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Abstract

One of the major challenges associated with the sericulture industry is silkworm diseases, as they are very difficult to detect in
the early stages. Timely identification of infected silkworms is essential to curb the spread of disease and reduce economic
damage. This study focuses on diagnosing Grasserie disease, a highly contagious condition that can devastate silkworm
populations, leading to substantial financial losses for farmers. To address the shortcomings of expert manual inspections, this
study employed camera-captured images of silkworms for automated disease detection. A newly compiled dataset, consisting
of 668 healthy silkworms and 574 infected with Grasserie disease are used for this study. The dataset is analyzed with machine
learning techniques for image analysis, features are extracted from the pre-processed images using combining Histogram of
Oriented Gradients (HOG) and the higher dimensional features are reduced with Kernel Principal Component Analysis
(KPCA), and classification using supervised models. The results highlight the effectiveness of this approach in differentiating
healthy silkworms from diseased ones. The machine learning model HOG integrated with KPCA and Decision Trees (DT)
achieved strong performance, with accuracy, recall, and precision scores of 94.28%, 94.56%, and 92.48%, respectively. While
these outcomes are encouraging, further research is needed to develop a practical loT-based tool that enables sericulture
farmers to quickly detect infections and take preventive measures, minimizing unexpected losses. This study marks a crucial
advancement in silkworm disease detection, offering a pathway toward greater sustainability and economic stability in the
sericulture sector.
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1. Introduction

Sericulture, which refers to the cultivation of silkworms
for silk production, has a rich history extending back
thousands of years. Among the different species of
insects that produce silk, the silkworm, scientifically
known as Bombyx mori, has been the primary subject
of sericulture due to its remarkable capacity for
generating high-quality silk [1]. Sericulture, which
involves cultivating silk and rearing silkworms, has
played an important role in the economic and social
development of many regions worldwide. South India,
in particular, is recognized for its deep-rooted tradition
in sericulture, benefiting from a favorable climate and
environment that support the flourishing of the Bombyx
mori species. The life cycle of silkworms is a complex

and captivating process, consisting of several key
stages, each essential for silk production [2], [3]. A
thorough understanding of these stages is critical for the
successful practice of sericulture. The life cycle of
silkworms generally includes four stages: eggs, larvae
(caterpillars), pupae enclosed within cocoons, and adult
moths [4], [5]. Despite the cultural and economic
significance of sericulture in South India, the industry
has faced significant challenges, particularly the spread
of grasserie disease in silkworms. Recently, the rise of
machine  learning  technologies has  created
advancements that offer earlier recognition and better
handling of grasserie disease, bringing transformative
changes to the sericulture sector [6], [7]. This research
paper delves into the application of machine learning
techniques for the effective detection of grasserie
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disease in Bombyx mori silkworms, shedding light on
its potential to safeguard the silk production process and
contribute to the sustainable growth of South Indian
sericulture.

A major problem with the sericulture industry is the
devastating impact of grasserie disease, which severely
affects silkworm populations [8]. This disease is
triggered by the Bombyx mori nuclear polyhedrosis
virus (BmNPV) and is highly contagious, posing a
serious risk to silkworm farming [8]-[10]. Infected
larvae suffer from symptoms, including lethargy,
reduced appetite, sluggish movement, and difficulty
spinning proper cocoons [11]-[14]. These symptoms
typically emerge 5 to 7 days after infection. During the
early stages, the silkworm's skin develops a shiny,
delicate texture, and the larvae struggle with the
moulting process. The virus spreads quickly through
rearing facilities, resulting in significant financial
losses. Infected silkworms also produce weak and poor-
quality cocoons due to abnormal spinning patterns.
Early detection is therefore crucial for disease control
and to minimize economic harm. Emerging machine
learning techniques offer promising solutions to address
this threat and protect silk production.

