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Abstract — In a modern E-commerce system, exact and efficient classification of products is one of the major challenges.
The user experience of online purchasing heavily relies on product classification accuracy as well as. Given the large
number of products and viable categories, have developing a new framework automatically for assigning the products to
suitable categories at scale is desirable. However, inadequate item descriptions, poor data quality and adversarial noise in
training data, can lead to low prediction accuracy when applying the Machine Learning (ML) algorithms. In addition, the
various influx of new products uploaded daily, and the dynamic nature of categories highlight the need for novel intelligent
classification models that can control the cost and time required by human editors. To overcome these kinds of issues,
Squirrel search War Strategy Optimization (SSWSO) LeNet replica is introduced. SSWSO is a revolutionary nature-
inspired optimization algorithm developed for unconstrained optimization issues. The foraging behavior of southern flying
squirrels is examined and quantitatively simulated, considering every aspect of their food hunt to achieve the desired
optimum. Squirrel search Algorithm (SSA) provides global optimum solutions with excellent convergence behavior.
Meanwhile, War Strategy Optimization (WSA) algorithm includes an adaptive weight mechanism that varies from one
solution (soldier) to another and is updated weights depends on the soldier's rank during the update phase. Thus, the
combined optimization strategies ensure an efficient balance among the exploration and exploitation stages. By integrating
WSO and SSA provide better product classification accuracy and superior performance. Furthermore, the experimental
findings showed that the SSWSO_LeNet performed better in accuracy, sensitivity, and specificity, with values of 0.976,
0.877, and 0.857, which is impressive compared to state-of-the-art results.

Keywords — E-Commerce, Statistical Features, Product Classification, War Strategy Optimization, LeNet.

I. INTRODUCTION
Internet tech keeps innovating and improving year by year. A digital tech representative affects various economic and
societal areas and drives up spending growth. The growing use of mobile internet users and rapid advancements in mobile
payment technologies have continuously improved and integrated e-commerce transactions into daily life. [24][9]. Anyone
can purchase and sell items through e-commerce websites. E-commerce apps employ software designed mainly for offering
diverse services to facilitate transactions between consumers and businesses. E-commerce is a developing technology
enhancing user communication's speed and effectiveness. The main action in online stores' buying journey is finding items
and looking through their list. Products are recognized by how they look, work well, and act. Textual products' names and
descriptions, digital media's content, and classifications are used to make decisions throughout the customer's journey.
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They are expressed in various forms such as textual product names and descriptions, digital media content, and
classifications that are crucial for making choices at every stage of the customer's path. All these traits greatly affect how
customers feel about getting things done easily, whether they use technology or not, and what their final impression is.
Recently, many businesses and their clients agreed they would share details about products by leaving scores and
comments, as well as requesting help from others when deciding which features of the products to use. [24][25].

Product image categorization [2] involves classifying items into suitable categories, making it an essential task in e-
commerce processing. Product categorization facilitates efficient organization and quick access to online shopping items.
It's advantageous for sophisticated in-store retail systems, like personalized product suggestions [28]. Product
categorization takes much effort from both companies and clients. Product categorization is crucial for e-commerce
companies. A product's details are frequently described through metadata, which includes things like an image, name,
weight, color, among others, usually done by the seller themselves. A product placed on an online store is frequently
categorized into numerous groups. E-commerce sites enhance client satisfaction through categorization of products, such
as swiftly searching the catalog or creating recommendation systems [26]. The vendor needs to clearly mark and take
photos of their goods so they can be easily organized. The customer has to quickly find what they want and get more helpful
suggestions. The e-commerce system frequently makes errors due to human mistakes. Misclassification leads to problems
like products not showing up in searches, wrong suggestions, low or fewer sales for both sellers and buyers [27].

E-commerce platforms frequently present product profiles with disorganized language, visuals, product names, and
pertinent details about products. Profiles help people buy things by giving them ideas, and they also tell computer programs
what to do when shopping online. Having too many products and product categories on an e-commerce site can make
managing them difficult. Therefore, it's important to use systems that help correctly place these items into their proper
categories. [2]. Several machine learning tools, such as the SVM, are commonly employed for categorizing e-commerce
image products. Support vector machines (SVM) are highly regarded for their effectiveness in classification tasks,
particularly when applied to image data from e-commerce platforms by numerous researchers. [1]. The popularity of Al-
driven ML-based categorization technology has grown significantly due to advancements in the industry. Deep learning
(DL), an extensive method for classification, excels in successfully categorizing product images. Artificial Neural
Networks, K-nearest neighbors, and Naive Bayes are various classifiers used in classification tasks. [28].

The main goal of this research is to create a smart system that can quickly sort through many items sold online. This
system uses pictures of the products to help tell if they're good or bad. It's called SSWSO, which stands for Smart Sorting
with Pictures Online. The idea is to make sure all the things’ people buy are nice and in good condition. Data augmentation
is achieved through rotation, cropping, flipping, scaling, and translation. Here, the design of rotation and flipping was
intended to partly solve the viewing issue. Cropping and zooming fixed background issues, while scaling changed the
image size randomly within limits. For extracting features, CNN, statistics, GLCM, and PHOG methods are utilized,
leading to improved accuracy, reduced overfitting, faster training, and better data visualization. LeNet performs the
classification task, utilizing the SSWSO method for training, where SSWSO combines SSA and WSO techniques.

The primary contribution of this research is,

e The LeNet is introduced for E-commerce product classification in which the SSWSO is utilized for training
LeNet. Here, the SSWSO hybridized SSA and WSO by exploiting the best aspects of both approaches. SSA
mimics southern flying squirrels' dynamic feeding behavior and efficient gliding locomotion. Small mammals
use gliding to travel great distances efficiently.

o The strategic movement of army soldiers during a war is the foundation of WSO. Each soldier in military strategy
advances dynamically toward the optimal value, modeled as an optimization process. The WSO achieves a
suitable balance between the exploration and exploitation stages. Thus, SSWSO classifies the E-commerce
products into Jeans, T-shirts, Sofas, and Televisions, which facilitates customers' search for what they want and
can lessen dissatisfaction and desertion rates.

This paper is organized as follows. An overview of the literature on various E-commerce product classification is given
in Section 2; the SSWSO_LeNet scheme is presented in Section 3; the scheme's results and discussion are shown in Section
4; and the paper is concluded in Section 5.

Il. LITERATURE SURVEY
S.A. Oyewole and O.0. Olugbara [1] have introduced improved color image-based product categorization architecture,
which includes a median filter, Eigen Color features (cHOG-ECF and cULBP-ECF), and an artificial neural network
ensemble for the classification of products in E-commerce. The processing steps for product categorization were pre-
processing, extraction of features, reducing dimensions, and classification.

