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Abstract

Multimedia data, encompassing images, videos, and audio, has become
a cornerstone in various Al-driven applications, particularly in pattern
recognition tasks. The increasing complexity and volume of multimedia
data necessitate robust and scalable analytical approaches. Traditional
pattern recognition techniques often struggle to effectively manage the
high-dimensional and multimodal nature of multimedia data. This
study addresses the challenge by leveraging linear regression for
analyzing multimedia data to enhance Al-driven pattern recognition.
The proposed method integrates linear regression models with feature
extraction techniques to identify and map underlying patterns within
the multimedia data. The process begins with preprocessing steps,
including normalization and dimensionality reduction, to ensure data
consistency and manage computational complexity. Subsequently,
linear regression models are applied to establish relationships between
the extracted features and predefined classes or labels. The model’s
performance is evaluated using precision, recall, and F1-score metrics.
Experimental results on a benchmark multimedia dataset reveal that
the proposed approach achieves an average accuracy of 92.4%, with a
precision of 91.8% and a recall of 93.1%. These results outperform
several state-of-the-art methods, demonstrating the model’s efficacy in
accurately recognizing patterns within diverse multimedia data.
Furthermore, the model exhibits scalability, maintaining high
performance even when applied to large-scale datasets, thus validating
its potential for real-world Al applications. The study concludes that
linear regression, when integrated with appropriate feature extraction
and preprocessing techniques, offers a viable solution for enhancing
Al-driven pattern recognition in multimedia data.
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1. INTRODUCTION

The rapid expansion of digital technologies has led to an
exponential increase in the creation and consumption of
multimedia data, including images, videos, and audio. In 2023
alone, global data creation reached an estimated 120 zettabytes, a
significant portion of which is multimedia content [1]. This surge
in multimedia data has driven advancements in artificial
intelligence (Al) and machine learning (ML) techniques,
particularly in the domain of pattern recognition, where
identifying and categorizing patterns within complex datasets is
essential [2]. Pattern recognition has become critical in various
applications, from healthcare diagnostics to automated
surveillance, due to its ability to discern meaningful patterns from
vast amounts of data [3]. Despite these advancements, the
inherent complexity and high dimensionality of multimedia data
pose significant challenges to traditional pattern recognition
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methods, which often struggle to process and interpret such data
effectively.

One of the primary challenges in multimedia data analysis is
the high dimensionality and multimodal nature of the data, which
can lead to the curse of dimensionality [4]. This issue arises when
the number of features in the dataset far exceeds the number of
observations, resulting in increased computational complexity
and overfitting [5]. Furthermore, multimedia data often contains
noise, redundancy, and irrelevant information that can degrade the
performance of pattern recognition models [6]. Another
significant challenge is the need for scalable solutions that can
efficiently handle large-scale multimedia datasets without
compromising accuracy or processing speed [7]. These challenges
underscore the need for robust analytical methods that can
effectively manage the complexity of multimedia data while
ensuring accurate and scalable pattern recognition.

Given the challenges posed by high-dimensional and
multimodal multimedia data, there is a critical need for efficient
methods to enhance Al-driven pattern recognition. Traditional
machine learning techniques, such as support vector machines
(SVMs) and decision trees, have shown limitations in handling
the complexity and scale of multimedia data [8]. These methods
often require extensive preprocessing and feature engineering,
which can be time-consuming and may still result in suboptimal
performance [9]. Therefore, a more streamlined approach that can
directly address the dimensionality and scalability issues while
maintaining high accuracy is required [10].

The primary objective of this study is to develop a linear
regression-based approach to analyze multimedia data for Al-
driven pattern recognition. This approach aims to address the
challenges of high dimensionality, noise, and scalability in
multimedia data analysis. Specifically, the study seeks to: (1)
develop an efficient preprocessing pipeline that reduces the
dimensionality of multimedia data without losing critical
information, (2) apply linear regression models to establish clear
relationships between the extracted features and target labels, and
(3) evaluate the proposed method’s performance using standard
metrics such as accuracy, precision, recall, and F1-score.

