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ABSTRACT

Over the past few years, COVID-19 has had a significant and wide-ranging impact on many facets of society, the
economy, and daily life worldwide. The accurate and early classification of multiple lung diseases is vital for
timely diagnosis and treatment, particularly in the case of conditions such as COVID-19, pneumonia, emphysema,
pleural effusion, and tuberculosis. Medical imaging, particularly chest X-ray (CXI), has emerged as a valuable
tool for early detection and triaging of suspected COVID-19 cases. To enhance diagnostic efficiency, there is
growing interest in leveraging artificial intelligence (Al) techniques, particularly deep learning (DL) algorithms,
for automated interpretation of medical images. In this paper, we propose a convolutional neural network (CNN)
architecture based on EfficientNet-B0 for the classification of lung diseases using CXI images. We integrate Cat
Swarm Optimization (CSO), a bio inspired optimization technique into the training pipeline to optimize the
model's performance and convergence. Our approach addresses class imbalance in the dataset and provides a
comprehensive evaluation comparing the proposed model with state-of-the-art DL models. Experimental results
demonstrate the effectiveness of our model in accurately classifying various respiratory diseases, including
COVID-19, pneumonia, emphysema, effusion, tuberculosis, and normal cases, with superior performance in
terms of accuracy (95.8%), precision (84.2%), recall (81.9%), F1 score (83.1%), and Matthews Correlation
Coefficient (MCC) (79.7%). This framework highlights the potential of integrating biologically inspired
optimization algorithms with state-of-the-art deep learning models for medical image analysis, offering a
promising tool for automated and scalable diagnostic systems.

Keywords: Cat Swarm Optimization, Neural Network Optimization, Lung Disease Classification, Convolutional

Neural Networks
1.INTRODUCTION Central to the management and control of the
pandemic is the timely and accurate diagnosis of
1.1 Background of the study COVID-19 cases. The gold standard diagnostic
L ) method, reverse transcription-polymerase chain
Tens of millions of people have died as a result of reaction (RT-PCR), detects viral RNA in

the COVID-19 epidemic, which has also severely
disrupted economies and communities and
overburdened healthcare systems. The rapid
transmission of the virus through close contact
and respiratory droplets has resulted in
widespread infections and significant morbidity
and mortality.

As reported by the WHO [1], 31,274 new cases
and 180 deaths were confirmed globally in the 7-
day period ending 29 June 2025. Efforts to curb and computed tomography (CT) scans, has
the spread of the virus have been augmented by emerged as a valuable adjunctive tool for rapid

mass vaccination campaigns, with billions of COVID-19  diagnosis [5,6]. Characteristic
vaccine doses administered worldwide [1].

nasopharyngeal swabs [3]. However, challenges
such as limited availability of testing materials,
long turnaround times, and variability in test
results have been reported, leading to concerns
regarding false-negative results [4].
Complementary approaches, such as combining
RT-PCR with radiographic imaging, have been
proposed to improve diagnostic accuracy.
Medical imaging, particularly chest X-ray (CXI)
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radiographic abnormalities observed in COVID-
19 patients have facilitated early detection and
triaging of suspected cases, especially during the
initial phases of the pandemic [9]. However, the
reliance on expert radiologists for image
interpretation poses challenges in scalability and
timely diagnosis.

1.2 Need of the study

In order to help radiologists analyze medical
pictures and identify COVID-19 patients more
quickly, there is significant interest in developing
and implementing artificial intelligence (AI)
based diagnostic technologies [6,10]. Al systems
have the capacity to diagnose patients quickly,
accurately, and scalably, which will allow for the
early isolation and treatment of those who are
afflicted. Particularly in the area of medical data
processing and analysis, radiographic imaging
plays a critical role in the advancement of
healthcare technologies. The development of deep
learning (DL)  algorithms-based  Al-aided
diagnostic procedures has accelerated recently,
with the goal of reducing radiologists' workloads
and improving the accuracy of disease detection
[11-15]. With its benefits over computed
tomography (CT) scans in terms of affordability,
mobility, accessibility, and quick screening, chest
X-ray imaging (CXI) has become a popular
modality for the early diagnosis of respiratory
diseases such as COVID-19.