Tsegaye Misikir Tashu et al. [2] have introduced a multi-modal model, named Hierarchical Fusion for product
classification, which integrates extracted features derived by Neural Network (NN) models from visual and textual data
with simple fusion methods. In addition, hierarchical fusion was done to merge representations from linguistic and visual
models and finally, a fully connected layer for final classification. The technique shortened the training period and produced
improved overall performance. However, overfitting issues must be addressed to achieve a robust model.

Wen Zhang et al. [3] have devised a deep hierarchical product image classifier using Bidirectional Encoder
Representations from Transformers (BERT) pretrained knowledge. Here, the appropriate sampling threshold values were
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selected for department and leaf classifiers due to their distinct number of categories. To train the department classifier
using Deep NN, hundreds of items were randomly selected per leaf node and merged into a department. For the leaf
classifier, thousands of objects were chosen randomly per node without replacement. After preprocessing, the department
and leaf classifiers were trained independently using the same deep network topology. Then, the department classifier
predicts that the source item belongs to the electronics department. The electronics department's leaf classifier predicts the
item to be an iPhone case. After that, the rank model prediction scores were identified in suggested departments, and then
a leaf node was inferred within each department. This technique generates departmental and leaf prediction scores. To
perform thresholding and model calibration, the confidence score was calculated by multiplying the two values.

Anastraj [4] developed an Anti-Money Laundering (AML) algorithm with Local Binary Pattern-Deep Belief Network
(LBP-DBN) to improve E-commerce image classification accuracy and training time. The steps for product classification
were pre-processing of images, extraction and selection of features, and classification. In the first step, the images are
smoothed, denoised, enhanced, corrected, and background-removed to provide finer edges and stronger contrast. The image
attributes, including texture, form, color, and space were retrieved in the second step. Typically, multiple picture features
were extracted. Failure to complete feature selection reduces classification efficiency and accuracy. Therefore, it's vital to
remove features. In the final step, the classification was done by AML with DBN. Here, the method improved the
classification accuracy speed, but still faces computational complexity issues.

Yonatan Hadara and Erez Shmueli [5] have introduced an Ensembled Transferred Embeddings learning (ETE)
framework for item categorization. We demonstrated that the suggested framework may be used for item categorization in
noisy and short textual attributes without labels. The method's supremacy was due to the item descriptions being brief,
loud, and domain-specific in nature of the text used. In contrast, the weakness was that it relied on domain expertise to find
relevant large-scale labeled datasets.

Tianlong Xu et al. [6] have introduced a scalable and sustainable picture-type classification system called margin-based
submodule sampling. It separates several image types from home improvement retailers’ web platform products. An
expandable ontology was created to define and arrange image attributes after analyzing the mutually exclusive links
between numerous concepts to describe their content and viewpoints. Moreover, to expand the ontology graphs based on
feedback from business users and new exceptional circumstances, deep learning, classical computer vision, and Siamese
network triplet loss minimization were used to build robust Image Type Classifier (ITC) models based on the ontology.
ITC general models successfully recommend the correct image, whereas multiarmed bandit was not used to automatically
select the best image for each category for each customer's browsing experience.

Fengzi Li et al. [7] have developed Transfer learning (TL) to train neural network models using product images from
E-commerce. Here, the TL includes pre-trained models, like VGG19, to classify images. Moreover, Cosine Similarity and
Autoencoders were utilized to find similar photos. In addition, shifting, horizontal flipping, rotation, and zoom parameters
were done to augment the data. This method only returns randomly altered data throughout the training process. Two-tiered
pre-processing approach was used to overcome data imbalance, and then ImageDataGenerator was introduced for data
augmentation and rebalancing. Weight balancing can help overcome imbalances in training datasets. It balances data by
giving more weight to minority classes. This model performs well overall, with the highest accuracy when trained to predict
product sub-categories. However, many products have limited visuals, making it challenging to train models objectively.

To circumvent time constraints, Yarasu Madhavi Latha and Bhukya Srinivasa Rao [8] created an Autoregressive Co-
Variance Matrix with Gabor Filter Ensemble Convolutional Neural Network (ARCM-GF-E-CNN) for classification. The
internet product database was used as input and then pre-processed with a Gabor filter to remove noise and resize images.
Feature extraction was used to estimate components in a desired set by subtracting the backdrop. Image components were
derived from background subtraction data, in which product image features are typically extracted online. Images were
segmented based on intensity and feature extraction using the ARCM-GF. After feature extraction, features were trained
and tested in E-CNN to convert pixel intensity, spatial frequency, and texture for analysis. The ARCMGF-E-CNN achieved
greater accuracy in the validation and testing dataset, but still, it took higher processing time. Table 1 displays the relevant
work.

Table 1. Related Work

Proposed S
Author(s) Method/Model Key Features / Steps Strengths Limitations
S.A. ANN Ensemble with Pre-processing — .
- Feature extraction — Improved Computational
Oyewole & Eigen Color Features Dimensionalit categorization usin complexity in feature
0.0. (cHOG-ECF & curb- Y g g plexity

reduction — color features extraction
Classification

NN-based feature

Olugbara [1] ECF)

layer — Classification

Tsegaye . . -
Misikir Hierarchical Fusion extraction - SlmPle ReQuceq training Overfitting issues
. & hierarchical fusion period, improved ;
Tashu etal. | (visual + textual features) remain
2] — Fully connected performance
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Wen Zhang
etal. [3]

Deep Hierarchical
Product Image Classifier
(BERT + NN)

Sampling thresholds
for department & leaf
classifiers —
Independent training
— Score
multiplication for
calibration

Department + leaf
predictions, robust
hierarchy

Requires large
datasets, complex
thresholding

Anastraj [4]

AML with LBP-DBN

Pre-processing
(denaising,
enhancement,
background removal)
— multi-feature
extraction — Feature
selection — DBN
classification