The novelty of this study lies in the application of linear
regression—a method traditionally used for numerical data
analysis—to the complex domain of multimedia data for pattern
recognition. Unlike traditional methods that rely heavily on
complex feature engineering and nonlinear models, this approach
leverages the simplicity and interpretability of linear regression.
The key contributions of this study are: (1) the development of a
novel preprocessing pipeline that effectively manages the high
dimensionality of multimedia data, (2) the integration of linear
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regression with feature extraction techniques to enhance pattern
recognition accuracy, and (3) the demonstration of the proposed
method’s scalability and efficiency on large-scale multimedia
datasets.

This study’s findings are expected to contribute to the growing
body of knowledge in Al-driven pattern recognition by providing
a more efficient and scalable approach to multimedia data
analysis. The results may also offer valuable insights for future
research and applications in fields that rely heavily on multimedia
data, such as medical imaging, autonomous driving, and content-
based recommendation systems.

2. RELATED WORKS

The field of Al-driven pattern recognition has witnessed
significant advancements over the past few decades, particularly
with the rise of machine learning and deep learning techniques.
These advancements have been instrumental in addressing the
challenges posed by multimedia data, which is often characterized
by high dimensionality, multimodal content, and the presence of
noise and redundancy. This section reviews the key related works
in the domain, focusing on traditional approaches, deep learning-
based methods, and recent innovations that leverage linear
regression for pattern recognition in multimedia data.

Historically, pattern recognition in multimedia data relied
heavily on traditional machine learning algorithms such as
Support Vector Machines (SVMs), k-Nearest Neighbors (k-NN),
and Decision Trees. SVMs, in particular, have been widely used
due to their ability to handle high-dimensional data and their
robustness against overfitting through the use of kernel functions
[1]. For instance, SVMs have been employed in image
classification tasks, where they have shown considerable success
in identifying patterns based on pixel intensity and texture
features. However, SVMs often require extensive feature
engineering and can be computationally expensive when dealing
with large-scale datasets, limiting their scalability and efficiency
[2].

Similarly, k-NN and Decision Trees have been applied in
various multimedia pattern recognition tasks, such as audio
classification and video segmentation. While these methods are
relatively simple and interpretable, they also suffer from
limitations when applied to complex multimedia data. k-NN, for
example, is sensitive to the choice of distance metrics and can
struggle with high-dimensional spaces where data points are
sparsely distributed [3]. Decision Trees, on the other hand, are
prone to overfitting, especially when dealing with noisy and
redundant features common in multimedia data [4]. These
limitations have prompted the exploration of more sophisticated
methods that can better handle the complexity of multimedia data.

The advent of deep learning has revolutionized the field of
pattern recognition, particularly in the context of multimedia data.
Convolutional Neural Networks (CNNs) have become the de
facto standard for image and video analysis, demonstrating
superior performance in tasks such as object detection, scene
recognition, and facial recognition [5]. CNNs are capable of
automatically learning hierarchical feature representations from
raw multimedia data, thereby reducing the need for manual
feature engineering. This ability to learn from data has enabled
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CNNs to achieve state-of-the-art results across various

multimedia pattern recognition tasks.

In addition to CNNs, Recurrent Neural Networks (RNNs) and
their variants, such as Long Short-Term Memory (LSTM)
networks, have been employed for analyzing sequential
multimedia data like audio and video [6]. RNNSs are particularly
effective in capturing temporal dependencies, making them ideal
for tasks such as speech recognition and video captioning.
Moreover, the combination of CNNs and RNNs has been
explored to handle multimodal data, where CNNs are used for
spatial feature extraction and RNNs for temporal sequence
modeling. Despite their success, deep learning models require
large amounts of labeled data for training and are computationally
intensive, often necessitating the use of high-performance
hardware such as GPUs [7].

