0.55 when tested on a dataset before the expression of
symptoms. The results of this study can potentially be applied to developing a multispectral image sensor that can be mounted on
various platforms for the early detection of bacterial pustules on soybean crops.
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Introduction

Soybeans (Glycine max (L.) Merrill) are a globally important
commodity and play a crucial role in human nutrition, animal feed,
and industry. However, soybean plants are increasingly being affect-
ed by bacterial diseases, which have been attributed to rising tem-
peratures and humid weather due to climate change (Schaad, 2008).
Such diseases have resulted in a decline in yield and quality with
global yield losses of 15-60% (Shea et al., 2020). In the United
States alone, soybean production suffered a major setback in 2007
with an estimated drop of approximately 8 million tons caused by
various diseases including bacterial pustules, wildfire, and bacterial
leaf spots (Wrather and Koenning, 2009). Bacterial pustules are
caused by Xanthomonas citri pv. Glycines (syn. Xanthomonas
axonopodis pv. glycines) (Constantin et al., 2016), and they are a
major bacterial disease (Bertoglio et al., 2023) observed in the
majority of soybean cultivation regions around the world (Hartman
et al., 2015). Symptoms manifest as small yellowish-green spots
with raised straw-yellow centers that rapidly undergo necrosis
(Henning et al., 2014) and primarily occur on the underside of the
leaves. They greatly reduce photosynthetic efficiency, which direct-
ly affects the seed size and yield, and their manifestation on the bot-
toms of leaves makes early observation a challenge (Jones, 1987).
Especially in Korea, bacterial pustules have been widely prevalent
since 1990 and have caused substantial damage to farmers. In 1999,
bacterial pustules occurred in approximately 90% (94 out of 106) of
soybean cultivation fields nationwide (Lee, 1999). In 2005-2006,
bacterial pustules were observed in 89.7% (70 out of 78) of sur-

OPEN aRCCESS

veyed fields (Kang 1J et al., 2021). Severe bacterial pustule out-
breaks decreased yields by 19.8% in 2006 and 16.8% in 2007 (Hong
et al., 2010). Therefore, the early field detection of bacterial pustules
is crucial to preventing yield losses. Traditional methods for plant
disease detection such as artificial visible investigation and biologi-
cal molecular techniques are limited by their needs for specialized
knowledge, time-consuming processes, and manual labor. These
methods often identify diseases in later cultivation stages; this leads
to a time lag and hinders early detection. These shortcomings have
become more pronounced with the rising demand in modern agri-
culture for real-time and large-scale detection (Zhang et al., 2020).

Recent studies have applied hyperspectral imaging to diagnose
plant diseases rapidly and nondestructively by capturing subtle
spectral variations related to physiological stress. For example,
hyperspectral imaging was used to classify potato late blight (Ray
et al.,2011), fire blight in apple trees (Skoneczny et al., 2020), and
sugar beet diseases (Mahlein er al., 2012). These approaches
demonstrate the potential of hyperspectral imaging for early dis-
ease detection, but most rely on large spectral datasets that are dif-
ficult to adapt to practical multispectral sensors. Because not all
spectral bands are informative, selecting representative wave-
lengths containing critical disease information (Sarhrouni et al.,
2012; Li et al., 2016) is essential for improving efficiency and
cost-effectiveness in agricultural monitoring.

In soybean research, hyperspectral analysis has been explored
for detecting soybean cyst nematode and sudden death syndrome
(Bajwa et al., 2017), stress caused by stinkbugs (Marston et al.,
2022), and stem rot in peanuts (Wei et al., 2021). However, to date,
no study has specifically addressed the detection of bacterial pus-
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tules using hyperspectral imaging, particularly at pre-symptomatic
stages when visual observation is not possible. Furthermore, many
existing studies have focused primarily on classification accuracy
using machine-learning algorithms such as support vector machine
(SVM) or random forest (RF) (Widodo and Yang, 2007; Breiman,
2001), rather than on identifying the spectral features or vegetation
indices (VIs) that could facilitate sensor optimization. A more tar-
geted selection of sensitive bands and indices is therefore required
to enable early detection and practical sensor development.
Although hyperspectral imaging has been used in soybean disease
studies, most previous work examined other diseases or focused on
detection after visible symptoms appeared. In contrast, bacterial
pustule has been less studied, and its pre-symptomatic detection
remains unclear. Moreover, the potential of wavelengths above 900
nm to capture early physiological changes has not been fully eval-
uated for this disease.