1.3 Related works

A number of research works have investigated
the use of DL models for CXI image-based Lung
disecase diagnosis. In order to achieve more
accurate findings, multiclass classification and
ensemble approaches have been the main focus of
most investigations. [16] achieved a 96.1%
accuracy rate by proposing a fusion method that
included the ResNet101 and ResNet152 models.
Even with the limited number of COVID-19
patients in the sample (128), their methodology
produced encouraging outcomes. [17] examined
many CNN  variations for COVID-19
identification on CXI, and ResNet50 produced the
best results with a 98% accuracy rate.
SqueezeNet-Bayes was used by [18] to classify
COVID-19, normal, and pneumonia cases with an
astounding accuracy of 98.30%. [19] suggests a
novel approach to classify Covid, pneumonia, and
no results using raw chest X-ray pictures. The
model has 98% accuracy for instances which are
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binary and 87% of accuracy for multi-class
situations. CovAl-Net, a DL model with CNN
variations, was introduced by [20] and achieved
100% specificity and precision for the 'COVID +
Ve' class. Through their work, Loey et al. [21]
attempted to classify pneumonia, COVID-19, and
bacterial viruses alongside normal using Alexnet,
Googlenet, and Resnet 18. They contrasted the
results with combinations of classes to generate
results above 95%. Additionally, ensemble DL-
based models were created by [22] and [23] for
the COVID-19 classification of CXI and CT
images, respectively. Similarly, SqueezeNet
performed better than other algorithms, according
to Chowdhury et al. [24], with a 98.3% accuracy
rate for classification of COVID-19 as well as
normal cases on CXI. [25] A huge dataset of 4575
chest X-ray pictures and CNN and LSTM were
used in conjunction to identify COVID-19 and its
normality. Here, LSTM is utilised for detection
and CNN for deep feature extraction; the model's
accuracy was 99%. In addition, [26] created a
hybrid model that included the ResNet50V2 and
Xception architectures, reaching 91.4% accuracy
in categorizing COVID-19, pneumonia, and
typical CXI cases. With an accuracy of 95.2%,
[27] introduced AOCT-NET for the binary
categorization of COVID-19 and normal patients.
With various DL architectures, [28] suggested
COVIDX-Net, which achieved an Fl-score of
91% for COVID-19 cases and 0.89% for regular
instances. InceptionResNetV2 outperformed the
other DL variations in a comparison analysis by
[29], with an accuracy of 92.18% and a good
Flscore, specificity, and precision. These models
showed  excellent Fl-scores, sensitivity,
specificity, and accuracy, underscoring the
potential of DL approaches for precise and
effective COVID-19 diagnosis. When taken as a
whole, these findings highlight the effectiveness
of DL-based methods in COVID-19 diagnosis by
radiographic imaging, opening the door for the
creation of reliable and scalable diagnostic
instruments to fight the ongoing epidemic.

1.4 Research Gap

Although deep learning methods have achieved
remarkable  success in  medical image
classification, several gaps remain in the domain
of chest X-ray—based lung disease detection:

1. Limited use of lightweight
architectures — Most existing works
rely on large and computationally
expensive models such as ResNet,
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DenseNet, or VGG, which may not be
practical  for  real-time  clinical
deployment in resource-limited settings.
The potential of EfficientNet-B0, which
balances accuracy and efficiency, has
not been fully explored in this
application domain.

2. Inadequate hyperparameter tuning —
The performance of CNN-based models
is highly dependent on hyperparameters.
Many studies rely on manual tuning or
basic search strategies, which can lead to
suboptimal performance and poor
generalization across datasets.

3. Underutilization of metaheuristic
optimization — While metaheuristic
algorithms such as Particle Swarm
Optimization (PSO) and Genetic
Algorithms (GA) have been applied in
medical imaging, Cat Swarm
Optimization (CSO) remains largely
unexplored for optimizing deep learning
models in chest X-ray -classification
tasks.