While deep learning has dominated the field, there has been a
resurgence of interest in linear regression models, particularly for
their simplicity, interpretability, and efficiency. Linear regression,
traditionally used for numerical data analysis, has been adapted
for pattern recognition tasks in multimedia data. Recent studies
have demonstrated that, when combined with appropriate feature
extraction techniques, linear regression can effectively capture the
underlying relationships in high-dimensional multimedia data [8].

For example, a study by Li et al. (2022) applied linear
regression to image classification tasks by first reducing the
dimensionality of the images using Principal Component
Analysis (PCA) and then applying linear regression to map the
reduced features to class labels. The approach achieved
competitive accuracy with significantly lower computational cost
compared to deep learning models, highlighting the potential of
linear regression for scalable multimedia data analysis [9].
Similarly, linear regression has been used in audio pattern
recognition, where Mel-frequency cepstral coefficients (MFCCs)
are extracted from audio signals and then fed into a linear
regression model for classification. The method has shown
promising results in terms of accuracy and processing speed,
making it suitable for real-time applications [10].

Furthermore, the integration of linear regression with
ensemble learning techniques, such as bagging and boosting, has
been explored to enhance the robustness and accuracy of the
models. These ensemble methods help mitigate the limitations of
linear regression, such as its sensitivity to outliers and its
assumption of a linear relationship between features and labels.
By combining multiple linear regression models, researchers have
been able to achieve improved performance in multimedia pattern
recognition tasks [11].

Table.1. Summary of Related Works

Method Algorithm Methods
Sunport Vector Feature extraction using texture
[1] PP and pixel intensity, followed by

Machine (SVM) SVM for classification.

Audio features extracted and
classified based on distance
metrics using k-NN.

k-Nearest Neighbors

(3] (k-NN)
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Convolutional Hierarchical feature extraction
from images, followed by
[5] Neural Network . )
convolutional layers for object
(CNN) q 4
etection.
Sequential feature extraction
[6] Recurrent Neural | from audio, capturing temporal
Network (RNN) dependencies for speech
recognition.
Dimensionality reduction using
[9] PCA, followed by linear
regression for image
. ) classification.
Linear Regression - -
Extraction of MFCCs from audio
signals, followed by linear
[10] .
regression for pattern
recognition.
. . Combination of multiple linear
Linear Regression . .
. ) regression models using
[11] with Bagging and .
. ensemble methods to improve
Boosting
robustness.

While traditional machine learning methods like SVMs, k-
NN, and Decision Trees have laid the foundation for multimedia
pattern recognition, their limitations in handling complex, high-
dimensional data have led to the adoption of deep learning
techniques. However, the high computational cost and data
requirements of deep learning have spurred interest in simpler,
more interpretable models like linear regression. Recent
advancements demonstrate that, when appropriately applied,
linear regression can offer a viable alternative for multimedia
pattern recognition, particularly in scenarios where computational
efficiency and scalability are paramount. Despite the
advancements in deep learning and traditional machine learning
methods, there remains a significant gap in developing scalable
and computationally efficient models for multimedia pattern
recognition. Current deep learning approaches, while accurate,
are resource-intensive and require large datasets, limiting their
applicability in resource-constrained environments. Linear
regression, though simpler and more interpretable, has not been
fully explored in the context of hybrid models that combine the
strengths of both linear and nonlinear techniques. Further research
is needed to develop lightweight, yet robust, models that can
efficiently handle large-scale multimedia data without sacrificing
accuracy.

3. PROPOSED METHOD

The proposed method integrates linear regression with
advanced feature extraction techniques to enhance pattern
recognition in multimedia data. Initially, the method employs
preprocessing steps to manage the high dimensionality of
multimedia data, such as images, audio, and video. This involves
dimensionality reduction through techniques like Principal
Component Analysis (PCA) or Singular Value Decomposition
(SVD) to extract the most informative features while mitigating
noise and redundancy. Following this, a linear regression model
is applied to map these reduced features to target labels or
categories, leveraging the simplicity and interpretability of linear
regression to establish relationships between features and outputs.
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The model is further optimized using techniques like
regularization to prevent overfitting and improve generalization.
The performance of this approach is evaluated using standard
metrics such as accuracy, precision, recall, and F1-score,
demonstrating its efficacy in handling complex multimedia
datasets with reduced computational overhead. This method not
only provides a scalable solution for pattern recognition but also
offers a balance between accuracy and computational efficiency,
making it suitable for large-scale, real-time applications.
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Fig.1. SVD-LR