This study aimed to i) identify representative spectral bands
critical for detecting soybean bacterial pustules, ii) derive vegeta-
tion indices sensitive to early infection stages, and iii) evaluate
their classification performance using machine-learning models.
The ultimate goal is to provide foundational spectral information
for designing a practical multispectral imaging sensor capable of
early detection of soybean bacterial pustules.

Materials and Methods

Experimental design

Experiments were conducted in a glass greenhouse at the

National Institute of Crop Science, Gyeongsangnam-do, Republic
of Korea (35°29'30.5" N, 128°44'36.2" E). The soybean cultivar
‘Daechan,” which has high nutritional value and antioxidant activ-
ity, was used. Seeds were sown in 1/2000a Wagner pots on April
18, 2022.

Eight plants were used in total: four non-inoculated (control)
and four inoculated (treated). Bacterial pustules strain 8ra was cul-
tured on tryptic soy agar (30 g trypticase soy broth, 15 g agar, and
1 L distilled water, pH 7.3) at 28°C for 48 h. Bacterial colonies
were suspended in sterile water at a concentration of 1.8 x 107 cfu
mL™", and the suspension was sprayed uniformly over the leaf sur-
faces of the inoculated plants on May 16, 2022. Control plants
were sprayed with sterile water. All plants were covered with plas-
tic wrap overnight to maintain humidity and ensure infection.

Visual inspection was conducted daily from May 16 (inocula-
tion day) to June 3 (diagnosis day). No imaging was conducted on
May 21-22 (pre-symptom period) and May 28-29 (post-symptom
period). Disease symptoms were first observed on May 25, mark-
ing the transition from the pre-symptom to post-symptom phase.

This design resulted in 120 samples in total (8 plants x 15
observation days), comprising 48 samples before (May 16-24,
excluding May 21-22) and 72 samples after (May 25-June 3,
excluding May 28-29) symptom expression. Each sample corre-
sponded to one hyperspectral observation of a single plant on a
given day (plant x day) (Figure 1).

Hyperspectral images

Hyperspectral images were acquired daily at 11:00 am by
using an automated imaging acquisition system (FineCube,
Hortizen Ltd., Republic of Korea) from May 16 (i.e., the inocula-

Figure 1. Experimental layout: control group (i.e., not inoculated) (a) before (May 17), (b) on (May 25), and (c¢) after (June 3) the diag-
nosis date; treated group (i.e., inoculated) (d) before (May 17), (e) on (May 25), and (f) after (June 3) the diagnosis date.
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tion date) to June 3. A hyperspectral image sensor (FX10e, Specim
Spectral Imaging Ltd., Finland) with a spectral resolution of 5.5
nm and 224 bands within a wavelength range of 400-1000 nm was
mounted on the automated imaging acquisition system. Shading
and insulating curtains were used to minimize the effect of light
nonuniformity due to the greenhouse frame. Four halogen lamps
(Haloline 118 nm, 500 W, Osram Inc., Germany) were used to
compensate for the lack of light due to the curtains. An 18% white
reference board (EzyBalance, Lastolite Ltd., England) was placed
within the hyperspectral images to normalize different light condi-
tions across time series.

Image processing

The image-processing software ENVI 5.6 (Exelis Visual
Information Solutions Inc., USA) was used to apply radiometric
correction to the acquired hyperspectral images. The hyperspectral
images were then converted into enhanced vegetation index (EVI)
images to highlight the vegetation area, as shown in Figure 2. The
EVI was calculated as follows:

EV] = 25( NIR—-RED

m.q+snn£u-7,53w£+1) (Eq. 1)

where the near-infrared (NIR) value was obtained at 780 nm, the
red value was obtained at 650 nm, and the blue value was obtained
at 450 nm. The reflectance of individual soybean plants was

extracted from selected regions of interest (ROI) in the EVI images
by the density slice method, during which background soil pixels
were excluded so that only the plant canopy was included. Each
plant image represented one ROI corresponding to the entire
canopy.