4. Feature redundancy and overfitting —
Deep models often produce high-
dimensional feature spaces, increasing
the risk of redundancy and overfitting,
especially when datasets are imbalanced.
Very few studies combine deep learning
with  feature  selection/optimization
strategies to address this issue.

5. Lack of hybrid frameworks — Current
approaches typically use CNNs as
standalone classifiers. There is limited
work on combining CNN feature
extraction with metaheuristic
optimization algorithms to enhance
classification accuracy while
maintaining efficiency.

1.5 Problem Formulation:

Based on the above literature study, the following
research questions are motivated

e How effective is the proposed CNN-
based model for accurately classifying
lung diseases using medical images?

e What impact does the integration of Cat
Swarm Optimization (CSO) have on the
model's performance and convergence
during training?

e How does the proposed model handle
class imbalance in the dataset, and what
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techniques are employed to mitigate this
challenge?

e In real-world circumstances, how

applicable is the suggested approach for
detecting respiratory disorders like
emphysema, COVID-19, tuberculosis,
viral pneumonia, effusion, and normal
cases?

e Regarding performance criteria like
recall, precision, accuracy, and others,
how does the suggested model stack up
against existing DL models for the
categorization of respiratory diseases?

The problem formulation outlines the task at
hand, lung disease classification using a dataset of
lung images labeled with different disease
categories. The goal is to develop a hybrid
classification framework  that employs
EfficientNet-B0O for deep feature extraction from
chest X-rays and integrates Cat Swarm
Optimization for hyperparameter tuning and
feature optimization, with the goal of achieving
higher diagnostic accuracy, robustness, and
computational efficiency in lung disease
classification.

The major contributions of the paper are

e Development of a CNN-based model to
classify lung diseases: Using medical
images, the research suggests a CNN
architecture for precisely diagnosing
lung illnesses.

e Utilizing CSO in conjunction with
weight optimization: In order to
optimize the weights of the fully
connected layer, the research presents
the integration of CSO into the CNN's
training pipeline. During training, this
optimization method improves the
model's performance and convergence.

e Comprehensive evaluation and
comparison: The suggested model's
performance is thoroughly assessed in
the paper based on performance metrics,
including recall, precision, accuracy,
MCC, and F1 score. It additionally
illustrates the superiority of the
suggested model in terms of accuracy
and precision by comparing it with a
number of cutting-edge deep learning
models for the categorization of
respiratory diseases.

e Handling class imbalance: The paper
addresses the challenge of class
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imbalance in the dataset by employing
techniques such as data augmentation,
class weighting, and evaluation metrics
accounting for imbalance. This ensures
robust performance of the model across
all classes, even those with fewer
samples.

e Demonstration of clinical relevance: The
paper discusses the clinical relevance of
the proposed model by emphasizing its
potential application in real-world
scenarios for accurate and efficient
diagnosis of  various respiratory
conditions, including  COVID-19,
pneumonia, emphysema, effusion,
tuberculosis, and normal cases

2. METHODOLOGY
2.1 Dataset13

The dataset comprises medical images
categorized into six classes representing different
lung diseases, namely Normal, Viral Pneumonia,

Emphysema, Effusion, Tuberculosis and Covid-
19, with respective image counts of 10,192, 1,345,
1,722, 3,959, 700 and 3616 . Each image is
labeled with one of these disease categories,
providing annotated data for training and
evaluation. Notably, the dataset exhibits class
imbalance, with the Normal class having the most
images and the Tuberculosis class having the
fewest. Addressing this imbalance is crucial
during model development to prevent biases and
ensure robust performance. Techniques such as
data augmentation, class weighting, or evaluation
metrics accounting for imbalance can be
employed to mitigate this issue. Ultimately, this
dataset serves as a valuable resource for training
machine learning models to aid in the
classification and diagnosis of lung diseases,
potentially assisting healthcare professionals in
early detection and treatment planning.

