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Abstract: Pneumonia is an inflammation of lung tissue caused by various infectious microorganisms
and noninfectious factors. It affects people of all ages, but vulnerable age groups are more susceptible.
Imaging techniques, such as chest X-rays (CXRs), are crucial in early detection and prompt action.
CXRs for this condition are characterized by radiopaque appearances or sometimes a consolidation
in the affected part of the lung caused by inflammatory secretions that replace the air in the infected
alveoli. Accurate early detection of pneumonia is essential to avoid its potentially fatal consequences,
particularly in children and the elderly. This paper proposes an enhanced framework based on
convolutional neural network (CNN) architecture, specifically utilizing a transfer-learning-based
architecture (MobileNet V1), which has outperformed recent models. The proposed framework
is improved using a hybrid method combining the operation of two optimization algorithms: the
dung beetle optimizer (DBO), which enhances exploration by mimicking dung beetles” navigational
strategies, and Fick’s law algorithm (FLA), which improves exploitation by guiding solutions toward
optimal areas. This hybrid optimization effectively balances exploration and exploitation, significantly
enhancing model performance. The model was trained on 7750 chest X-ray images. The framework
can distinguish between healthy and pneumonia, achieving an accuracy of 98.19 + 0.94% and a
sensitivity of 98 £ 0.99%. The results are promising, indicating that this new framework could be
used for the early detection of pneumonia with a low cost and high accuracy, especially in remote
areas that lack expertise in radiology, thus reducing the mortality rate caused by pneumonia.

Keywords: deep learning; X-ray image classification; machine learning in healthcare; convolutional
neural networks; optimization algorithms

1. Introduction

Bacterial, viral, and fungal pathogens can exacerbate pulmonary disorders linked to
pneumonia [1]. Specifically, in susceptible populations such as the elderly and individuals
with preexisting medical conditions, it is a grave condition that can result in severe illness
or even mortality [2]. Each year, millions of people contract pneumonia, a potentially lethal
respiratory illness. If left untreated, it can have significant detrimental consequences and
is typically challenging to identify [3]. Developing novel strategies to promptly and accu-
rately detect pneumonia is crucial for minimizing patient mortality [4]. Computer-aided
diagnostic solutions are urgently required in countries with inadequate medical infras-
tructure, especially in emerging nations. These methods, utilizing artificial intelligence,
aid radiologists in detecting acute infection by analyzing chest X-ray pictures [5]. Deep
learning techniques, a type of machine learning algorithm, are highly proficient in image
recognition tasks. They are specifically employed to extract distinctive attributes from chest
X-ray images. This is achieved by training a neural network with a substantial number of
photos, enabling it to identify patterns and characteristics in the images. This technique
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can be used to categorize photos of pneumonia into different groups, such as healthy or
diseased [6].

Machine-learning-based artificial intelligence (AI) research has been making consider-
able progress in medicine in the past few years. These techniques are now increasingly used
for the diagnosis of diseases, creating predictive models to aid clinical decision making and
identifying disease-associated factors [7,8]. During this global crisis, several models have
been distributed in COVID-19 developments, and one of the most outstanding approaches
is metaheuristic algorithms (MAs) [9,10]. One of the most important parts of using models
to predict pneumonia outcomes is the choice of the features that can most likely influ-
ence the disease diagnosis. There are three main types of feature selection methods: filter
method [11,12], wrapper method [13], and embedded-based [14]. KNN is generally really
good and does not require knowledge of the data or assumptions to be made for any under-
lying data; its single parameter can be tuned. The proposed system also enjoys a lower time
complexity when compared to a support vector machine (SVM), making this an attractive
solution for many MA and feature selection applications. Mohamed et al. [15] proposed a
feature selector inspired by the evolution behaviors among predators and parasites, as well
as the host, in nature to solve the problem of big data dimensionality and cooperate with
KNN for finding the most relevant feature combination. Many deterministic and evolu-
tionary optimization methods have been developed and used to solve single-objective and
multiple-objective optimization problems [16,17]. Metaheuristic algorithms (MAs) have
demonstrated the capability to solve different optimization problems [18,19]. Traditional
approaches that use gradients for optimization are treated as a black box and are more
versatile, which means that sometimes MAs are also more efficient than gradient-based
approaches [20,21]. Some of the most prominent algorithms among MAs are the genetic
algorithm (GA) [22], differential evolution (DE) [23], simulated annealing (SA) [24], and
particle swarm optimization (PSO) [25]. In this work, an efficient model that classifies
pneumonia into two groups, healthy and infected, is developed and tested using chest
X-ray images. Toward maintaining a high accuracy and minimizing false-negative cases,
we present a deep learning technique for automated pneumonia classification. In addition,
we apply a hybrid optimization that combines two metaheuristic algorithms, FLA and
DBO, that have achieved promising results in this area.