A Gaussian filter is a 2D convolution that is commonly used to
smooth and enhance images. It is a linear filter similar to a mean
filter, but it applies a Gaussian function-based kernel to the image.
The Gaussian function is characterized by a bell-shaped curve
where values decrease smoothly from the center. The Gaussian fil-
ter attenuates high-frequency components such as noise while pre-
serving low-frequency components, and it works by calculating the
weighted average of each value with its neighboring value within
a specified kernel size:

2 a2
G(xy) = 1/2m0? (e”(‘z‘%‘)) (Eq. 2)

where G(X, y) represents the value of the Gaussian filter at coordi-
nates (X, y), o (sigma) is the standard deviation of the Gaussian dis-
tribution, determining the curve’s width, x and y is spatial coordi-
nates representing the position of a pixel and e is a mathematical
constant approximately equal to 2.71828. The Gaussian filter
weights values close to the center pixel more. The weighted aver-
age then replaces the original value. In this study, a kernel size of
5 was applied, which was determined to effectively remove noise

Figure 2. Image processing procedure: (a) original RGB image, (b) conversion to the enhanced vegetation index, (c¢) extraction of soybean
canopies, and (d) extraction of regions of interest from individual soybean canopies.
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while preserving the spectral characteristics of vegetation. The
Gaussian filter was applied in Python 3.7.9 (Python Software
Foundation, USA).

Because a hyperspectral image has a narrow bandwidth with
many bands, the bands must be merged so that a commercially
available bandpass filter can be used, which is necessary for the
development of a multispectral image sensor. Merging involves
equalizing the reflectance of adjacent bands at specific intervals. In
this study, reflectance values with a 5 nm full width at half maxi-
mum (FWHM) were merged to 10 nm FWHM at 10-nm interval.
Based on the tolerance of the wavelength range of the bandpass fil-
ter, the reflectance values were equalized in the range of £7 nm
instead of +5 nm.

Two-sample z-test

In this study, the #-value was the magnitude of the difference in
mean reflectance values of the two groups:

(£1-%;)

2031
s +—
(ﬂ1 ﬂ-z)

(Eq. 3)

where and were the mean reflectance values of the control and
treated plants, respectively. is the pooled variance to considers the
variability within each group. and are the sample sizes of the con-
trol and treated plants, respectively. The p-value was determined
according to the degrees of freedom, which were determined by
the sample size. Thus, larger sample sizes resulted in higher
degrees of freedom. The p-value was calculated by using the #-
value and degrees of freedom to determine the probability in the
tail area of the ¢-distribution. The p-value ranged between 0 and 1,
and a smaller value indicated that the difference in mean values
between the two groups was less likely due to chance. Thus, a low
p-value indicated that the difference between the means was statis-
tically significant. Bands with the lowest p-value in each spectral
region (i.e., red, green, blue, NIR1, and NIR2) were considered the

Table 1. List of vegetation indices.

most relevant for differentiating between the control and treated
groups.

Vegetation indices

VIs were calculated by using selected bands in the blue, green,
red, red-edge, NIR1, and NIR2 regions. NIR1 (780-900 nm) and
NIR2 (920-980 nm) were distinguished to expand the range of
wavelengths beyond 900 nm, which is frequently used to improve
the classification accuracy of plant diseases and stress such as soy-
bean mosaic virus (SMV) (Jinendra et al., 2010), water stress in
gerbera plants (Pefiuelas ez al., 1993), and rice diseases (Wang et
al.,2017). In total, 121 VIs were calculated, of which Table 1 pres-
ents the selected VIs for the modeling process. The simple ratio
represents the ratio between reflectance values in given regions.
The chlorophyll vegetation index (CVI) is a broadband VI that is
specifically sensitive to leaf chlorophyll concentration at the
canopy scale under the original experimental conditions (Vincini et
al., 2008). The Ashburn vegetation index (AVI) is used to monitor
green vegetation in the growth stage (Bannari ef al., 1995). The
differenced vegetation index (DVI) is used to monitor vegetation
health and distinguishes green vegetation from bare soil or water
(Richardson and Wiegand, 1977). The yellow vegetation index
(YVI]) is calculated from reflectance values in the yellow wave-
length range and is used to assess plant health and productivity,
with higher values indicating healthier and more productive vege-
tation (Kauth and Thomas, 1976). The blue-normalized difference
vegetation index (BNDVI) is used to assess plant health and pro-
ductivity based on the difference in reflectance values in green and
blue bands (Yang et al., 2004). Vegetation indices calculated using
the NIR2 band are indicated with the prefix “2-” to distinguish
them from those using the NIR1 band.