Improved
classification
accuracy & training
time

Computationally
expensive

Yonatan Noisy/short text Requires domain
Hadara & Ensembled Transferred handling — Transfer | Works well for noisy, guir
. . . . e expertise & large
Erez Embeddings (ETE) learning embeddings domain-specific text
. o labeled datasets
Shmueli [5] — Item categorization
Ontology design —
_ Margin-based Dgep learning + CV + Scalable & Nc_> automated _best—
Tianlong Xu . Siamese network — ; - image selection
Submodule Sampling + . sustainable classifier, : .
etal. [6] Ontoloay ITC Triplet loss robust ontolo (multiarmed bandit
ay minimization — ITC 9y not applied)
general models
Data augmentation
- Transfer Learning (ﬂlpplng, zoom, . . Limited visuals in
Fengzi Li et rotation) — Cosine High accuracy in sub- .
(VGG19, TL + R . - many products hinder
al. [7] similarity — Weight category prediction -
Autoencoders) . training
balancing for
imbalance
Yarasy Pre-processing with
Madhavi Gabor filter — _ _
Latha & Background Achieved high
ARCM-GF-E-CNN subtraction — Feature accuracy in High processing time
Bhukya . . o
Srinivasa extraction (ARCM- testing/validation
Rao [8] GF) — E-CNN

classification

The Challenges of the Related Work are Presented Below

One of the most common difficulties today is the abundance of generally unstructured information on the internet. With
the exponential growth of data on the internet, organizing information becomes a vital challenge for supporting users and
businesses in storing and retrieving information. One example of such work is the automated classification of E-commerce
products, which also includes the issue of retrieving such products from the internet. This issue stems from a high demand
for clustered or categorized E-commerce products among market researchers who need to consider various types of
statistics in the E-commerce sphere, such as comparison of shopping engines, like Google Shopping or Yandex Market,
information retrieving systems, and other types of services. Because of the large range of products sold through E-
commerce channels, it is difficult to describe all product attributes accessible (including their unique set of attributes).
Catalogs are dynamic in nature, with old products discarded and new products introduced on a daily basis.

I11. PROPOSED METHODOLOGY
This section outlines the SSWSO LeNet approach for product classification in e-commerce. The study employs the
following steps: pre-processing, feature extraction, data augmentation, and product classification. Initially, input data is
sent to the pre-processing stage, where the Region of Interest (ROI) is identified using an Adaptive Weiner filter. The pre-
processed data is then fed into the feature extraction module, which utilizes tools like Codelgniter, XAMPP, GLCM, and
PHOG features to recognize and represent various image structures. Feature extraction is effective in reducing
computational resources while preserving essential information, thus enhancing the efficiency and accuracy of deep
learning models. After feature extraction, the data undergoes augmentation through techniques such as flipping, rotating,
cropping, scaling, and translation. Finally, the E-commerce product is classified into categories like sofas, t-shirts,
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televisions, and jeans using LeNet. The LeNet model is trained using SSWSO, which integrates WSO and SSA. Fig 1
illustrates the SSWSO_LeNet block diagram.

Pre-proceszing

Input product
images Region of Interest | [Adaptive Wiener
(Bol) Extraction Filter Extraction
Data augmentation Feature extraction
Rotation Flipping CNN features | Statistical features
e e GLCM texture faatures
PHOG features
Translation
E-Commerce product claszification
LeNet
Propozed Squirrel Search T_‘.'_ar Clazsified outpnt
Stratezy Optimization (S5WS0)
P WSs0 Televizion Sofaz
- ;
"’ i | | # Jeans T-Shirt

L

Fig 1. Block Diagram for E-Commerce Product Classification Based on the SSWSO_LeNet.

Prior to E-Commerce product classification, the input image is first aggregated from the dataset. Consider a dataset R
containing images S is given by,

R={3,3,,....,,...,d.} (1)

th. .
where, R denotes database, S conveys the total number of photos, and Jr represents I image. As a result, the input

image is pre-processed to remove any noise included in it.

Noise Reduction Through Pre-Processing

Pre-processing helps in converting raw data into a more comprehensible format. It also enhances the image's features and
minimizes distortions. Therefore, image preprocessing is highly effective in improving image quality and making them
more suitable for analysis and further processing. The input image is provided to the preprocessing system, which is
developed using a web-based approach. The application is built with Visual Studio Code, MySQL as the database,
Codelgniter as the framework, and XAMPP for execution.

Extracting the Region of Interest (ROI)

The ROI is found by measuring pixel brightness and then using a mask. The ROI is used to hide the important areas by
covering them with less interesting parts. In this case, the brightness of the pixels is described by a range of brightness
values that include the attractive parts of the image. When a user creates a gray-scale brightness value by selecting certain
areas and the rest is considered background, the image changes to a black and white version, a process called thresholding.
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If the areas we want are in the middle range of brightness, then we can choose a part of the brightness values between 0
(black) and 255 (white) to split the image and separate the parts from the background. Usually, the brightness values of the
ROI are called density slices, where the neighboring pixel is given a value of 1 and the value of 0 is ignored.

Adaptive Wiener Filter

To eliminate noise from input images caused by machine vibration, human operation, and image reconstruction flaws, the
adaptive Wiener filter [11] applies an image noise filtering method. This enhances the image quality and facilitates accurate
object and contour detection. The Wiener filter preserves the image edges while minimizing noise, using Visual Studio
Code as the development environment, MySQL as the database, Codelgniter as the framework, and XAMPP for execution.

1
f=—= S Ah.h
-~ hlgeH (h.h,) @

where, H is the inputted image value selected in the window size, | and M stands for length and breadth of the
window size, A denotes original image, and hl, h2 are the coordinates of the selected raw image in the window size.

The variance is given as follows:

Var()=—— 3 A(fy,hy)- 2 3)

hy,h,eH
The coordinates are as follows:

Var(x) —n?

Var(o) (A(h,h,)-f) 4)

g(h,h,) =1+

. . L 2 . .
where, the noise variance is given as N” . Consequently, the extracted features module receives the pre-processed image

P as an input.

Extracting Features

After preparing the images, we get information from them to check how realistic they are and what important parts they
have. The step where we get this information uses the processed images. In this step, we take out features like homogeneity,
contrast, correlation, energy, inverse difference moment, and coarseness from GLCM, along with statistical features such
as kurtosis, mean, skewness, variance, and entropy. We also get features from CNN and PHOG. These features are
explained in detail below:

Statistical Features

Statistical characteristics [12] are features extracted from images at the pixel level through analysis. These include entropy,
variance, mean, skewness, and kurtosis. Entropy evaluates the content of segmented images and system dysfunction. A
more symmetric temperature distribution results in lower entropy. Entropy is calculated using the expression provided
below. The system is built by the author using a web-based application with Visual Studio Code and MySQL as the
database. Codelgniter is used as the framework, and XAMPP is employed to run the application.,

L, =Y N, *log(N,) 5)
a=1

Mean
Mean represents the average value of pixels contained in an image, and also focuses on the total distribution of pixels, and
is defined as,

L, =Y P, *N, (6)
=1
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where, Na denotes pixel's probability @, V defines total amount of pixels in the product image, and Ff,jis the pre-

processed pixel in the image.

Variance
Variance shows how much the grey levels in an image differ from the average grey level. It is calculated using the equation
provided below.

LS = (Pa_l-z)2>k Na (7)

wherein, L, represents the mean.

Kurtosis
It is often referred to as the "fourth normalized moment". The below equation calculates the leveling of a distribution in
comparison to a normal distribution.

|4

L4=LI4 Z(Pa_M2)4*Na (®)

u=1

Skewness
The degree of asymmetry in the distribution of a certain attribute around the mean. Equation 9 indicates that values might
be positive or negative.