Currently, the detection of grasserie disease in
silkworms relies heavily on traditional methods, such as
manual inspections and visual assessments by skilled
sericulturists [15], [16]. These are time-consuming,
labor-intensive, and subjective, often leading to
inconsistent diagnoses and delayed detection.
ericulturists observe behavioral and physical changes
such as decreased appetite, unusual spinning, and
lethargy  during silkworm development [17].
Microscopic analysis of gut tissues and excreta can help
confirm the presence of the virus [18]. Despite their
widespread use, these conventional diagnostic methods
are not always reliable, particularly when dealing with
early infections or subtle disease symptoms. Hence,
researchers are increasingly focusing on advanced
tools, including molecular techniques and machine
artificial intelligence (AI) methodologies, to enable
faster and more accurate detection, ensuring timely
interventions and better disease management.

In their research, Nagashetti et al. attained an
impressive accuracy of 97 % in differentiating between
670 healthy silkworms and 527 silkworms infected with
Grasserie disease, using deep learning techniques [5].
Similarly, Zhen et al. used 600 images of silkworms
affected by nuclear polyhedrosis virus and white
Muscardine disease to assess the performance of the
Attention-Concatenation Dense Convolutional Neural
Network (AC-DenseNet). They achieved a notable peak
accuracy of 85.6%, highlighting the effectiveness of
AC-DenseNet in differentiating between these two
diseases in silkworms [6]. Shilpashree et al. employed
Gray-level Co-occurrence Matrix (GLCM) texture
features to classify healthy and diseased silkworms.
Their use of the Random Forest algorithm yielded a
recall of 59%, precision of 61%, an F1-score of 85%,

and an overall accuracy of 59% [7]. Additionally, Xia
et al. developed a silkworm disease recognition
application using the Local Binary Pattern (LBP)
feature extraction method combined with an SVM-
based classifier, achieving an accuracy of 73.8% [19].
The system operates on a client/server network
structure, enabling users to capture real-time images of
diseased silkworms via a mobile application and upload
them directly to a cloud for analysis.

In this study, we propose an artificial intelligence-based
method for the detection of BmNPV infection. HOG
feature extraction technique is combined with various
dimensionality reduction techniques such KPCA,
Multidimensional Scaling (MDS), and Isomap. To
classify the extracted features, we employ KNN and
decision tree algorithm, and we assess its performance
using standard evaluation metrics. The robustness of the
model is validated using a 10-fold cross-validation
approach. Our proposed HOG-KPCA-DT method
demonstrates superior classification accuracy in
comparison with other dimensionality reduction
methods, achieving high sensitivity and specificity in
detecting Grasserie disease. This work significantly
contributes to the advancement of automated disease
detection in sericulture by providing a reliable and
efficient method for identifying Grasserie disease in
silkworms.

2. Methods

The process of detecting Bm NPV infection in Bombyx
mori silkworms using image analysis starts with sample
collection. A mobile camera is used to take the picture
of the silkworm samples and the captured pictures are
then saved to a personal computer for analysis. The next
step involves preprocessing the images to remove any
noise or irrelevant components. After preprocessing,
key features are collected from silkworm image data.
To optimize the data for analysis, dimensionality
reduction methods are employed. The optimized feature
set is then used as input for the machine learning
algorithms to detect the presence of the grasserie
disease. The complete methodology is visually depicted
in Figure 1.

[ Sample collection |]

: |

[ Image Acquisition |]

[ Image Segmentation ]

[ HOG Feature Extraction |]

[ Dimensionality Reduction |]
10-fold Cross Validation |
l* LK‘NN i] [Decish:l:]eeﬂ

Figure 1. Workflow of the process
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2.1. Sample Collection and Image Acquisition

This research utilized a double hybrid variety of
silkworm called the FC1 x FC2 double hybrid. In
southern India, CSR (Central Sericultural Research)
hybrids FC1 and FC2 are frequently used to produce
these double hybrids, which are valued for their
robustness, higher yield, and adaptability to various
climatic conditions [20]-[22]. FC1 and FC2 are hybrid
breeds crossing CSR6 with CSR26 and CSR2 with
CSR27 respectively. The study collected samples from
farmers in Namakkal district, located in the Tamil Nadu
state of India. The silkworm samples are colected form
the farmers authorized by the sericulture department. A
total of 1,242 samples were gathered for the research,
comprising 668 healthy silkworms and 574 silkworms
infected with Grasserie disease. Figure 2 illustrates an
image of the silkworms from the farm. The initial
classification of healthy and diseased silkworms was
done in collaboration with experienced farmers and
confirmed it using microscopic examination.