Classification analysis

Figure 3 shows the flowchart of the classification analysis,
which was performed on the image based-agricultural data analy-
sis platform FinePro (Hortizen Co. Ltd., Republic of Korea). Three
machine-learning models were tested for their classification per-

Vegetation indices Equation Reference

Band ratios % Pearson and Miller, 1972

cvi S~ Pred Vincini et al., 2008
Pareen

AVI 2 X Prim — Prea Bannari ef al., 1995

DVI 2.4 X ik — Pred Richardson and Wiegand., 1977

YVI +E%3ggxxp*:fz:; ¥ _3 '{igiff;:; Kauth and Thomas, 1976

BNDVI i Yang et al., 2004

BWRDVI OAxOnts e Hancock and Dougherty, 2007

0.1xpNIR+PBIue

CVI, chlorophyll vegetation index; AVI, Ashburn vegetation index; DVI, differenced vegetation index; Y VI, yellow vegetation index; BNDVI, blue-normalized difference veg-
etation index; BWRDVI, blue-wide dynamic range vegetation index, p,, NIR1, NIR2, Green; p,, blue, red; NIR, NIR1, NIR2; when the NIR2 band was used, the correspon-

ding vegetation index was prefixed with “2—" to indicate substitution of the NIR band.
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formance: partial least-squares discriminant analysis (PLS-DA),
support vector machine (SVM), and random forest (RF). Table 2
presents the number of samples used to develop the classification
models. To prevent information leakage, data splitting was con-
ducted at the plant level, meaning that all observations from a
given plant (across all days) were assigned exclusively to either the
training or test dataset. Six plants (three control and three treated;
70% of the total) were used for training, and two plants (one con-
trol and one treated; 30%) were reserved for testing. Within the
training dataset, five-fold cross-validation was applied to optimize
model parameters (e.g., latent variable number in PLS-DA, kernel
and gamma in SVM, tree number and depth in RF).

PLS-DA is a supervised multivariate classification method that
extracts latent components representing covariance between pre-
dictor variables and class labels. This allows dimensionality reduc-
tion while preserving discrimination between groups, which is
suitable for high-dimensional hyperspectral data.

SVM is a supervised learning algorithm that identifies a deci-
sion boundary that maximizes the margin between classes. When

Preprocessing&

linear separation is not possible, kernel functions enable nonlinear
discrimination in a transformed feature space, allowing SVM to
handle complex class boundaries in high-dimensional data
(Widodo and Yang, 2007; Kang YS et al., 2021).

RF is an ensemble learning method that constructs multiple
decision trees using bootstrap sampling and aggregates their pre-
dictions through majority voting. This approach improves robust-
ness and generalization and is well suited for classification tasks
involving high-dimensional datasets (Breiman, 2001). Class
assignment was determined using the standard majority-vote rule,
which corresponds to a probability threshold of 0.5. This provides
a clear and reproducible decision criterion for distinguishing
between control and inoculated plants.

Shapley additive explanations (SHAP) was used to quantify
the contribution of each vegetation index to the classification
model. SHAP assigns an importance value to each feature based on
how the model’s prediction changes when that feature is included
or excluded. Because SHAP provides local explainability, it is able
to approximate the contribution of each feature even in black-box
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Figure 3. Flowchart for classification of the control and treated groups.

Table 2. Number of samples before and after symptom expression in training and test datasets used for machine learning analysis.

Training dataset

Test dataset

Before expression
After expression
Before expression
After expression

Number of samples

34
50

14
22
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machine-learning models by building interpretable surrogate rep-
resentations. Feature importance rankings were obtained by aver-
aging SHAP values across all observations (Marcilio and Eler,
2020).

Classification performance evaluation

The classification accuracy is commonly evaluated by using a
confusion matrix derived from metrics such as the overall accuracy
(OA), kappa coefficient (KC), precision score, recall score, and F1
score. Figure 4 shows a confusion matrix representing the number
of true positive, true negative, false positive, and false negative
predictions made by a classification model. The above metrics can
be calculated as follows:

TP4TN

proportion of actual positive values correctly predicted as positive
by the model. The F1 score is the harmonic mean of the precision
and recall and is helpful in situations where the data classes are
imbalanced. The KC measures the agreement between observed
and chance-corrected agreement beyond what is expected by
chance alone. It is defined as the ratio of the difference between the
observed agreement rate and the chance agreement rate to the max-
imum possible difference with a range of zero (no agreement) to
unity (perfect agreement).