(P-L,)* Na} ©)

Features of GLCM

The GLCM is a statistical method used to study textures by looking at how pixels are arranged in space. GLCM functions
examine an image's texture by counting how often pairs of pixels with specific values and positions appear, then creating
a matrix called the GLCM. From this matrix, statistical values are calculated. The gray co-occurrence matrix is made by
counting how often a pixel with a certain gray level appears next to another pixel with a different gray level in a specific
direction. The GLCM matrix has as many rows and columns as there are different gray levels in the image. The value in
each cell of the matrix is determined by adding the counts from the rows,

numgrey -1 numgrey—1

S ()= > .S(k, A)and S,(A)= > S(x,2) (10)

where, (K, ﬂ) defines total time, pixel with K can be associated with A value, numgrey representing the amount

of gray levels, and S(K, ﬂ) shows the matrix element. GLCM has six features: correlation, energy, coarseness,
homogeneity, contrast, and inverse difference technique.

Energy
Energy is a way to show how evenly the gray levels are spread out, and it is calculated by,
G, G
2
=22 (5. an
k=1 A=1

where, SK ,is the co-occurrence matrix item (K‘ , ﬂ,) , and the image's quantization level is denoted as Gh .

Correlation
This describes the relationship among ordered structures, and if numerous linear characteristics are present in the image,
then correlation is high, as stated,
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LSl Lz)(z L)S,,

k=1 =1

(12)

where, L1 denotes the mean, and 77 be the standard deviation.

Homogeneity
This measures how uniformly an image's values match up; a homogenous image has a high value; a low value indicates
that an image is more random and is represented by,

G Gn

b= sz,c gy -

=1 A=1

Contrast
This demonstrates visual representation with various gray levels. This is indicated by the formula below since it tends to
high contrast with greater grey level and vice versa.

G, G
L=> 2 (k-2)°xS, (14)

k=1 A=1

Coarseness
This refers to image smoothness, whereas coarse structure results in a lower clarity image. This is represented by a term

L.

Inverse Difference Moment (IDM)

The inverse difference moment (IDM) is also referred to as closeness of distribution, and it employs several parameters to
assess whether an image possesses texture or not. This metric evaluates uncertainty and value, maintaining a high level
when the local gray level is uniform, and is represented as. The system was developed by the author using web-based
technology, with the implementation carried out through the Visual Studio Code application, MySQL as the database,

Codelgniter as the framework, and XAMPP as the runtime environment L, .

CNN Features
CNN is made up of four layers: pooling, convolutional, fully connected, and ReLU layers. Blocks are generated by linking
a sequence of layers to concentrate on the interference stage [15]. The strata are described below.

Convolutional Layer

This layer performs dot products between filters and associated local regions. D, and D, do a forward pass of convolution

with biases and public weights using an additional protocol. In layer, hidden neuron (I, j) , the conclusion obtained by D,
is,

eij=» Y bia d’, _+qt (15)

e ZZ bia, A7,y ;e (16)

where, di’j represents input activation in position, filter sizes are f x f and weights asbia, ((b,c=0,1..., f —1)

Fully-Connected
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This connects to each layer that computes activation via matrix multiplication, followed by bias off set. Here, identifies a
specific component of activation by,

!
ei = bia, d}+qt (17)
i
Furthermore, D2 calculate activation by,
e = bia, d (18)
i

where, the term d j aids in the activation of neuron j in the prior layer. Weights are displayed by biaby cwith Qt; is
the bias.

ReLU Layer
When all elements d are shared using D, and D, this layer uses function max(d ,0) thresholding at 0, and it is applied

for both D, and D, based on Media stream Broadcast (MSB) as follows.

, d/; if MSB(d)=0
Ak U (19)
0 if MSB(d)=1
d’; if MSB(d)=0
el=1 " . (20)
’ 0 if MSB(d)=1

Pooling Layer
This layer conducts down sampling on spatial parameters, such as width and height. This supports both average and

maximum pooling. CNN's output is expressed as L, . Fig 2 depicts an architectural diagram of CNN.

) Fully
Inputp’ Convolutional ReLU - Pooling & onected
- layer 7 layer layer layer

Output L,

Fig 2. CNN's Feature Architecture.

PHOG Features

PHOG [16], a spatial shape descriptor, has recently been applied to image categorization [17]. It is defined as a vector
representation of the spatial distribution of edges. This descriptor is heavily influenced by two sources: (1) the pyramid
representation [18], and (2) the Histogram of Orientation Gradients (HOG) [19]. To obtain PHOG, they are concatenated

at pyramid resolution and are identified as L13 .

All features acquired are represented by a feature vector, which is provided as,

B:{MllM21M3’M4’MsiMs’M7’M81M9’M10’M11’M12’M13} e2y)

2742



ISSN: 2788-7669 Journal of Machine and Computing 5(4)(2025)

Augmentation of Data
Data augmentation [20] is carried out by using techniques like rotating, flipping, translating, and cropping the feature vector
that is obtained after extracting the features. The main purpose of data augmentation is to enhance the system's performance

without needing to collect more data. Let us assume the feature that has been selected with its data dimensions /3 x [3 that

is maximized to & X O, such that 0 > ,B . The content is rephrased on an online platform. In this, the image is enhanced

through flipping, rotating, and cropping. For each column, maximum and minimum values are predicted, and the remaining
image sample is generated.
Flipping: Flipping an image involves rotating it around its vertical, horizontal, or both axes. It enables users to maximize

the number of photos in a collection without requiring any artificial processing. Caug (1) denotes a flipped image.
-Rotation: Image rotation is a type of geometric data augmentation where an image is rotated around an axis with angles
ranging from 1 to 359. Images can be rotated at a specific angle using an additive method. This system was developed by

the author using a web-based approach with Visual Studio Code as the application, MySQL as the database, Codelgniter
as the framework, and XAMPP to run the application. Caug (2) indicates a rotated image.

-Cropping: Cropping is also called "zooming" or "scaling" in scientific research. It is a method where an image is made
bigger. This kind of image data adjustment has two different methods. The first method is cutting an image from one part

to another. C,,, (3) indicates a cropped image.

-Scaling: This is how the original image is made bigger using two different ways. First, the image is split from one
place to another. Second, the image is resized back to its original size. The way the resized image looks is shown like this:

U, | Xscale 0 ||t ’
u | |0 Yscale || y -

y
where, the image's position is denoted as X,Y , Ut,U ybe the scaled pixel's new coordinates, and 1, Y are the
coordinates of original point on the image. Caug (4) represents a rotated image.