Starting on the fifth day after infection, an expert
carefully —examined each infected silkworm
individually, selecting the diseased samples. The image
capture process was completed in a single day, using a
Samsung Galaxy S20 FE smartphone with a 12-
megapixel camera. A consistent lighting setup with a
LED Macro arm light, were used to provide uniform
illumination and minimize shadows or glare. The phone
was positioned 30 cm above the silkworms, mounted on
a tripod to ensure that the camera lens was directed
downward while allowing the silkworms to remain in
their natural position. All images were taken from the
same angle and under identical ambient conditions to
avoid variation in lighting and perspective.

Figure 2. Image of silkworms

To preserve the silkworms' natural body shape when
resizing the images, the aspect ratio of the camera
screen was set to 1:1. The silkworms were placed
against a black background. The black background was
used in this study to ensure consistent image
acquisition, enhance contrast, and minimize noise
during preprocessing and feature extraction, which is
particularly important when working with a limited
dataset. Figures 3a and 3b display images of a silkworm

affected with Grasserie disease and a healthy silkworm,
respectively. Following image acquisition, a cropping
process was applied to resize the images to 640 x 480
pixels, focusing on the region of interest. Subsequently,
he cocoon was isolated from the background through
binary segmentation, effectively removing noise. The
resulting segmented image served as the basis for
subsequent feature extraction.

(a) (b)

Figure 3. (a) Diseased silkworm (b) Healthy silkworm.
2.2. Feature Extraction

Feature extraction involves obtaining important
information from silkworm images to generate a set of
unique attributes that capture the visual characteristics
of the silkworms. These features can include aspects
such as texture, color, shape, and other visual traits. The
extraction of these features is crucial to our
methodology, as it enables the transformation of
complex image data into a format that AI models can
efficiently analyze [23], [24]. The effectiveness of our
disease detection model largely relies on the selection
and quality of these features, which allow for accurate
differentiation between healthy and diseased
silkworms, thereby contributing to improvements in
silkworm health management within sericulture. HOG
feature descriptor method is employed in this work as
our feature extraction technique.

HOG is a key method used in feature extraction,
particularly for solving object detection problems in
computer vision. First introduced by Robert K.
McConnell [25], this technique gained wide recognition
when researchers Navneet Dalal and Bill Triggs
demonstrated its effectiveness in achieving high
accuracy for human detection [26]. HOG’s strength in
object detection lies in its ability to describe objects by
leveraging the gradient magnitude and orientation. In
silkworm image-based studies HOG feature extraction
technique has given better accuracy results. He et al.
effectively used HOG technique integrated with MLP,
SVM and random forest for species and sex
classification of silkworms [3]. They have attained an
impressive accuracy of 99 % in both the cases of species
and sex classification. In disease detection applications
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HOG has given good results. S Bakheet achieved 98%
sensitivity, 96% specificity, and 97% accuracy in skin
cancer detection using HOG for feature extraction and
SVM classifier [27]. Admass et al. utilized HOG and
Convolutional Neural Networks (CNN) for detecting
the mango leaf diseases and achieving an accuracy
above 98% [28]. HOG method is also widely adapted in
disease specific application in both human, plant and
animal diseases.

The HOG feature extraction process consists of several
essential steps. To start, the original image, shown in
Figures 4.a and 5.a with dimensions of 640 x 480, is
converted to grayscale and resized to 128x64, as
illustrated in Figures 4.b and 5.b, to enhance the
accuracy. Following this, the gradients of the resized
image are computed using Formulas 1 and 2.

G, (r,c)=I(r,c+1)—I(r,c—1) (1)
Gy(r,c) =1(r—1,¢) = I(r + 1,¢) 2)

Here in x-direction and y-direction gradients are
denoted as Gy and Gy respectively. ¢ and r refers to the
columns and rows and, I stands for the intensity value
of a pixel.