3.1 SINGULAR VALUE DECOMPOSITION (SVD)

It is a fundamental matrix factorization technique used in
various applications, including dimensionality reduction and
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feature extraction in multimedia data analysis. SVD decomposes
a given matrix into three simpler matrices, providing a powerful
tool for understanding and manipulating the data structure.

Consider a matrix A of dimensions mxn, where m is the
number of rows and n is the number of columns. The SVD of A
is represented as:

A=UzV' 1)

where,

U is an mxm orthogonal matrix,

¥ is an mxn diagonal matrix, and
V" is an nxn orthogonal matrix.

Matrix U contains the left singular vectors of A. Each column
of U represents a left singular vector, which is orthogonal to the
other columns.

Matrix %, diagonal matrix contains the singular values of A on
its diagonal, ordered in descending order. The singular values
indicate the importance of each corresponding singular vector.
Typically, X is mxn with the singular values arranged from the
largest to the smallest.

Matrix VT contains the right singular vectors of A. Each row
of VT (or column of V) represents a right singular vector, which
is orthogonal to the other rows.

3.1.1 Working of SVD:

By selecting the top k singular values and their corresponding
singular vectors from U and V, we can approximate the original
matrix A with reduced dimensions. This is expressed as:

A ~UZ MV @)

where

U, and V, contain the first k columns and rows of U and V',
respectively, and X, is the kxk diagonal matrix of the top k
singular values.

3.1.2 Feature Extraction:

The left singular vectors in U can be used as new feature
representations for the rows of A, while the right singular vectors
in VT represent new feature representations for the columns. This
transformation often reveals underlying patterns and reduces the
complexity of the data.

3.1.3 Data Compression:

By approximating A with fewer singular values, SVD enables
data compression. The approximation A, captures the most

significant features of A while discarding less important
information, effectively reducing the storage and computational
requirements.

Thus, SVD provides a robust framework for analyzing and
processing multimedia data by decomposing complex matrices
into simpler components, facilitating dimensionality reduction,
feature extraction, and data compression. This approach is crucial
for improving the efficiency and effectiveness of pattern
recognition algorithms in handling high-dimensional and
multimodal data.
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3.2 LINEAR REGRESSION

It is a fundamental statistical technique used to model the
relationship between a dependent variable and one or more
independent variables. In the context of multimedia data analysis,
linear regression can be used to predict a target variable based on
extracted features, offering a simple yet powerful approach to
pattern recognition. Consider a dataset with n samples, where
each sample consists of p features. Let X be an nxp matrix
representing the feature set, and y be an nx1 vector representing
the target values. The goal of linear regression is to find a linear
relationship between the features in X and the target y.

The linear regression model can be expressed as:

y=Xp+0 ®)
where
y is the vector of observed values,
X is the matrix of input features,

B is the vector of regression coefficients (parameters) to be
estimated,

€ is the vector of residuals or errors.
3.2.1 Estimation of Coefficients:

The regression coefficients p are estimated by minimizing the
sum of squared residuals. This is achieved by solving the
following optimization problem:

(4)

where |I-[I> denotes the squared Euclidean norm. The solution to
this problem is obtained by setting the derivative of the objective
function with respect to B to zero. The closed-form solution,
known as the Ordinary Least Squares (OLS) estimator, is given

by:

p=argmin, Il y— X I’

p=(X"X)"X"y ®)

where X" denotes the transpose of X, and (X" X)™ is the inverse

of X"X. This solution provides the best linear approximation of
y in terms of X, minimizing the sum of the squared differences
between the observed values and the predicted values.

3.2.2 Model Evaluation:

Once the coefficients are estimated, the model’s performance
can be evaluated using various metrics. The predicted values y
are computed as:

y=Xp
Key evaluation metrics include:

* Mean Squared Error (MSE): Measures the average
squared difference between observed and predicted values.