-Translation: Moving an object from one place to another is called translation. To keep the image the same after moving
it, it stays either black or white and moves at the same time in both directions. This method can cause important parts of
the image to be lost during the process, so it's better to do it by hand. This affects how images are placed in data and is

shown in the formula as,
Ut t Trans(t)
= + (23)
U y Trans(y)

where, new coordinates, denoted by U,,U

T,

y» the coordinates of raw position on image is denoted byt,y,

T be the image translated pixels. Here, the translated image is labelled as Caug 5.

rans(t)? “rans(y)
The set of augmented images is shown below,
Caug = {Caug (1)’ Caug (2)' Caug (3)1 Caug (4)1 Caug (5)} (24)
where, C,, (1), C,,(2), C,,y(3) C,y(4) and C,;(5) are the flipped, rotated, cropped, scaled and translated

image. In order to classify the E-commerce products, LeNet receives the augmented data output C aug *

LeNet Structure
The LeNet [21] is a great example of the first CNN architecture. It is simple and easy to understand, yet large enough to
lead to interesting results. LeNet includes neurons that have weights and biases that can be learned. Each neuron takes in
many inputs, adds them up with weights, applies an activation function, and gives an output. The structure of CNNs uses
spatial relationships to reduce the number of parameters needed. LeNet has five layers, including two convolutional layers
and three fully connected layers.

Convolutional layer: The convolutional layer is the key part of a CNN
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It contains several filters that work independently. Each filter creates a feature map by applying it to the image. If the
resulting image after convolution has a certain size, it helps in extracting important features. Osj X Qsp and a filter size

of U XV, the output feature map has a size of Z x Z,, and is defined as,

O, —u+2W,
Z,=—1——+1 (25)
KU
—-V+2W,
ZV=¥+1 (26)

where, K, and K| represent the horizontal and vertical strides, and W, andW, represent the padding of zeros in the

width and height.
With the inclusion of bias, linear filter, and nonlinear function, each output feature map is obtained by convolution of
the input maps.

EF.“=M,| Y EF,“"* Of,, ' +bias,” 27)
UoeTN

If bias js represents bias, ZVis the layer number, TN denotes the input map group, and MS(.) is the activation

function.

This function helps in learning and doing difficult tasks. These functions aren't straight-line changes that can be used
as input here. It shows if a neuron is getting the right information. ReLU is a special kind of function that moves errors in
the opposite direction. Many neurons get activated with ReLU. The best part of ReLU is that it uses fewer neurons, making
the network less complicated, easier to work with, and faster. The ReLU equation is written as,

EF, EF >0

M, (EF)=
(EF) {0, e <0 (28)

The first convolutional layer considers several low-level features, including lines, edges, and corners. The network
learns global characteristics by stacking multiple convolutional layers.

Pooling layer: This limits the spatial scale of the visualization and the number of parameters used in the network
calculations. The system was created by the author using a web-based approach with Visual Studio Code as the
development tool, MySQL as the database, Codelgniter as the framework, and XAMPP for execution. Spatial pooling
includes methods such as max, average, and min. When maxpooling is used for spatial pooling, the highest value in the
feature map is selected. Average pooling considers the average of the values. Maxpooling provides good results because it
reduces computation in the top layer by eliminating non-maximal values and allows for translational variance. It is the
most effective method for reducing the dimensionality of intermediate representations, as it provides greater location
robustness.

Fully connected layers: This refers to a neuron in the fourth layer that is connected to all neurons in the current layer.
Activations are performed using matrix multiplication followed by a bias offset. The neurons in the final fully connected
layer match the number of classes that needed to be identified. Features from subsampling and convolutional layers are
useful for classification, but feature integration is more effective. Thus, the fully connected layer includes all the features
from the previous convolutional and subsampling layers. Finally, the fully connected layer uses softmax activation, a global
logistic function designed for multiclass classification. As a result, the outcome of LeNet is achieved, and the LeNet
architecture is illustrated in Fig 3.

LeNet Training using SSWSO

The SSWSO approach for finding products on e-commerce websites is discussed in this section. WSO [23] is a type of
algorithm that works like a war strategy. In WSO, soldiers are placed randomly on a battlefield, and the process keeps
going on continuously. Two main tactics are used for optimization: one is an attack tactic that depends on the king and
commander's positions, and the other is a defense tactic where other soldiers help protect. WSO is straightforward, but it
has some issues with diversity. So, the SSA technique is combined with WSO, which makes the process better and uses
less computer power. SSA [22] was made based on how squirrels find food. It also has a good way of moving called gliding.
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Squirrels look for food by gliding between trees during warm weather like fall. They explore different parts of the forest.
Because of the hot weather, they need acorns to stay energized and eat them as soon as they find them. After meeting their
daily energy needs, they look for the best food for winter: hickory nuts. Storing hickory nuts helps keep their energy up
during tough weather, reduces the number of times they need to search for food, and improves their chances of surviving.
In deciduous forests, the lack of leaves in winter makes them more vulnerable to predators, so they are less active but don’t
hibernate. Flying squirrels become active again at the end of winter. This whole process repeats throughout their lives and
forms the basis of the SSA. SSA finds the best possible solutions quickly and accurately. It is more effective and reliable
and gives better results for real-life problems.

Conv 2 Avg Pooling 2 1 ] il

Avg Pooling 1 (g n fm I I|

. |
Conv 1 = ﬁ _ Dl

Lﬁ bi} O‘I‘U | Softmax n ‘

0

Television | T-shirt | Fully

connected

Sofas —|| Jeans | layers

Fig 3. Architecture of LeNet.

The algorithmic phases of SSWSO are described in depth below.

Initialization
Consider the following: Flying squirrels W in V' woodland, where the flying squirrel's principal position is shown by,

HA, =HA, +Z(01)x(HA, -HA,) (29)

where, HAY denotes the flying squirrel's lowest bound in a Zth dimension. Z(O,l) represents the evenly distributed
random integer among Oandl, HA j represents the flying squirrel's position, and HA , represents the upper bound of

the flying squirrel's j in dimension Y .

Calculating the Fitness Function
The fitness of each flying squirrel's position is calculated using a user-defined fitness function based on MSE. The best
ideal value is found by identifying the fitness measure with the lowest value, which is provided by,

Err = %i [Iout - I;ut] (30)
z=1

where, the symbol O stands for the total number of image samples, I . denotes the categorized output of LeNet,

out

*

out

I

denotes target output, and EI'T represents fitness measure.

Declaration, Sorting, and Random Selection
The fitness values of each flying squirrel's position are stored and sorted in ascending order. The flying squirrel with the
lowest fitness value is found on hickory nut trees. The top three flying squirrels are located on acorn nut trees and are
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believed to migrate towards hickory nut trees. The remaining flying squirrels are expected to be developed by the author
using a web-based approach with Visual Studio Code and MySQL as the database, Codelgniter as the framework, and
XAMPP for execution. These remaining squirrels forage on acorn nut trees to meet their daily energy needs. The foraging
behavior of flying squirrels is permanently affected by predators. The natural behavior is modeled using a location update
mechanism that incorporates the probability of predator presence ¥ .