Once Gy and Gy re calculated, the magnitude and
orientation are obtained using Formulas 3 and 4. These
are visualized in Figures 4 and 5.

Magnitude(u) = \/GZ + G2 3)
Angle (0) = |tan‘1(z—y)| “4)

The following step consists of splitting the magnitude
and angle arrays into 8x8 blocks. Next step is to divide
the gradient angle into nine bins, each with a step size
(A0) of 20 degrees. Bin boundaries [Af.j, AB.(j+1)] are
defined for each bin, with the center of each bin,
represented as ¢_j, calculated using equation 5. For each
angle value (0), the magnitude values are assigned to
the corresponding bins based on Formulas 6, 7, and 8.

¢; = £6.(j + 0.5) (5)
=51 0
Vier = |55 =] (7)
Vi = 1[5 ®)

The HOG feature descriptor histogram is calculated for
8x8 sections of the image. Each cell within these
sections holds 9x1 wvalues. Next, four 9x1 cells are
combined to form new 2x2 blocks, resulting in 36
features per block. The values within these feature
blocks are then normalized using the L2 norm, as
defined by Formula 9, with a small constant (¢) added
to prevent division by zero error.

_ f
fb _m (9)

In the end, the final feature vector for an image consists
of 7x15x36, resulting in a total of 3780 features. The
conclusive depiction of the HOG feature descriptor is
given in Figures 4e and Se.

b)

Figure 4. HOG feature descriptor of infected silkworm a) Original
Image b) resized image c¢) magnitude visualization d) orientation
visualization ) HOG feature descriptor.

l“:-
(b)

(a)

Figure 5. HOG feature descriptor of healthy silkworm a) Original
Image b) resized image c) magnitude visualization d) orientation
visualization e¢) HOG feature descriptor.

2.3 Dimensionality Reduction

After extracting HOG features, the next crucial step is
dimensionality reduction. This process is essential if the
feature extraction process is giving a high dimensional
feature vector. The feature vectors generated from the
HOG descriptors are often high-dimensional, with
numerous components. While this wealth of features
can be beneficial, it can also lead to increased
computational demands and potentially introduce noise.
In dimensionality reduction technique, the algorithm
selects best features and reduces the overall data
dimensions. This strategy streamlines the training
process and reduces the likelihood of overfitting,
leading to enhanced model accuracy and reliability in
distinguishing between healthy and diseased
silkworms. In this work 3 non-linear dimensionality
reduction methods, KPCA, multidimensional scaling
(MDS) and Isomap were studied and compared.

KPCA, MDS, and Isomap are non-linear
dimensionality reduction methods that help address the
complexities of high-dimensional data by preserving
important features, relationships, or distances in a
lower-dimensional space. These techniques have a wide
range of applications in various domains where
capturing non-linear structures is crucial for data
analysis and interpretation.
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KPCA is an advanced version of Principal Component
Analysis (PCA) developed to handle non-linear
relationships within data. By utilizing a kernel trick, this
method transforms the data into a higher-dimensional
feature space allowing linear PCA to be applied in this
transformed space. This technique enables the capture
of intricate, non-linear interactions between data points
[29]. The process of KPCA begins with the selection of
a kernel function (e.g., polynomial or RBF), which
transforms the original data into an expanded feature
space. After this process linear PCA is performed in this
space to reduce dimensionality. The principal
components obtained are subsequently mapped back to
the original space. KPCA finds applications in various
domains, including image processing, food quality
assessment, and medical diagnostics, where it is
essential to extract non-linear patterns from complex,
high-dimensional data [30]-[32]. Thomas and Thomas
effectively applied KPCA for silkworm sex
discrimination from cocoon images and attained an
accuracy of 70 % [1]. Jain et al used KPCA
dimensionality reduction technique in histopathological
images to discriminate controls from patients with lung
cancer with a better accuracy of 97 % [31].