In addition to OA, we used the KC because it accounts for
chance agreement and is widely recommended for accuracy
assessment in remote sensing and image-based classification
(Congalton, 1991). Precision, recall, and F1 score were included to
provide class-specific performance evaluation, especially under
potential imbalance between the control and treated groups.

Overall Accuracy = T T (Eq. 4)
_ T
Precision = e (Eq 5)
TP
Recall = —— (Eq. 6)
Predicted Values
F1 Score = szrec!sioansguIt Eq. 7
facispmafocal (Eq. 7) Positive Negative
g
5 True L L
Ka _ Accuracy—p(e) Ple) = (TP+FP)X(TP+FN)X(FN+TN)%(FP+TN) g ('h'ne POSI“VE)_ ('I‘rue Negatwe)
PPA= @ = (TP+FPHFN+TN)? =
(Eq. 8) E False 44 N
4 & (False Positive) | (False Negative)
OA measures how similar the actual and predicted data are.
Precision represents the proportion of true positive cases among Fi 4. Confusi i
the predicted positive cases. Recall (i.e., sensitivity) represents the ‘gure 4. L-ontusion matrix.
Table 3. Classification performances of the machine-learning models.
PLS-DA SVM RF
Opverall accuracy 0.41 0.81 0.89
Kappa coefficient 0.13 0.61 0.77
Precision score 0.43 0.81 091
Recall score 0.41 0.81 0.89
F1 score 0.36 0.80 0.89
PLS-DA, partial least-squares discriminant analysis; SVM, support vector machine; RF, random forest.
Table 4. Confusion matrix for the classification performances of the machine-learning models.
True
Control Treated
Predicted PLS-DA Control 13 3
Treated 4 16
SVM Control 12 2
Treated 5 17
RF Control 13 0
Treated 4 19

PLS-DA, partial least-squares discriminant analysis; SVM, support vector machine; RF, random forest.
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Results

Reflectance curves

Figure 5 presents the smoothed average reflectance curves for
the control and treated samples. The control samples showed high-
er reflectance values than the treated samples except in the NIR
region after diagnosis. The decreased difference in the NIR region
after diagnosis can be attributed to physiological changes includ-
ing increased chlorophyll content as the plants progressed in their
growth stages (Hansen and Schjoerring, 2003). A distinct differ-
ence was observed between the reflectance values of the control
and treated samples in the NIR region before diagnosis, which
indicates that this region can potentially be used for pre-symptom
detection. In the green region (510-560 nm), differences between
the control, and treated samples were observed both before and
after diagnosis, which can be attributed to the appearance of spots
on the leaves as the disease progressed in the treated samples.

Selection of representative bands

After merging, bands were divided into different ranges: 420-
480 nm for the blue region, 500-580 nm for the green region, 600-
660 nm for the red region, 680-760 nm for the red-edge region,
780-900 nm for the NIR1 region, and 920-980 nm for the NIR2
region. In the t-test, the lowest p-values were at 420 nm in the blue
region (1.29¢—09), 540 nm in the green region (1.66e—08), 600 nm
in the red region (5.95¢—06), 700 nm in the red-edge region
(3.54e—05), 780 nm in the NIR1 region (0.106), and 940 nm in the
NIR2 region (0.126). Consequently, these values were selected as
representative bands of these spectral regions, as shown in Figure
6. The representative bands were used to calculate the VIs given in
Table 1.

Classification performances of machine learning
models

Table 3 presents the classification performance of the machine-
learning models. PLS-DA achieved an OA of 0.41, KC of 0.13,
precision of 0.43, recall of 0.41, and F1 score of 0.36. SVM
achieved an OA of 0.81, KC of 0.61, precision of 0.81, recall of
0.81, and F1 score of 0.80. RF showed the best performance with
an OA of 0.89, KC of 0.77, precision of 0.91, recall of 0.89, and F1
score of 0.89. For disease detection models, the most important
metric is misclassifying diseased (i.e., treated) soybeans as normal
(i.e., control) because plants may not receive the necessary treat-
ment (Kang Y.S. et al., 2021). Table 4 presents a confusion matrix

showing that RF misclassified zero treated plants as control plants.
In contrast, PLS-DA, and SVM misclassified two and three treated
plants, respectively.