Table 1: Dataset details

Disease Images

Source

10,192 https://www.kaggle.com/c/rsna-pneumonia-detection-challenge/data

Normal [30]

Viral Pneumonia [31] 1345

https://www.kaggle.com/datasets/paultimothymooney/chest-xray-
pneumonia

Emphysema [32] 1722 https://www.kaggle.com/datasets/nih-chest-xrays/data

Effusion [32] 3959

https://www.kaggle.com/datasets/nih-chest-xrays/data

Tuberculosis [33] 700

https://www.kaggle.com/datasets/tawsifurrahman/tuberculosis-tb-chest-
xray-dataset

Covid [24] 3616 https://www.kaggle.com/datasets/tawsifurrahman/covid19-radiography-

database

2.2 Neural Network Architecture:

Here we use a pre-trained CNN architecture,
EfficientNet-BO [2], the baseline model of the
EfficientNet family, as the base network for
feature extraction. EfficientNet-BO presents a
balanced scaling approach that modifies the
network's depth (number of layers), width
(number of channels), and resolution (input image
size) all at once. This guarantees computational
effectiveness without compromising accuracy.

The proposed model architecture shown in Figure
1 illustrates the sequential processing steps
involved in classifying chest X-ray images (CXI)
into different lung disease categories. It begins
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with the input CXI image, which undergoes
convolutional layers to extract features. These
features are then processed through the
EfficientNet-BO base network, a convolutional
neural network (CNN) architecture optimized for
image classification tasks. Subsequently, the
features are fed into a fully connected layer,
followed by a softmax activation function to
output class probabilities representing the
likelihood of each disease category. On the other
hand, the integration of Cat Swarm Optimization
(CSO) [7] involves several steps: initialization of
a population of cats within the search space,
fitness evaluation using cross-entropy loss on a
validation dataset, position update based on
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individual and social experiences, global best process aims to fine-tune the weights of the fully
solution update, and termination based on a connected layer to enhance the model's
predefined criterion (e.g., maximum iterations or performance and convergence during training.
satisfactory performance). This optimization

Input Data Initialize a population of cats
randomly within the search space.

h 4

Layer Initialization b
and Replacement of
EfficientnetBO Evaluate the fitness of each cat
using the cross-entropy loss
l function on the validation dataset.
—

CSO Optimization

h

Update the position of each cat
based on its current position and
h 4 — the positions of neighboring cats.

Fitness Evaluation l

Update the position of each cat
— based on its current position and

v
the positions of neighboring cats.

Network Assembling

h 4

. No
Network Tralning Is better performance reached?
Testing Phase
Terminate
Figure 1 Generalized block diagram.
X represents the input image to the network. For operation, Swish represents the Swish activation
lung disease classification, X is typically a function. W, represents the learnable parameters
grayscale or RGB image with a fixed size, such as (convolutional filter weights) of the first layer.

W x H x C where W and H are the width and
height of the image, respectively, and C is the
number of channels (1 for grayscale, 3 for RGB).

The main body of EfficientNet-BO consists of
multiple MobileNetV2-like blocks. Each block
contains a sequence of operations designed to

The first operation applied to the input image is a capture and refine features at different scales. The
convolutional layer followed by batch operations within an MBConv block typically
normalization and a Swish activation function. include depthwise convolution, pointwise
This operation extracts low-level features from convolution, and skip connections.

the input image. Mathematically, it can be

represented as: Mathematically, an MBConv block can be

represented as follows:
X1 = Swish(BN (Conv(X,W1)))

Xiv1
Where, Convrepresents the  convolution = Swish (BN (Convpepen (Convpepe (Xi, Woepen), Weoint)
operation, BN represents the Batch normalization + Xi))

e
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Where, X; represents the feature map at the
previous layer, X;,; represents the feature map at
the current layer, Convpepipwise represents the
depthwise convolution operation, represent the
learnable parameters (depthwise and pointwise
convolutional filter weights) of the block.