MBDS preserves the pairwise distances or dissimilarities
between datapoints. The main aim is to develop a lower-
dimensional representation of the data while
maintaining relative distances [30]. MDS starts by
constructing a dissimilarity matrix based on the
pairwise dissimilarities between data points. It then
attempts to determine a lower-dimensional space that
most accurately reflects these dissimilarities. Various
optimization techniques can be used to achieve this. It
helps reveal underlying structures and relationships in
data by compressing it into a lower-dimensional form
while retaining the original dissimilarities. Thomas and
Thomas utilized MDS integrated with ensemble
machine learning methods in classification of male and
female silkworm pupa from cocoon images and attained
an accuracy of 96 % [9]. Igtidar et al. employed MDS
feature extraction technique to classify different
coronary artery diseases from Phonocardiogram (PCG)
signal analysis and obtained an accuracy score of 98 %
with 10-fold cross validation [33].

Isomap is a non-linear method that aims to preserve
geodesic distances or the intrinsic geometry of the data.
It connects data points in a graph, considering their
shortest path distances in a manifold [31]. Isomap starts
by constructing a neighborhood graph, connecting data
points based on their nearness. It then computes
geodesic distances (shortest path distances) along this
graph. Finally, it applies classical MDS to create a
lower-dimensional representation that preserves the
geodesic distances. It is particularly effective when data
resides on a non-linear manifold and euclidean
distances fail to capture the true relationships between
data points. Gunasundari and Thiagarajan employed
Isomap and classical machine learning techniques for
skin cancer classification from images and obtained an
accuracy of 99% [34].

2.4 Classifciation

Two classification algorithms, Decision Tree (DT) and
K Nearest Neighbors (KNN) are used in this work.

A decision tree is a supervised machine learning
classification algorithm where labelled data is used for
the classification. It is designed to model data through a
tree-like structure of decisions based on feature values.
This approach helps in predicting the target variable by
partitioning the feature space into regions that are as
uniform as possible in terms of their class labels [30].
In a decision tree, the process begins at the root node,
which contains the complete dataset. The data is then
repeatedly partitioned according to different feature
values. Internal nodes apply a decision criterion based
on a chosen feature, with branches denoting the
corresponding outcomes. The leaf nodes, located at the
ends of the branches, represent the final output,
providing either the predicted class label or a regression
value.

To determine the optimal splits at each node, decision
trees utilize criteria such as Gini impurity, entropy,
information gain, and chi-square. Gini impurity
measures the purity of a node and is calculated as
Formula 10.

Gini (t) =1—Y¢_, P> (10)

The entropy and information gain can be calculated as
Formulas 11 and 12.

Entropy = —Xi_, Pilog,P; (1

P; is the probability of class i. ¢ is the total number of
classes.

Information Gain = Entropy —
[(weighted_average X

entropy(each_attribute)] (12)

The decision tree is constructed by starting with the
entire dataset at the root node and then applying the
selected splitting criteria to partition the data
recursively into subsets. This process continues until a
stopping criterion is met, such as reaching a maximum
depth or having a minimum number of samples in a leaf
node. To prevent overfitting, the tree can be pruned,
which involves removing nodes or subtrees that
contribute little to the model's predictive power.
Pruning methods can include pre-pruning, where the
tree is stopped from growing based on certain
conditions, or post-pruning, where a fully grown tree is
trimmed based on validation performance or
complexity considerations. In practice, decision trees
are used in various applications due to their
interpretability and ability to handle non-linear
relationships [31].

KNN is a supervised learning classification method
which relies on a similarity measure to make
classifications. In the KNN algorithm, classification is
determined by a majority vote of the nearest
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neighboring points, determined through this similarity
measure [33], [34].

Given a dataset where X denotes the set of observed
features and Y represents the corresponding class
labels, the KNN algorithm functions as a classification
technique that predicts the class membership of a new
observation based on similarity. For a chosen positive
integer K, the method locates the K training samples
that are most similar (or nearest) to the test point x. It
then estimates the probability that x belongs to a
particular class j by evaluating the proportion of those
K neighbors that fall into class j, as expressed in
Formula 13. The test observation is ultimately assigned
to the class with the highest estimated probability.