Table 5 lists the VIs and parameters selected for the machine-
learning models. For PLS-DA, the selected VIs were DVI calculat-
ed with NIR2, DVI, AVI, AVI calculated with NIR2, and NIR/Blue
with two latent variables as parameters. For SVM, the selected VIs
were CVI, NIR/Red, CVI calculated with NIR2, NIR/Blue calcu-
lated with NIR2, and NIR/Red calculated with NIR2 with the
parameters C = 1, gamma = 0.1, and the polynomial kernel. For
REF, the selected VIs were YVI calculated with NIR2, Green/Red,
NIR/Blue, NIR/Blue calculated with NIR2, and BNDVI calculated
with NIR2 with the parameters of max depth = 6 and n estimators
=100. Refer to Table 1 for how these VIs were calculated.

Detection before symptoms expression

Table 6 presents the classification performance of RF with the
key VIs and parameters before symptom expression. RF achieved
an OA 0of 0.77, KC of 0.55, precision of 0.80, recall of 0.77, and F1
score of 0.77. This performance indicates that RF can potentially
be applied to detecting bacterial pustules before experts can visu-
ally identify the disease. The decrease in KC can be attributed to
the reduction in sample size.

Effect of the number of vegetation indices on the classifi-
cation performance

The fewest number of VIs that can be used without sacrificing
classification performance is the most computationally efficient
approach. In this study, SHAP was used to select the most impor-
tant VIs. Then, the classification performance of RF was evaluated
according to the number of VIs used. As presented in Table 7, five,
or nine VIs both resulted in the best performance with an OA of
0.89 and KC of 0.77. Table 8 also indicates that the fewest misclas-
sifications were obtained with five or nine VIs. Therefore, the most
efficient choice is to use five VIs as it provides the best classifica-
tion performance and fewest misclassifications while requiring
less computation than nine VIs.

Figure 7 compares the SHAP values of the VIs to determine
their importance. Increasing the number of VIs from four (Figure
7¢) to five (Figure 7d) increased the classification performance
from an OA of 0.67 and KC of 0.32 to an OA of 0.89 and KC of
0.77. The most significant change was the addition of Green/Red,
which had the second-highest SHAP value. Decreasing the number
of VIs from 10 (Figure 7a) to nine (Figure 7b) increased the clas-
sification performance from an OA of 0.75 and KC of 0.49 to an
OA 0f 0.89 and KC of 0.77. The highest SHAP value changed from

Table 5. Vegetation indices and parameters selected by each machine-learning model to detect disease after inoculation.

PLS-DA SVM RF
1 2DVI CVI 2YVI
2 DVI NIR/Red Green/Red
3 AVI 2CVI NIR/Blue
4 2AVI 2NIR/Blue 2NIR/Blue
5 NIR/Blue 2NIR/Red 2BNDVI
Parameters Latent variables: 2 Csll

Gamma: 0.1 Max_depth: 6

Kernel: Polynomial

N_estimators: 100

PLS-DA, partial least-squares discriminant analysis; SVM, support vector machine; RF, random forest; CVI, chlorophyll vegetation index; AVI, Ashburn vegetation index;
DVI, differenced vegetation index; YVI, yellow vegetation index; BNDVI, blue-normalized difference vegetation index.
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Y VI using NIR1 to 2Y VI using NIR2. This indicates the signifi-
cance of the NIR2 to early disease detection, which agrees with the
reflectance curves shown in Figure 5. In addition, the VIs
NIR/Blue, NIR2/Blue, and 2BNDVI, which involve NIR, and blue
bands, were consistently selected regardless of the number of VIs.
This confirms that the NIR and blue bands play a significant role
in the detection of bacterial pustules. These bands are at opposite
ends of the wavelength range, which indicates the necessity of con-
sidering all bands for early detection of bacterial disease.

Discussion

As shown in Figure 6, the control, and treated groups showed
a significant difference in reflectance values in the NIR region
before symptom expression. Previous studies have demonstrated
that wavelengths above 900 nm are particularly effective for
detecting early physiological changes associated with plant disease
and stress. For example, Jinendra et al. 2010 detected SMV in
latent stages using NIR bands beyond 900 nm, and Pefiuelas et al.
1993 identified water stress in gerbera plants using reflectance in a
similar range. Wang et al. 2017 also used NIR and adjacent
infrared wavelengths to discriminate rice diseases. These findings
support the importance of the NIR2 region (920-980 nm) for early
diagnosis and monitoring, consistent with the differences observed
between control and treated plants in this study.