The final layer of the network is a fully connected
layer that aggregates the features extracted by the
convolutional layers and maps them to the output
classes. Mathematically, the output of the fully
connected layer can be represented as:

Output = Softmax(FC(Xy, Wge, brc))

Where Xy, Wgc, and bpc represents the feature
map at the last layer, the weight matrix of the fully
connected layer, and the bias vector of the fully
connected layer.

The final classification layer of the CNN is
replaced with a new fully connected layer
followed by a softmax activation function to
output class probabilities. This modified
architecture allows us to fine-tune the network for
the specific task of lung disease classification.

2.3 Weight Optimization with CSO

We integrate CSO into the training pipeline of the
CNN to optimize the weights of the fully
connected layer. The weights are represented as
positions in the search space, and CSO iteratively
updates these positions based on the classification
performance of the network on a validation
dataset.

Algorithm

Step 1: Initialize a population of N cats randomly
within the search space.

Step 2: Evaluate the fitness of each cat in the
population using the objective function. For a
classification task such as lung disease
classification, cross-entropy loss function has
been used as the objective function.

N C
1
CrossEntropyLoss = — NZ Z yiclog(Dic)

i=1c=1

Where N is the number of samples in the
validation dataset, C is the number of classes,
¥ic 1s a binary indicator function that equals 1 if
the sample i belongs to class ¢ and 0 otherwise
and y; . is the predicted probability that sample i
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belongs to class ¢ outputted by the neural
network.

The objective function, i.e., the cross-entropy
loss, is minimized during the optimization
process. Minimizing the cross-entropy loss
encourages the neural network to learn parameters
(weights and biases) that produce accurate
predictions for the given validation dataset.

Step 3: Update the position of each cat based on
its current position and the positions of
neighboring cats. The movement of cats is guided
by their individual and social experiences, aiming
to explore and exploit the search space
effectively.

The update equation for the position of each cat
X; in CSO can be represented as follows:

X;(t+1)=X;(t) + AX;(t)

Where X;(t) represents the position of the cat i at
time t, AX;(t) represents the displacement of cat
i at time t, which is determined based on the cat's
individual experience, social experience, and the
global best solution.

Step 4: Update the best solution found so far based
on the fitness values of the cats in the population.
This best solution represents the optimal set of
weights for the neural network.

Step 5: Repeat steps 2-4 until a termination
criterion is met, such as reaching a maximum
number of iterations or achieving a satisfactory
level of performance.

3 RESULT AND DISCUSSION

The figure 1 presents the performance metrics of
a neural network model trained over 25 epochs
using mini-batch stochastic gradient descent.
Across the epochs, the accuracy steadily increases
from 72.40% in the first epoch to a plateau of
96.88% from the sixth epoch onwards.
Simultaneously, the loss progressively decreases
from 0.5725 to 0.0602, indicating improved
model performance and convergence. This trend
demonstrates the model's ability to learn and
generalize effectively over the training epochs,
achieving a high level of accuracy while
minimizing the loss function. Overall, the results
suggest successful training of the neural network
model, which can be considered reliable for the
task of lung disease classification.
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The figure 2 illustrate the performance metrics of
a neural network model across training epochs,
focusing on validation accuracy and loss. Initially,
as the model trains, validation accuracy steadily
increases from 70.12% to 94.12% over 25 epochs,
demonstrating the model's improving ability to
correctly  classify lung  disease  cases.
Concurrently, validation loss consistently
decreases from 0.7685 to 0.1412, indicating a

Mini-batch Accuracy and Loss vs Epoch
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Figure 2. Mini-Batch Accuracy And Loss Vs Epoch

%
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reduction in prediction errors and the model's
enhanced capability to make accurate predictions.
The convergence of validation accuracy towards
a high value and validation loss towards a low
value suggests that the model effectively learns
the underlying patterns in the data and generalizes
well to unseen samples, implying its potential
usefulness in  real-world lung  disease
classification tasks.
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Figure 3. Validation Accuracy And Loss Vs Epoch
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Table 2 Metrics
Class Specificity Sensitivity | Precision F1 Score MCC
Covid 0.999 0.865 0.988 0.923 0.898
Effusion 0.999 0.697 0.875 0.774 0.740
Emphysema 0.999 0.664 0.610 0.636 0.616
Normal 0.996 0.880 0.711 0.786 0.759
Tuberculosis 0.999 0.913 0.875 0.894 0.884
Viral 0.999 0.988 0.981 0.984 0.982
Pneumonia
Table 3 Overall Metrics
Accuracy Precision Recall F1 Score MCC
0.958 0.843 0.819 0.831 0.797