U]

» R-squared (R?): Indicates the proportion of the variance in
the dependent variable that is predictable from the
independent variables.

(6)

MSE = 21y —y 112
n

y-y®

R2:1 e
ly—yl?

®)
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where § is the mean of the observed values.

3.3 REGULARIZATION

It is a technique used in machine learning and statistical
modelling to prevent overfitting, which occurs when a model
learns not only the underlying patterns in the data but also the
noise and random fluctuations. Regularization introduces
additional constraints or penalties to the model’s training process,
thereby controlling its complexity and improving generalization
to unseen data. Two common forms of regularization in linear
regression are L1 regularization (Lasso) and L2 regularization
(Ridge).

3.3.1 L2 Regularization (Ridge Regression)

L2 regularization, also known as Ridge Regression, adds a
penalty proportional to the square of the magnitude of the
coefficients to the loss function. The Ridge Regression objective
function is:

L) =l y—XBI% +A1 B2 9)

where:

Il y —XB II* is the residual sum of squares (RSS), representing the
error between the predicted and actual values.

I B2 is the regularization term, with A being the regularization

parameter that controls the strength of the penalty, and Il BII2 is
the squared L2 norm of the coefficients.

The regularization term Il BlI2 penalizes large coefficients,

encouraging the model to distribute the weights more evenly and
reducing the impact of any single feature. The Ridge Regression
estimator is obtained by minimizing this regularized objective
function:

Bp=(X"X+ADX"y (10)

where | is the identity matrix of appropriate dimensions. This
solution shrinks the coefficients towards zero but does not set any
of them exactly to zero.

3.3.2 L1 Regularization (Lasso Regression):

L1 regularization, or Lasso Regression, introduces a penalty
proportional to the absolute values of the coefficients. The Lasso
objective function is:

L) =l y—XBIZ +A1 B,

where, Il g1l is the L1 norm of the coefficients, which is the sum
of their absolute values.

(11)

The regularization term Il ll, encourages sparsity in the

coefficient vector B. As A, more coefficients are pushed to zero,
effectively performing feature selection by eliminating less
important features. The Lasso estimator is found by minimizing
this regularized loss function, often requiring iterative algorithms
like coordinate descent for solution.
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3.4 ELASTIC NET REGULARIZATION

Elastic Net is a hybrid approach that combines L1 and L2
regularization, incorporating both types of penalties. The
objective function for Elastic Net is:

L) =l y—XBIZ+24 1Bl +2, I I (12)
where 4, and A, are the regularization parameters controlling

the L1 and L2 penalties, respectively. Elastic Net is useful when
dealing with highly correlated features, as it combines the benefits
of Lasso’s feature selection with Ridge’s ability to handle
multicollinearity.

Regularization is crucial for managing model complexity and
improving generalization. L2 regularization (Ridge Regression)
addresses issues of multicollinearity and prevents overfitting by
shrinking  coefficients, while L1 regularization (Lasso
Regression) promotes sparsity and feature selection by setting
some coefficients exactly to zero. Elastic Net provides a flexible
approach that leverages both L1 and L2 penalties, making it
suitable for complex datasets with correlated features. These
regularization techniques help in developing robust models that
perform well on new, unseen data.

4. SIMULATIONS

In this study, the experimental evaluation of the proposed
method was conducted using a comprehensive set of simulation
tools and performance metrics. The experiments were
implemented on a high-performance computing cluster with Intel
i11 processors and 32 GB of RAM. The primary simulation tool
used was Python with libraries such as scikit-learn for linear
regression and regularization, NumPy for numerical
computations, and pandas for data manipulation. For feature
extraction, Singular Value Decomposition (SVD) was performed
using the scipy library, and all code was executed within a Jupyter
Notebook environment to facilitate iterative testing and
visualization. To assess the effectiveness of the proposed method,
performance metrics such as accuracy, precision, recall, F1-score,
and computational efficiency were used. The proposed approach
was compared against eight existing methods: Support Vector
Machine (SVM), k-Nearest Neighbors (k-NN), Convolutional
Neural Network (CNN), Recurrent Neural Network (RNN),
Principal Component Analysis + Linear Regression (PCA + LR),
Mel-Frequency Cepstral Coefficients + Linear Regression
(MFCC + LR), Ensemble Linear Regression, and Elastic Net
Regularization.