The results also indicated that RF trained on data from all
stages could use the selected VIs for the early detection of soybean
pustules before symptoms appear. In particular, this experiment
was conducted during the vegetative growth stage and before the
reproductive growth stage, so the model can detect disease early
before flowering and pod setting (Purcell ez al., 2014). However,
because canopy structure (e.g., leaf angle, overlapping leaves, and
plant shape) may vary more widely under field conditions and
could influence reflectance characteristics, evaluating the
approach under real cultivation environments will be necessary to

Table 6. Classification performance of the random forest model
before symptom expression using selected vegetation indices and
parameters.

Performances

Overall accuracy 0.77
Kappa coefficient 0.55
Precision score 0.80
Recall score 0.77
F, score 0.77

Table 7. Classification performance by the random forest model
according to the number of vegetation indices.

Number of vegetation indices Performances
10 Overall accuracy 0.75
Kappa coefficient 0.49
9 Overall accuracy 0.89
Kappa coefficient 0.77
8 Overall accuracy 0.81
Kappa coefficient 0.60
7 Overall accuracy 0.81
Kappa coefficient 0.60
6 Overall accuracy 0.83
Kappa coefficient 0.66
5 Overall accuracy 0.89
Kappa coefficient 0.77
4 Overall accuracy 0.67
Kappa coefficient 0.32
3 Overall accuracy 0.78
Kappa coefficient 0.55
2 Overall accuracy 0.78
Kappa coefficient 0.55

0.9 — Control before diagnosis
~ 08 = Control after diagnosis
%3 0.7 Treated before diagnosis
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Figure 5. Reflectance curves before (blue: control, yellow: treated) and after (red: control, green: treated) diagnosis.

[Journal of Agricultural Engineering 2026; LVII:1941]

OPEN 8RCCESS



Article

confirm its applicability. In practical terms, early detection at the
vegetative stage could support routine monitoring and timely dis-

ease control decisions before yield loss occurs. In addition, the
limited number of plant replicates may affect the robustness and

generalizability of the results; therefore, the findings should be
interpreted as demonstrating methodological feasibility, with fur-
ther validation required in future work.
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Figure 6. Representative bands selected from the two-sample t-test: (a) blue, (b) green, (c) red, (d) red edge, (e) NIR1, (f) NIR2.

Table 8. Confusion matrix for the classification performance of the random forest model according to the number of vegetation indices.

Predicted

4 Control
Treated
5 Control
Treated
9 Control
Treated
10 Control
Treated

True
Control Treated
9 4
8 15
13 0
4 19
13 0
4 19
10 2
7 17
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Figure 7. SHAP values according to the number of VIs used by the RF model: (a) 10, (b) 9, (¢) 5, and (d) 4.

Conclusions

This study proposed an efficient and prospective multispectral
sensor for monitoring soybean bacterial pustule disease using
hyperspectral images and machine learning analysis. The findings
of this study showed that NIR reflectance values could be used to
diagnose diseases early, aligning with previous studies. VIs were
calculated from representative bands that are identified using a
two-sample #-test. The RF model, which has five vegetation
indices (BNDVI and YVI with NIR2, green/red, NIRI/blue,
NIR2/blue), was selected by applying SHAP feature selection, and
it demonstrated the best performance with OA 0.89, KC 0.77, pre-
cision 0.91, recall 0.89, and F1 score 0.89. When applying this
model to data collected before finding the expression of bacterial
pustule symptoms from May 16 to May 24, the classification pre-
diction performance was OA 0.77, KC 0.55, precision 0.80, recall
0.77, and F1 score 0.77. The SHAP feature selection identified key
VIs with five bands to provide the most efficient model perform-
ance. The addition of Green/Red and NIR2 considerably affects
the performance of model. NIR and blue bands consistently played
an important role in disease detection. This study demonstrates the
feasibility of detecting bacterial pustules during the vegetative
growth stage before visible symptoms appear, enabling earlier dis-
ease management interventions. Such early detection has the
potential to reduce yield losses by supporting timely treatment
decisions during the period when disease control is most effective.
The results also provide foundational spectral information for the
design of practical multispectral sensors aimed at real-time disease
monitoring. Further evaluation under field conditions will be nec-
essary to confirm robustness across varying canopy structures and
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