¥V =jIX =x) == Tiea (YD = ) (13)

Here, X represents the matrix of input features, while Y
indicates the corresponding class labels. The symbol j
refers to a particular class under consideration, and K
denotes the number of nearest neighbors used in the
classification process. The set A contains the K data
points that are closest to the test sample, and I is an
indicator function used to determine whether a given
data point belongs to class j. If I equals 1, the data point
is classified as belonging to class j; if I equals 0, it does
not belong to that class. It is important to note that
choosing a smaller value of K generally results in lower
bias but higher variance, whereas using a larger K
reduces variance but introduces higher bias in the
classification performance [35], [36].

Decision tree and KNN algorithms have given
impressive accuracy results in silkworm-based studies.
In silkworm sex classification studies these algorithms
have provided more than 95 % accuracy when
integrated with HOG feature extraction method [1],
[21]. In disease diagnosis problems when integrated
with feature extraction and dimensionality reduction
methods, KNN and decision tree classification models
gives good classification results [9], [23], [36]. Both are
proven techniques in disease diagnosis specific
applications.

3. Results and Discussions
3.1 Performance Evaluation Metrics

To examine the efficiency of our trained machine
learning model, we use a variety of metrics. For
assessing predictions on new data or images, we utilize
a confusion matrix as a visual method for measuring the
model's effectiveness. The confusion matrix includes
four essential elements: True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative
(FN). TP and TN represent cases where the model's
predictions match the actual outcomes. FP are instances
where the model incorrectly predicts a positive
outcome, while FN are cases where the model
incorrectly predicts a negative outcome. From this
confusion matrix, we can calculate key performance
metrics which are given in Formulas 14 to 18.

TP+TN

Accuracy = ————— (14)
. TP
Precision = (15)
TP+FP
Recall or Sensitivity = L (16)
TP+FN
o TN
Specificity = —— (17)
f1 score = 2xRecallxPrecision (18)

Recall+Precision

Furthermore, ROC curve is used to conduct an
additional performance assessment. From this curve,
AUC is computed, which serves as one of the important
measure of the model’s overall effectiveness. The ROC
curve demonstrates how well the model distinguishes
between different classes, and a higher AUC score
indicates stronger predictive capability and improved
class discrimination. ROC-AUC is a visual method that
shows the accuracy of a machine learning model.

3.2 Disease Detection Using Decision Tree

In this study, we utilized the cross-validation method,
k-fold cross-validation for evaluating the model's
performance. The classifier performance is analysed
using 10-fold cross-validation technique. In this
method, the sample is divided into ten equal parts and
in the first iteration nine folds are used for training and
the tenth fold is used for testing. This process is
repeated ten times such that each fold will be used as
test set once. The average accuracy obtained in this
method is the accuracy score of a machine learning
model. In disease specific applications employing
supervised classification algorithms, 10-fold method
have given better classification results.

The evaluation of our proposed decision tree classifier,
which utilizes HOG feature descriptors along with three
different dimensionality reduction techniques, is
summarized in Table 1.

Table 1. Classification results of DT

Classifier
Perfomance HOG- HOG- HOG-
Metrics KPCA- MDS-DT Isomap-
DT DT
Accuracy (%) 94.28 91.06 91.87
Recall (%) 94.56 91.46 92.16
Specificity (%)  93.86 90.72 91.62
Precision (%) 92.48 89.44 90.43
f1 score (%) 93.45 90.44 91.29
Among these approaches, the HOG-KPCA-DT

classifier stands out by delivering the best classification
performance compared to both HOG-MDS-DT and
HOG-Isomap-DT. This is evident from its high
sensitivity of 94.56% and an accuracy of 94.28%.
Additionally, the classifier exhibits impressive
precision, F1 score, and specificity, with values of
92.48%, 93.45%, and 93.86%, respectively. Figure 6
illustrates the ROC curve of the performance of the
HOG-KPCA-DT model. The mean AUC score, shown
in Figure 6, is 0.95, highlighting the model's robust
classification capability. The HOG-MDS-DT model
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demonstrates the lowest performance among the
evaluated methods, with an accuracy of only 91.06%.
In addition to accuracy, the other performance metrics
such as precision, recall, and Fl-score are also
comparatively lower for this model. This suggests that
the combination of HOG feature extraction with MDS
for dimensionality reduction and DT classification may
not be as effective in capturing the discriminative
features of the data when compared to the other
approaches considered in the study.