Identify New Solution
The following three conditions are based on the foraging behavior of squirrels. When there are no predators around, flying
squirrels actively search for food across the forest. However, when predators are present, they become cautious and take
short, random walks to a nearby hiding spot. The dynamic foraging behavior is modeled as follows.

This system was developed by the author using a web-based approach.

It was created with Visual Studio Code as the development environment, MySQL as the database, Codelgniter as the
framework, and XAMPP to run the application. No other tools or systems were used HA  to hickory nut trees. This is

demonstrated by the following scenario:

A HAZ, +u, xR (HAZ —HA%); X, >7 o
* | Random position ; Otherwise

where, U, be the distance of random gliding, X, is a random number ranging from 0 to 1, the flying squirrel's location
when it arrived at the hickory nut tree is shown by HA ;Z , and the current iteration is indicated by Z . The mathematical

model uses the gliding constant R| to establish a balance of exploration and exploitation, where the value considered is
1.9.
Case 2: Flying squirrels on conventional trees HA  may migrate to acorn nut trees to meet their energy demands. The

new squirrel location can be acquired as follows:

HA2+1={HA§Z+UU><R,(HA§,Z—HA§Z); X, 2y )

“ | Random position ; Otherwise

where, the symbol X is the random number in the range [0,1].

Case 3: Squirrels that have already consumed acorn nuts may travel to hickory nut trees to store them for future
consumption during food scarcity. The new squirrel location can be acquired as follows:

A HA? +u, xR (HA%, —HAZ } X, > 7 .
¢ Random position ; Otherwise

where, Xl be the random number in range [0,1] .

To improve product classification in e-commerce, the updated attack strategy equation from WSO is combined with
equation (33) in SSA. In the WSO attack strategy, the monarch stays in a strong position to launch big attacks. Here, a
soldier with a strong attack is considered the king. A soldier who wins a battle gets promoted. Each soldier's position is
adjusted based on their attack performance, and the positions of the army leader, king, and soldiers stay close to the target.
Therefore, the standard update equation for WSO is as follows,

HAZ'=HAL, +2xmx(J —Y)+rand><(ch xY—HAéZ) (34)
HAZ'=HAL +2xmx(J -Y)+randx N, xY —randHA ;, (35)
HAZ!' =HAZ (1-rand)+2xmx(J =Y)+randx N_ xY (36)
HAZ(1-rand)=2xmx(J =Y)+randx N_ xY —HAZ" (37)
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_2xmx(J-Y)+randxN, xY —HAZ"

HA? 38
“ 1-rand %)

B (e
pere: Noo =N x[l_l\/lax—cziterj >

where, HA é;l and HA (z:” denotes the new and previous location, chrepresents the weight, M symbolizes the

strategy, rand is the random value, king’s position is represented as Y , commander’s position is denoted as J , B 18

the soldier’s rank, and O is factor.
Rearrange equation (33),

HAéerleAéz +UURIHA;q_UuRlHAéz (40)
HAZ'=HAZ(L-u,R)+v,RHAL (41)
Substitute equation (38) in (41),

2xmx(J-Y)+randxN_,xY —HAZ"
1-rand

HAZ* =[ }(1—0u R )+v,RHAZ (42)

z+1 _
= HA; (1_UURI)=[2><m><(J Y)+randx N, xY

1-y,R )+y,RHA; 43
“ " 1-rand 1-rand }( BR)OREAL @)

HAé;l((l_ rand)+(1-o,R, )j _ |:2>< mx(J —Y)+randx N, xY }(1_% R)+oRHAL i)

1-rand 1-rand %

HA 2 = 2xmx(J-Y)+randxN_, xY (1—UUR.)+UUR.HAZq 1-rand 45)
1-rand “ | @-rand)+(1-0u,R)
Substitute equation (43) in (33),
| o
cz u' M

Random position ; Otherwise
(46)

The above equation represents the updated equation of SSWSO, which is applied for E-Commerce product
classification.

Aerodynamics of Gliding

Flying squirrels employ an equilibrium glide, where the combined lift and drag forces equal the force opposing their weight.
This glide is achieved through a controlled flight path, maintaining a consistent speed. The glide ratio, which is the lift-to-
drag ratio, is determined by the angle of the flight path relative to the horizontal. The system was developed using a web-
based approach, with Visual Studio Code as the coding environment, MySQL as the database, Codelgniter as the
framework, and XAMPP for running the application.

Seasonal Constant Estimation
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Seasonal variations significantly influence the foraging behavior of flying squirrels. Due to their high body temperature
and small size, they suffer from substantial heat loss during colder periods. Foraging is energy-intensive and risky due to
predation. As a result, flying squirrels are less active in winter compared to autumn, influenced by climatic conditions.
Changes in weather affect their movement patterns, making optimization more challenging. To address this, a seasonal
monitoring condition has been integrated into SSA, preventing the method from becoming trapped in local optima.

The flying squirrel's seasonal constant is calculated by,

H‘AIZ = \/i(HA Zmz,k _HAgz,k )2 (47)

k=1

Here, z=1,2,3.

Furthermore, the minimum seasonal constant value is estimated as follows:

10E°
min = W (48)

where, Z; and Z represents maximum and current iteration. If the seasonal monitoring scenario is actual, then

randomly rearrange those flying squirrels that could not find the forest for the best winter food source.

Random Migration Around the End of the Winter Season

Flying squirrels become more active as winter ends due to the reduced cost of foraging. Those that couldn't find sufficient
food in the forest during winter may now search for new areas. Incorporating this behavior into modeling can enhance the
exploration capabilities of the proposed approach. This system was developed by the author using web-based technology,
with Visual Studio Code as the application, MySQL as the database, Codelgniter as the framework, and X AMPP to run the
application. The following equation models the relocation behavior of flying squirrels.

HAXY =HA, + y(w)+(HA, —HA,) (49)
where’ y4 (a)) denotes the Levy distribution, which promotes effective and efficient search space exploration.
#(@)=0.01x |J_S F,ff (50)
Je
Uu

E(1l+@)x sin(?j
= = (51)

éj(l—;¢jx ¢X 2( 2 }

£(u)=(u-1) (52)

where’ js and jr denotes the random numbers, which are distributed normally, ranging from O to 1. The term ¢is a

constant value, where the value considered here is 1.5.

Check the Feasibility of the Solution
The optimal solution is estimated using the fitness measure described in equation (30). If a new solution outperforms the
prior solution, the previous value is updated to reflect the new solution.