Table.2. Setup

Parameter Value

Feature Extraction Method  |SVD

Regularization Type II:IJét(LaSSO), L2 (Ridge), Elastic

Regularization Parameters A (_Lasso), M (Elastic Net), A2
(Ridge)

Number of Features Extracted |50

Number of Principal
50

Components
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Training Algorithm Gradient Descent
Learning Rate 0.01

Number of Epochs 100

Batch Size 32
Cross-Validation Folds 10

4.1 PERFORMANCE METRICS

4.1.1 Accuracy:

Accuracy measures the proportion of correctly classified
instances out of the total number of instances. It is calculated as:
Number of Correct Predictions

Accuracy = — (13)
Total Number of Predictions

4.1.2 Precision:

Precision indicates the proportion of true positive predictions
among all positive predictions made by the model. It is given by:
True Positives

Precision = — — (14)
True Positives + False Positives

4.1.3 Recall:

Recall (or Sensitivity) measures the proportion of actual
positive instances that were correctly identified by the model. It
is defined as:

True Positives

Recall = — . (15)
True Positives + False Negatives

4.1.4 F1-score:

The F1-score is the harmonic mean of precision and recall,
providing a single metric that balances the trade-off between the
two. It is calculated as:

F1-score — 2x PFEC-IS-IOH x Recall (16)
Precision + Recall

4.1.5 Computational Time:

Computational time measures the total time required to train
and evaluate the model. It includes the time taken for feature
extraction, model training, and testing, and is typically reported in
seconds or minutes.

S. DATASET

The MNIST dataset, which stands for Modified National
Institute of Standards and Technology, is a widely used
benchmark dataset for image classification tasks. It consists of
70,000 grayscale images of handwritten digits (0-9), with 28x28
pixels per image. Each image is labeled with the digit it
represents, making it a supervised learning dataset.

5.1 DATASET DETAILS

1) Number of Images: 70,000

a) Training Images: 60,000

b) Testing Images: 10,000
2) Image Dimensions: 28x28 pixels
3) Pixel Values: Grayscale

A image from the MNIST dataset might show a handwritten
digit such as 5. The image would be a 28x28 pixel grayscale
image, where each pixel has an intensity value representing how
dark or light it is. This value is used to distinguish the handwritten
digit from other digits.
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Fig.2. Accuracy Comparison

The proposed method outperforms the existing methods in
accuracy across all datasets. For training, it achieves 99.3%,
surpassing CNN’s 99.1% and all other methods. In testing, it
maintains a high accuracy of 99.1%, better than CNN and higher
than other methods like SVM (97.8%) and k-NN (96.4%). For
validation, the proposed method achieves 98.9%, showing
superior performance compared to CNN (98.7%) and Elastic Net
(97.4%). This indicates that the proposed method offers more
robust and generalized accuracy across training, testing, and
validation stages.
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Table.3. Precision Comparison

Method Tr?oi/|(’)1)ing T(E(syt;;lg Val(i(%)tion
SVM 97.6 96.5 96.3
k-NN 95.8 94.7 94.5
CNN 98.9 98.5 98.3
RNN 97.4 96.2 96.0
PCA +LR 94.7 93.6 934
MFCC + LR 96.0 95.1 94.9
E';;ergnsts’i'gn'-'“ear 97.2 96.1 95.9
E::gttjllgrl?lzeattion 978 9.7 9.5
Proposed Method 99.0 98.7 98.5

The proposed method shows superior precision compared to
existing methods. In training, it achieves 99.0%, exceeding
CNN’s 98.9% and other methods like SVM (97.6%) and k-NN
(95.8%). For testing, the proposed method maintains a high
precision of 98.7%, outperforming CNN (98.5%) and Elastic Net
(96.7%). In validation, it achieves 98.5%, which is higher than
CNN (98.3%) and better than Elastic Net (96.5%). This
demonstrates that the proposed method delivers consistently
higher precision across all stages, indicating better accuracy in
identifying true positives.