In Table II, we present a detailed analysis of the
machine learning model's performance across
different pathological classes. The metrics
evaluated include specificity, sensitivity,
precision, F1 score, and Matthews Correlation
Coefficient (MCC). The specificity values are
close to 1 for all classes, indicating the model's
ability to accurately identify instances of non-
target classes while minimizing false positive
errors. However, certain classes, such as
Emphysema and Effusion, exhibit lower
sensitivity values, suggesting a higher number of
false negatives. Conversely, the Viral Pneumonia
class demonstrates the highest sensitivity,
indicating the model's effectiveness in detecting
instances of this class. Precision values are
notably high for the Covid and Tuberculosis
classes, indicating reliable positive predictions for
these classes. Additionally, the F1 scores, which
represent the balance between precision and
recall, are highest for the Covid and Tuberculosis
classes, further highlighting the model's
performance in these categories. The MCC

values, which provide a balanced measure of
classification performance, are relatively high
across all classes, indicating good overall model
performance in capturing the correlation between
predicted and actual classes. Table I1I presents the
overall evaluation metrics for the machine
learning model. These metrics include overall
accuracy, precision, recall, F1 score, and
Matthews Correlation Coefficient (MCC). The
model achieved an overall accuracy of 95.8%,
indicating a high proportion of correctly classified
instances out of all instances. The precision and
recall values, which measure the proportion of
true positives among positive predictions and the
proportion of actual positives correctly identified
by the model, respectively, are also high, with
values of 84.3% and 81.9%, respectively. The
overall F1 score of 83.1% suggests a balanced
performance between precision and recall across
all classes. Finally, the overall MCC of 79.7%
reflects the model's ability to capture the
correlation between predicted and actual classes
on average

Table 4 Performance Comparison With The State Of Art Models

Models Accuracy (%) Precision (%) Recall (%) F1 Score (%) MCC (%)
LSTM 89.30 79.54 78.66 77.9 77.1
Resnet18 91.17 80.5 79.3 79.27 77.49
Resnet50 93.05 81.4 79.99 80.57 77.78
Resnet101 94.9 82.4 80.6 81.87 78.08
VGG16 90.47 82.21 80.21 81.14 72.14
VGG19 91.92 82.90 80.60 81.79 73.3
DenseNet201 93.3 83.60 80.99 82.4 74.64
Proposed 95.8 84.3 81.9 83.1 79.7
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Table IV evaluated the performance of several
deep learning models for the classification of
respiratory diseases, including LSTM, ResNetl18,
ResNet50, ResNetl01l, VGG16, VGGI19,
DenseNet201, and our proposed model. The
evaluation was based on key performance metrics
including accuracy, precision, recall, F1 score,
and the Matthews correlation coefficient (MCC).
Our findings reveal that the proposed model
achieved the highest accuracy among all models,
with an impressive score of 95.8%. This signifies
its superior capability in accurately classifying
respiratory diseases. Furthermore, in terms of
precision, our model outperformed all others,
reaching 84.3%. Precision is a critical metric in
medical diagnosis, indicating the model's ability
to correctly identify positive cases, thus
minimizing false positives. While our model
excelled in precision, it also demonstrated
competitive recall and F1 score, with values of
81.9% and 83.1% respectively. These metrics
indicate the model's capacity to effectively
capture true positive cases while maintaining a
balance between precision and recall, essential for
reliable disease classification. Additionally, the
Matthews correlation coefficient (MCC), which
measures the correlation between predicted and
actual classes, further validated the robustness of
our proposed model, yielding a score of 79.7%.
This suggests a strong agreement between the
model's predictions and ground truth labels,
reinforcing its suitability for real-world
applications in clinical settings. Comparatively,
DenseNet201 emerged as the closest competitor
to our proposed model, exhibiting commendable
performance across various metrics. However,
our model consistently outperformed
DenseNet201 and other baseline models,
highlighting its efficacy in respiratory disease