Termination

All preceding processes are repeated until the best possible solution for lung cancer detection is achieved. Algorithm 1
describes the pseudo-code of the SSWSO algorithm.
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Algorithm 1. SSWSO’s Pseudocode

Journal of Machine and Computing 5(4)(2025)

Input: HA |

Output: The best solution

Start

Generate HA 'S random location

Use equation (30) to estimate the fitness measure

Arrange the HA 'S location

Declare flying squirrels on hickory nuts, normal trees, and acorn nuts
Choose squirrels on regular trees randomly

While (stopping condition is not satisfied)

for (Z =1to gl); 0, - flying squirrels on acorn trees
if X; =2y X is arandom number
z+l z z z
HAZ'—HA’, +u, xR (HA?, ~HA?%,)
else

HAan;l is equal to search space location randomly

end
end

for (Z =1tog, ); 0, - squirrels flying on normal trees
if X, 2y X, is random integer
1
HAZ'=HA? +v, xR (HAZ, —HA? )
else
HAé;l is equal to search space random location

end
end

for (Z =1to g3); 05 is normal trees flying squirrels
if X5 =y X, is random integer

Identify the location using equation (46)

else

HA(Z:Z+l is equal to random location of search space

end
end

Estimate seasonal constant
If HA| <HA .,
Flying squirrel are relocate randomly using equation (48)
end
Update HA
end

Return best solution
End

By using both the WSO and SSA methods together, the performance of E-Commerce product classification improves
a lot. Also, using the LeNet classifier helps lower the cost of computation, though it takes more time to train. Because of
this, LeNet is able to correctly classify E-Commerce products into categories like T-Shirts, Sofas, Jeans, and Television.

IV.RESULTS AND DISCUSSION
By changing the K-fold and training data, the effectiveness of SSWSO_LeNet is evaluated in terms of specificity, accuracy,

and sensitivity.
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Experimental Setup
The SSWSO_LeNet runs in Matlab on a Windows 10 operating system with 2GB RAM and an Intel core processor.

Dataset Description

The E-Commerce Product Classification Dataset [29] is used to classify products online with high accuracy. It includes
many images of different products along with labels that describe each product. The dataset has 796 files grouped by
product types such as televisions, sofas, jeans, and t-shirts. All the images come from various websites and are raw,
unstructured data collected from the web. The performance metrics used for SSWSO LeNet are accuracy, sensitivity, and
specificity.

Accuracy
It shows how close the predicted results are to the actual results in E-Commerce product classification and is expressed as
a percentage,

_ TPos L Ereg
TPS L TN | EPOS 4 ENeg (53)

Acc

0 neg . . .. . 05 ne . .
where, T P ,and T & signifies true positive, and negative, F P , and F g denotes the false positive, and negative.
Sensitivity: It is expressed as the ratio of positives accurately detected by the E-Commerce product classification

method.

T pos

Sen=————
TP® 4+ F™ (54)

Specificity: It expresses the precise ratio of negatives identified using SSWSO_LeNet for E-Commerce product

classification.
neg
Spe=——"-——
T neg + F pos (55)

Experimental Outputs
Fig 4 illustrates the experimental outcomes of the SSWSO_LeNet model using a collection of original photographs. Fig
4a) displays the original input images, which consist of various E-Commerce product images. Fig 4b) presents the output
E-Commerce product image, including items such as Television, Sofas, Jeans, and T-Shirts. The system was developed by

the author using a web-based approach with Visual Studio Code as the application, MySQL as the database, Codelgniter
as the framework, and XAMPP for execution.

FT YN RED

- o an SN S5

RRAEAAR S

Fig 4. Experimental Results Of SSWSO_Lenet A) Original Input Image, B) Classified Outputs.
Evaluation of Achievement

The following Fig S and Fig 6 explain how training data and the K-fold are changed to evaluate the generated
SSWSO_LeNet utilizing specificity, sensitivity, and testing accuracy.
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Performance Evaluation of Training data

Fig 5a shows how the performance of SSWSO_LeNet was checked using accuracy after changing the training data many
times. The SSWSO_LeNet had an accuracy of 0.791 after 10 iterations, 0.814 after 20 iterations, 0.836 after 30 iterations,
and 0.869 after 40 iterations when using 60% of the training data. Compared to other iterations and training data, the highest
accuracy for SSWSO LeNet was 0.875 at the 70th iteration, meaning more iterations led to better performance. When
using 80% of the training data, SSWSO_LeNet had accuracy values of 0.801, 0.834, 0.856, and 0.877 after 10, 20, 30, and
40 iterations respectively. When using 90% of the training data, the accuracy values were 0.833, 0.862, 0.874, and 0.917
for 10, 20, 30, and 40 iterations. Accuracy went up as the number of iterations increased. Fig 5b) shows the sensitivity
evaluation. The training data percentage goes from 60 to 90, and sensitivity values go from 0 to 0.6. Sensitivity went down
as the number of iterations and training data increased, showing that the approach reduces error. When using 60% of the
training data, SSWSO_LeNet with 10, 20, 30, and 40 iterations had sensitivity values of 0.771, 0.784, 0.816, and 0.859
respectively. For 70% of the training data, sensitivity values for SSWSO_LeNet with different iterations were 0.790, 0.829,
0.854, and 0.881. For 80% of the training data, sensitivity values for SSWSO_LeNet with 10, 20, 30, and 40 iterations
were 0.792, 0.809, 0.832, and 0.865. With the 90th iteration, sensitivity values for 10, 20, 30, and 40 iterations were 0.839,
0.856, 0.866, and 0.927. The performance analysis shows that as the number of iterations increases, sensitivity values go
up for sorting E-Commerce products. Fig 5¢) shows a specificity evaluation. Specificity values go from 0 to 0.9, and
training data ranges from 60 to 90. SSWSO_LeNet’s specificity for E-Commerce product sorting with various iterations is
0.739, 0.747, 0.766, and 0.809 when using 60% of the training data. At iteration 10 with 70% of the training data, the
lowest specificity of 0.701 was achieved, while iteration 40 had the best specificity of 0.799. More iterations and training
data give better specificity for sorting E-Commerce products. For 80% of the training data, SSWSO_LeNet with 10, 20,
30, and 40 iterations had specificity values of 0.753, 0.772, 0.787, and 0.819. Changing the number of iterations improved
the specificity value. Without proper product classification, many customers are not happy and their expectations are not
met, which leads to fewer sales.
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Fig S. Evaluation of the SSWSO_LeNet Through Varying Training Data Utilizing a) Accuracy b) Sensitivity c)
Specificity.