ROC Curve with 10-Fold Cross-Validation
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Fold 2 (AUC = 0.99)
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’ Fold 5 (AUC = 0.95)
02 ’,/ Fold 6 (AUC = 0.93)
- Fold 7 (AUC = 0.95)
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Figure 6. ROC curve for HOG-KPCA-DT
3.3 Disease Detection Using KNN

In Table 2, we detail the classification assessment of our
proposed KNN classifier for disease detection, using
HOG feature descriptors and three dimensionality
reduction techniques: KPCA, MDA, and Isomap.
Among these different approaches, the HOG-KPCA-
KNN classifier performed well, displaying superior
classification performance in comparison to HOG-
MDS-KNN and HOG-Isomap-KNN.

Table 2. Classification results of KNN

Classifier
Performance HOG- HOG- HOG-
Metrics KPCA- MDS- Isomap-
KNN KNN KNN
Accuracy (%) 92.59 90.34 91.22
Recall (%) 92.86 90.77 91.29
Specificity (%) 92.37 89.97 91.17
Precision (%) 91.27 88.61 89.88
f1 score (%) 92.06 89.67 90.58

This superiority is evidenced by its remarkable
sensitivity of 92.37% and an impressive accuracy of
92.59%. Moreover, it exhibits noteworthy precision, F1
score, and specificity, with values reaching 91.27%,
92.06%, and 92.37%, respectively. HOG-MDS-KNN
have given the lowest score for all the performance
parameters, with the accuracy of 90.34% and recall of
90.77%. In Figure 7, we present an ROC curve, offering
a overview of the classification performance achieved
by the HOG-KPCA-KNN model. Importantly, the
mean AUC score, as indicated in Figure 7, is computed
at 0.93, further confirming the model's robust
classification capabilities.

ROC Curve with 10-Fold Cross-Validation
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Figure 7. ROC curve for HOG-KPCA-KNN
3.4 Comparative Analysis

In this research, we have conducted an analysis of the
HOG feature descriptor integrated with KPCA
dimensionality reduction, which has yielded promising
results. However, we have also explored the
performance of four other classifier models for a
comprehensive evaluation. The six classifier models
under investigation are HOG-KPCA-DT, HOG-MDS-
DT, HOG-Isomap-DT, HOG-KPCA-KNN, HOG-
MDS-KNN, and HOG-Isomap-KNN. In Figures 8 and
9, we have presented bar diagrams that illustrate the
evaluation metrics for all three DT models and KNN
models, respectively.

04 ® HOG-KPCA-DT ® HOG-MDS-DT ¥ HOG-Isomap-DT
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Figure 8. Comparison of evaluation metrics for DT models
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Figure 9. Comparison of evaluation metrics for KNN models
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Notably, the evaluation metrics of HOG-KPCA-DT
outperform the other three classifiers. Additionally,
HOG-Isomap demonstrates superior performance in
comparison to HOG-MDS across both classification
schemes, achieving an accuracy of 91.87% with DT and
91.22% with KNN. These findings provide a
comprehensive view of the classifiers' relative
performance

3.5. Performance Evaluation Against Existing Methods

In comparison to prior research on Grasserie disease
detection in silkworms, the proposed method
demonstrates competitive and consistent performance.
The comparative analysis is shown in table 3.
Nagashetti et al. attained a slightly higher accuracy of
97% using deep learning methods without
dimensionality reduction on a larger dataset of 670
healthy and 527 infected silkworms [5]. Suthar et al.
achieved 94% accuracy using EfficientNet, a CNN, on
a balanced dataset of 200 healthy and 200 infected
silkworms [13]. Shilpashree et al., using GLCM-based
texture features and the Random Forest model, reported
a notably lower accuracy of 59%, indicating limitations
in traditional feature-based approaches [7]. Zhen et al.
employed an advanced AC-DenseNet model to classify
multiple silkworm diseases, achieving 85.6% peak
accuracy, which is notably lower than the result
achieved in this study [6]. Our study is an effective and
interpretable approach combining HOG for feature
extraction, KPCA for dimensionality reduction, and DT
for classification. This shows that classical machine
learning methods, when combined with good feature
extraction and dimensionality reduction, can give
accurate results for early detection of Grasserie disease
in silkworms.