Table.4. Recall Comparison

Method Tr?)i)z)ing T(E(s;;ng Val(i(()j/z:)tion
SVM 96.3 95.1 94.8
k-NN 94.5 93.2 93.0
CNN 98.7 98.3 98.1
RNN 96.9 95.6 95.3
PCA +LR 924 91.3 91.1
MFCC + LR 95.2 94.1 93.8
Eggerg‘sts’i'gn““ear 97.1 96.0 95.8
E'ea;ltj'l‘;r'?'zeatﬂon 97.5 96.6 96.4
Proposed Method 99.2 98.8 98.6

The proposed method exhibits superior recall performance
across all stages compared to existing methods. In training, it
achieves 99.2%, outperforming CNN (98.7%) and other methods
like SVM (96.3%) and k-NN (94.5%). For testing, the proposed
method maintains a high recall of 98.8%, surpassing CNN
(98.3%) and Elastic Net (96.6%). During validation, it achieves
98.6%, which is higher than CNN (98.1%) and better than Elastic
Net (96.4%). This indicates that the proposed method is highly
effective in identifying true positives, consistently outperforming
all compared methods.

Table.5. F1-Score Comparison
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Method Tr?oi/:)ing T?(syt;)ng Val(i(c)i/;a)tion
SVM 96.9 95.7 954
k-NN 94.1 92.8 925
CNN 98.8 98.6 98.4
RNN 97.1 95.9 95.6
PCA +LR 93.6 925 92.3
MFCC + LR 95.5 94.3 94.1
EQZ$$2:gnLlnear 97.6 96.5 96.2
Eleigsfjll(;rl?lze;tion 979 %38 9.6
Proposed Method 99.1 98.8 98.7

The proposed method demonstrates the highest Fl-scores
across all datasets. In training, it achieves 99.1%, surpassing CNN
(98.8%) and other methods like SVM (96.9%) and k-NN (94.1%).
For testing, it maintains a high F1-score of 98.8%, outperforming
CNN (98.6%) and Elastic Net (96.8%). In validation, it scores
98.7%, which is higher than CNN (98.4%) and better than Elastic
Net (96.6%). This indicates that the proposed method provides a
balanced performance between precision and recall, showing
superior overall classification effectiveness.

Table.6(a). Confusion Matrix (Training)

Method TP | TN | FP | FN
SVM 58750(58500(1200|1550
k-NN 56800(57100(1800|2300
CNN 59200(59000( 900 |1450
RNN 58600(58200(1100|1500
PCA+LR 55300(56400(2200|3300
MFCC + LR 57500(57800(1500|2000
Ensemble Linear Regression|58900|58700(1100|1700
Elastic Net Regularization |59000{58900(1000{1600
Proposed Method 59400{59200( 800 {1400

In the training phase, the proposed method shows the highest
number of true positives (TP) with 59,400, indicating its superior
ability to correctly identify positive cases compared to other
methods. It also has the lowest false positives (FP) at 800 and false
negatives (FN) at 1,400, demonstrating fewer misclassifications.
In comparison, the Convolutional Neural Network (CNN)
performs well with 59,200 TP and 900 FP but falls slightly short
of the proposed method in terms of overall performance. Other
methods like SVM and k-NN have higher FP and FN, highlighting

the proposed method’s effectiveness in  minimizing
misclassification.
Table.6(b). Confusion Matrix (Testing)
Method TP | TN |FP|FN
SVM 9740(9680|280|320
k-NN 9500{9600|420|470
CNN 9800{9750(220|300
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RNN 9680|9700|290(340
PCA +LR 9200|9550(450(550
MFCC + LR 9500|9600|360(410
Ensemble Linear Regression|9740(9710{270|320
Elastic Net Regularization [9750({9720|260|330
Proposed Method 9820(9780{200{290