classification tasks. The table V presents a
comprehensive performance comparison of
various classifiers proposed for diagnosing
respiratory diseases, particularly focusing on
Covid-19, pneumonia, Emphysema, Effusion,
Tuberculosis and normal cases. Each entry
includes details such as the reference, model used,
number of classes, class distribution, and
performance metrics like accuracy, precision,
recall, and F1 score. Our system outperforms
previous ones by accommodating a broader range
of classes, totaling six different categories. This
expansion allows for a more comprehensive
analysis of various respiratory conditions,
including normal cases and different types of
pneumonia, tuberculosis, emphysema, and
COVID-19. By addressing a wider spectrum of
conditions, our system could potentially be more
versatile and applicable in real-world scenarios
where diverse diagnoses are common. The
availability of a larger dataset for training and
testing (with a total of 19,079 images across all
classes) likely contributes significantly to the
robustness and generalization ability of our
proposed system. Larger datasets generally lead
to more accurate models, as they provide more
diverse examples for the algorithm to learn from.
This aspect could be particularly advantageous in
handling real-world variability and ensuring
reliable performance across different patient
demographics, imaging conditions, and disease
manifestations. Despite the expanded scope of
classes and dataset size, our proposed system
achieves commendable performance metrics.
With an accuracy of 95.8% and competitive
precision, recall, and F1 score values, our system
demonstrates its effectiveness in accurately
classifying various respiratory conditions.

Table IV Performance Comparison Of The Proposed Classifier Based On An Already Developed System.

Reference Model Number | Class (Number of | Accuracy | precision | Recall F1
of Class Images) Score
Zabirul [25] CNN-LSTM 3 COVID-19 (613), 99.4 - - 98.9%
Pneumonia (1252),
Normal (1252)
Rahimzadeh Xception + 3 COVID-19 (80), 91.4 - - -
et al. [26] ResNet50V2 Pneumonia (6054),
Normal (8851)
Alqudah et AOCT-NET 2 Covid19, Normal 95.2 - - -
al.
[27]
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Hemdan et COVIDX-Net 2 COVID-19 (25), 90.0 - - -
al. Normal (25)
[28]
Asnaoui et IncpetionRes 4 Bacterial: 2780, 92.18 92.38 - 92.07
al. NetV2 Virus:1493,
[29] Covid19:231,
Normal:1583
Wang et al. ResNet-101 + 3 Covid19(140), 96.1 - - -
[16] ResNet-152 Pneumonia(8620),
Normal(7966)
Narin et al. ResNet-50 2 Covid19(50), 98.00 %. - - -
[17] Normal(50)
Ucar and SqueezeNetBayes 3 Covid19(76), 98.30 %. - - -
Korkmaz Normal (1583),
[18] Pneumonia (4290).
Ozturk et DarkCovidNet 3 Covid19(125), 87.02 %. - - -
al. Normal(500),
[19] Pneumonia(500)
Mishra et CovAlI-Net 2 Covid + Ve(369), - 100 % - -
al. Covid -Ve(309).
[20]
Loey et al. GoogleNet 4 Covid19(69), 80.6 %. - - -
[21] Normal(79),
Bacterial(79),
virus(79).
Tang et al. EDL-COVID 3 Covid19(573), 95 % - - -
[22] Pneumonia(6053),
Normal(8851)
Zhou et al. EDL_COVID 3 Covid19(2500), 99.05 % - - 98.59
[23] Lung tumors %
(2500),
Normal(2500).
Ilhan et al. Deep Feature 3 Covid19(125), 90.84 % 100 % 97.6 -
[34] Fusion Pneumonia(500), %
Normal(500).
Proposed CSO-+Efficientnet 6 Normal(10,192), 95.8% 84.2% 81.9% | 83.1%
BO Viral Pneumonia
(1345),
Emphysema(1722),
Effusion(3959),
Tuberculosis(700),
Covid(3616)