Performance Evaluation of K-Fold
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Fig 6a) shows how well the SSWSO_LeNet model performs based on accuracy. When using 10, 20, 30, and 40 iterations,
the accuracy for K-fold=5 is 0.767, 0.789, 0.796, and 0.829 respectively. For K-fold=6, the accuracy values with the same
iterations are 0.776, 0.794, 0.811, and 0.835. Fig 6b) shows the sensitivity of the SSWSO_LeNet model. The sensitivity
values for K-fold=5 with iterations 10, 20, 30, and 40 are 0.756, 0.778, 0.785, and 0.810. For K-fold=8, the sensitivity
values are 0.821, 0.833, 0.863, and 0.906 with the same iterations. In addition to improving the LeNet-based model, the
SSWSO_LeNet model also improves the ability to classify E-Commerce products. This means the product categorization
system can handle noisy data and make accurate predictions, which is very useful. Fig 6¢) shows how well the
SSWSO_LeNet model performs based on specificity. Specificity ranges from 0 to 0.9, depending on the K-fold value,
which ranges from 5 to 8. For K-fold=5, the specificity values for iterations 10, 20, 30, and 40 are 0.628, 0.656, 0.675, and
0.718. The lowest specificity is 0.683 when K-fold=6 and iteration=10, while the highest specificity is 0.768 with K-fold=6
and iteration=40. As iterations and K-fold values increase together, specificity improves, allowing for faster and more
accurate classification of E-Commerce products. For K-fold=8, the specificity values after iterations 10, 20, 30, and 40 are
0.739, 0.755, 0.775, and 0.832. As the number of iterations increases, specificity also improves, which leads to better
product classification and helps users work more efficiently and communicate better.
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Fig 6. Evaluation of the SSWSO_LeNet Through K-Fold a) Accuracy b) Sensitivity c) Specificity.

Comparative Methods
The performance gain of SSWSO_LeNet is assessed by contrasting it with existing techniques, such as AML-LBP-DBN
[4], TL [7], ARCM-GF-E-CNN [8].

Comparative Assessment with Training Data
Fig 7 compares the performance of the SSWSO_LeNet model, where the percentage of training data was changed to find
accuracy, sensitivity, and specificity. Fig 7a shows the accuracy results based on different training data percentages. When
the training data was 60%, the accuracy of SSWSO_LeNet was 0.847, while the accuracy of standard methods like LBP-
DBN, TL, and ARCM-GF-E-CNN were 0.782, 0.815, and 0.834, respectively. The SSWSO_LeNet showed a 6.5%, 3.2%,
and 1.3% improvement in accuracy compared to these methods. When the training data was 70%, SSWSO_LeNet had the
highest accuracy of 0.862, while LBP-DBN had the lowest at 0.795. As the training data percentage increased, the accuracy
of SSWSO_LeNet also increased, but the performance remained fairly stable. The E-Commerce product classification
model performs best when the training data is 90%, which ensures the results of further experiments are reliable. TL and
ARCM-GF-E-CNN can also improve classification of E-Commerce products. SSWSO_LeNet is useful for E-Commerce
product classification because it uses a technique based on training data percentage, leading to high accuracy.

Fig 7b shows the sensitivity graph after adjusting the training data percentage. At 60% training data, LBP-DBN, TL,
and ARCM-GF-E-CNN had sensitivity values of 0.671, 0.704, and 0.723, while SSWSO_LeNet had a value of 0.756. The
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highest sensitivity value shows the best performance. At 70% training data, the sensitivity values of LBP-DBN, TL,
ARCM-GF-E-CNN, and SSWSO_LeNet were 0.684,0.724, 0.736, and 0.771, respectively. ARCM-GF-E-CNN performed
second best for improving E-Commerce product classification compared to SSWSO_LeNet because it had the highest
sensitivity. At 90% training data, the sensitivity values for LBP-DBN, TL, ARCM-GF-E-CNN, and SSWSO_LeNet were
0.783, 0.802, 0.844, and 0.877, respectively.

Fig 7c presents the results of the specificity-based assessment. This study found that SSWSO_LeNet performed better
than the other three classic product classification algorithms. At 70% training data, the specificity values for the different
algorithms were 0.684, 0.724,0.736, and 0.771, respectively. Because of its low performance on datasets and limited ability
to integrate parameters into the classification model for E-Commerce products, the ARCM-GF-E-CNN method could have
performed better overall. As a result, SSWSO_LeNet improves the performance of the product classification model by
including a set of parameters and a random location similar to squirrels. This improves the system performance for product
classification in E-Commerce for modern consumers shopping from home.
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Comparative Discussion

Table 2 shows how well the SSWSO_LeNet model performed based on different measures. The model worked best when
the percentage of training data was set to 90. Its accuracy, sensitivity, and specificity were 0.976, 0.877, and 0.857,
respectively. Other methods, like LBP-DBN, TL, and ARCM-GF-E-CNN, had lower results: their accuracy was 0.854,
0.863, and 0.875; their sensitivity was 0.783, 0.802, and 0.844; and their specificity was 0.763, 0.792, and 0.814. The
hybrid model, which uses both SSA and WSO, improved the performance of SSWSO_LeNet. Product categorization is a
basic part of online shopping, making it easier for users to navigate e-commerce websites. SSWSO_LeNet did better than
ARCM-GF-E-CNN, especially when training data was higher. This shows that using random positions in the search space
during optimization can improve classification results. Accurate categorization also makes shopping better for customers
and helps merchants find the right buyers. Even small changes can greatly affect how well products are classified, even if
SSWSO LeNet's accuracy with 80% training data is close to that with 90%. The hybrid model generally performs better
than others in most cases. Both ARCM-GF-E-CNN and TL don't reach the highest accuracy, meaning they often misidentify
bad examples. With SSWSO_LeNet, customers can save time when looking for products. They can quickly go through
many items and buy what they need.

Table 2. Comparative Discussion
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. LBP-DBN TL ARCM-GF-E- | SSWSO_LeNet
Metrics
CNN
Accuracy 0.854 0.863 0.875 0.976
Sensitivity 0.783 0.802 0.844 0.877
Specificity 0.763 0.792 0.814 0.857

V. CONCLUSION

As the internet and online shopping grow, new shopping websites keep appearing. People using these sites get information
through pictures and text. Pictures are better at showing product features and help users find the right items more easily
than just reading text. This paper talks about a new method called SSWSO_LeNet that helps classify images on e-commerce
sites. This method can accurately identify products based on pictures, helping users find what they need quickly. To prepare
the images, they use two filters: Rol and Adaptive Wiener. This help clean up the images by reducing unwanted effects or
making important parts clearer. Then, they use data augmentation to make more copies of each image. This makes the
dataset bigger and helps the model work better in different situations. For the classification part, they use LeNet, which is
good because it has a convolution layer with a stride of two and an average pooling layer with a stride of one. The results
showed that SSWSO_LeNet was better than other models in accuracy, sensitivity, and specificity, with scores of 0.976,
0.877, and 0.857. In the future, this method could be used in other areas like health, law, and social media. With a few
changes, it might also help with tasks like computer vision, audio processing, and analyzing time series data.
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