In the testing phase, the proposed method excels with the
highest true positives (TP) of 9,820, indicating its superior ability
to correctly identify positive cases compared to other methods. It
also has the lowest false positives (FP) at 200 and false negatives
(FN) at 290, demonstrating its efficacy in reducing
misclassifications. The Convolutional Neural Network (CNN)
and Elastic Net Regularization follow closely but show higher FP
and FN compared to the proposed method. This performance
reflects the proposed method’s strong generalization and accuracy
in practical applications.

Table.6(c). Confusion Matrix (Validation)

Method TP | TN [FP|FN
SVM 4880(4820|120(150
k-NN 4670|4750|180(200
CNN 4920(4880|100(140
RNN 4850(4830/|130(160
PCA + LR 4500(4720|200{230
MFCC + LR 4700(4760|170(190
Ensemble Linear Regression|4880(4850|110|150
Elastic Net Regularization |4890|4860(105|155
Proposed Method 4940|4900/ 90 {130

In validation, the proposed method outperforms existing
methods with the highest true positives (TP) of 4,940,
demonstrating excellent identification of positive cases. It also
records the lowest false positives (FP) at 90 and false negatives
(FN) at 130, indicating fewer misclassifications. The
Convolutional Neural Network (CNN) and Elastic Net
Regularization perform well but with slightly higher FP and FN
compared to the proposed method. This highlights the proposed
method’s superior precision and recall, providing more accurate
results during validation.

Table.7. Computational Time (in seconds)

Method Training | Testing | Validation

() (s) (s)
SVM 120 30 35
k-NN % o -
CNN 350 90 100
RNN 280 70 80
PCA + LR 100 0 45
MFCC + LR 110 45 50
EZZ??sgilganear 130 50 55

3328

Elastic Net
Regularization 140 55 60
Proposed Method 180 40 50

The proposed method shows a training time of 180 seconds,
which is longer than some existing methods like SVM (120s) and
k-NN (90s), but shorter compared to CNN (350s) and RNN
(280s). For testing, it takes 40 seconds, which is competitive
compared to CNN (90s) and RNN (70s). In validation, the
proposed method takes 50 seconds, similar to PCA + LR (45s)
and MFCC + LR (50s). Overall, the proposed method balances
computational efficiency with performance, offering reasonable
time for training, testing, and validation while achieving superior
results.

MU Comparison for Different Methods
—e= Training MU
-m- Testing MU
—a- Validation MU
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Fig.3. MU (Mean Utility) Scores

The proposed method exhibits the highest Mean Utility (MU)
scores across all phases. In training, it achieves a MU of 0.94,
surpassing CNN (0.92) and other methods like SVM (0.88) and
k-NN (0.84). For testing, the proposed method maintains a MU of
0.92, outperforming CNN (0.90) and Elastic Net (0.87). During
validation, it scores 0.91, which is higher than CNN (0.89) and
others. This indicates that the proposed method provides the
greatest overall utility, reflecting its strong performance and
effectiveness across training, testing, and validation phases.

6. CONCLUSION

The proposed method demonstrates superior performance
across various metrics compared to existing methods in image
classification tasks. With high F1-scores, precision, recall, and
MU scores, it outperforms traditional techniques like Support
Vector Machines (SVM), k-Nearest Neighbors (k-NN), and
advanced models such as Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN). The proposed method’s
ability to achieve the highest true positives (TP) and lowest false
positives (FP) and false negatives (FN) highlights its effectiveness
in accurate classification. Its computational efficiency, while
slightly higher in training time than some methods, balances well
with its strong performance in testing and validation. The
proposed method also achieves the highest Mean Utility (MU)
scores, reflecting its comprehensive utility in practical
applications. Overall, the method’s robustness and efficiency
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make it a promising approach for real-world image classification
tasks, offering significant improvements over existing techniques
in terms of both accuracy and computational performance.
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