These metrics indicate a high level of confidence
in the system's ability to correctly identify
different pathologies while minimizing false
positives and false negatives. By incorporating
CSO (Cat Search Optimization) along with
EfficientNet B0 architecture, our system
leverages state-of-the-art techniques to enhance
classification accuracy and efficiency.
EfficientNet models are known for their superior
performance in image classification tasks, while
optimization algorithms like CSO can further
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fine-tune model parameters for optimal results.
This combination reflects a thoughtful approach
to leveraging cutting-edge methodologies for
improving diagnostic outcomes.

The proposed classifier achieves an accuracy of
95.8%, which is competitive compared to other
models in the table. Some models achieve higher
accuracies, such as Zabirul's CNN-LSTM
(99.4%) and Zhou et al's EDL COVID
(99.05%), while others have lower accuracies like
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Loey et al's GoogleNet (80.6%). Precision
measures the proportion of true positive
predictions among all positive predictions made
by the model. Higher precision indicates fewer
false positives. Recall measures the proportion of
true positive predictions among all actual positive
cases in the dataset. Higher recall indicates fewer
false negatives. F1 score is the harmonic mean of
precision and recall, providing a balance between
the two metrics. The proposed classifier achieves
precision, recall, and F1 score of 84.2%, 81.9%,
and 83.1% respectively. Precision, recall, and F1
score values vary across different models and
classes. For instance, Mishra et al.'s CovAl-Net
achieves 100% precision but lacks information on
recall and F1 score.

The proposed classifier deals with six classes,
including Normal, Viral Pneumonia,
Emphysema, Effusion, Tuberculosis, and Covid.
Class distributions vary widely across studies,
with some classes having significantly fewer
samples compared to others. Handling class
imbalance is crucial for maintaining classifier
performance across all classes. Models in the
table range from relatively simple architectures
like SqueezeNetBayes to more complex ones like
EDL COVID. EfficientNet B0 used in the
proposed classifier is known for its balance
between model size and performance, making it
suitable for resource-constrained environments.

While achieving high accuracy is important,
clinical relevance, particularly in medical
diagnosis, depends on the ability to correctly
identify positive cases (high recall) while
minimizing false positives (high precision).
Models with high precision and recall for Covid-
19 cases are especially relevant for effective
screening and diagnosis in healthcare settings.

4. CONCLUSIONS AND FUTURE WORKS

This research proposed a CNN-based
framework, leveraging EfficientNet-B0O enhanced
with Cat Swarm Optimization (CSO), for the
classification of multiple lung diseases using
chest X-ray images. The model achieved superior
performance across key evaluation metrics—
accuracy, precision, recall, F1-score, and MCC—
demonstrating its robustness in distinguishing
between diverse respiratory conditions, including
COVID-19. Importantly, the integration of CSO
not only improved weight optimization and
convergence but also addressed the persistent
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issue of class imbalance, ensuring balanced
predictive power across all disease categories.

While the results confirm the effectiveness of our
approach, certain limitations remain. The reliance
on a single dataset may restrict generalizability
across diverse clinical settings, and the
computational cost of metaheuristic optimization
could pose challenges for large-scale deployment.
Nevertheless, the findings strongly support the
potential of hybrid deep learning—metaheuristic
methods in enhancing diagnostic accuracy and
reliability.

Looking ahead, expanding the study to include
multi-modal data (e.g., CT scans, clinical
records), optimizing computational efficiency,
and validating performance in real-world hospital
environments are crucial steps for translation into
clinical practice. By addressing these avenues,
future research can further strengthen the
applicability of Al-driven diagnostic systems in
combating respiratory diseases.

In conclusion, this study not only meets its
objectives but also establishes a foundation for
scalable, reliable, and clinically relevant Al-
assisted diagnostic tools in healthcare.
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