Table 3. Comparative analysis against existing models

Dataset Size

Study (Healthy / Methcl)}i / (li\/lodel Acg;r)acy
Infected) s¢ °
Nagashetti .
etal. [5] 670 /527 Deep Learning 97
End-to-end learning
S;ﬂﬁg? 200/200  and EfficientNet 94
’ (CNN)
Shilpashree GLCM texture
ol [7] 245/247 features and 59
: Random Forest
AC-DenseNet
Zhen et al. (Attention-
[6] 989/1045 Concatenation 86
CNN)
This work 668/574 HOG-KPCA-DT 94
The findings from our work demonstrate the

effectiveness of combining HOG feature descriptors
with advanced dimensionality reduction techniques and
machine learning algorithms for automating the
detection of Grasserie disease in silkworms. By
evaluating different model configurations, the results
indicate that certain models, such as HOG-KPCA-DT,
offer significant improvements in classification
performance. These outcomes contribute to the ongoing
efforts in developing accurate, efficient, and scalable

disease detection methods in sericulture. The use of
such automated systems has the potential to not only
reduce the dependency on manual inspections but also
to improve overall precision and accuracy of disease
management, leading to more sustainable and
productive sericulture practices. This study underscores
the importance of the integration of Al and image
analysis to address key challenges in silkworm health
monitoring.

Although Deep learning approaches have given better
results in several domains including disease diagnosis,
we selected machine learning models in this work due
to the relatively limited dataset size, need for
interpretable features, and feasibility of deployment in
resource-constrained sericulture settings. Traditional
machine learning models gives good performance
under these conditions and can be efficiently
implemented in portable diagnostic systems. Deep
learning approaches remain a promising future
direction once larger annotated datasets become
available. While deep learning studies have reported
slightly higher accuracy, our machine learning methods
have advantages in terms of computational efficiency
and feasibility. The proposed machine learning model
required only a few seconds of training on a standard
CPU and provided near-instant inference, making it
practical for deployment in sericulture farms where
advanced hardware may not be available. In contrast,
deep learning approaches often demand extensive
training time, dedicated GPUs, and higher costs, which
limit their scalability for real-world field applications.
This highlights the contribution of our research in
providing a lightweight, interpretable, and cost-
effective solution for early Grasserie disease detection.

A limitation of this study is that images were acquired
against a black background to maintain consistency and
reduce noise, which may affect the generalizability of
the model in real-world environments. Future work will
address this by incorporating images with varied and
natural backgrounds.

4. Conclusions

In this paper, we presented an automated method for the
detection of Grasserie disease in silkworms using
machine learning techniques combined with HOG for
feature extraction and dimensionality reduction
methods such as KPCA. The proposed system aims to
address the disadvantages of traditional techniques that
rely on manual inspection and microscopic
examination, offering a faster, more accurate
alternative. By leveraging image analysis and advanced
classification techniques, we evaluated the performance
of several models, including DT and KNN, with the
HOG-KPCA-DT classifier achieving the best results in
terms of classification accuracy and sensitivity.

The experimental results demonstrate that combining
HOG with KPCA and machine learning classifiers
significantly improves the detection of Grasserie
disease in silkworms. The HOG-KPCA-DT model, in
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particular,  outperformed other configurations,
emphasizing the critical role of choosing suitable
feature extraction and dimensionality reduction
methods. This automated approach reduces the need for
manual labor in sericulture disease detection and offers
a more scalable solution for larger sericulture
operations. The promising results of this work
underscore the possibilities of Al methods into the
management of silkworm health. Future studies will
enhance the dataset and incorporate additional disease
types for a more comprehensive system, as well as
exploring real-time detection capabilities through
mobile applications. Ultimately, this research
contributes to enhancing the efficiency and productivity
of the sericulture industry by providing a reliable,
automated disease detection tool.
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