The impetus for this research stems from the pressing need to improve pneumonia
diagnosis, a leading cause of mortality and morbidity worldwide, especially in vulnerable
populations such as the elderly and immunocompromised individuals. Current diagnostic
methods, while effective, have limitations, including variability in diagnostic criteria
and dependence on high-quality imaging and expert interpretation. These challenges
often result in delayed or inaccurate diagnoses, particularly in resource-limited settings.
Our study aims to address these gaps by harnessing the power of deep learning and
innovative optimization techniques to enhance the accuracy and efficiency of pneumonia
detection from chest X-rays. By developing more robust and reliable diagnostic tools,
this research seeks to facilitate quicker clinical decision making, reduce the strain on
healthcare systems, and, ultimately, improve patient outcomes by enabling timely and
precise treatment interventions.

The subsequent sections of this paper are organized in the following manner. Section 2
of this document discusses different approaches employed for the detection and catego-
rization of pneumonia. Sections 3 and 4 outline the methodologies employed to construct
the proposed model, encompassing preprocessing techniques and feature extraction using
convolutional neural networks (CNNs). Section 5 presents a comprehensive assessment of
the models and a detailed analysis of the obtained results. Section 6 serves as the final part
of this paper, summarizing the most significant findings.

2. Literature Review

Pneumonia identification from CXR images has been one of the foremost areas of
interest, with many deep learning and machine learning techniques promising to advance
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diagnostic performance. Nevertheless, each system expresses its own limitations, partic-
ularly concerning the challenge of performance consistency for long and diverse data or
leveraging optimization algorithms effectively. This section reviews major past works and
indicates how our study responds to prevailing shortcomings.

Yi et al. [26] performed pneumonia classification by proposing a model using DCNN.
Their mentioned accuracy was 96.09%, the precision rate was 98.61%, and the recall was
93.33%. However, their approach did not involve robust optimization techniques to im-
prove generalization capability and was specifically not designed for large datasets. Ku-
mar et al. [27] proposed a few transfer learning-based models, such as InceptionV3 and
ResNet50, with a very impressive accuracy of 96.82% being achieved. Although effective,
this method had some limitations in domain feature extraction and relied on pretrained
networks; hence, it may not generalize well to new datasets. Mannepalli and Namdeo. [28]
developed a hybrid multiscale CNN which was enhanced by embedding self-attention
mechanisms that attained an accuracy of 97%. Although their results looked promising, the
model did not use advanced optimization techniques to improve feature selection further.

In 2021, Manickam et al. [29] adopted a U-Net architecture with transfer learning
for pneumonia diagnosis. The proposed approach yielded an accuracy of 93.06% and a
precision of 88.97%. Although the segmentation performance of U-Net sounds impressive,
the overall performance of the model was limited due to a relatively lower recall of 96.78%
and the unavailability of advanced optimization techniques. leracitano et al. [30] proposed
a fuzzy-enhanced deep learning method, CovNNet, which managed uncertainties in CXR
images but was less effective than other methods and achieved only 80.9% accuracy.

Alqudah et al. [31] classified pneumonia by combining CNN with a support vector
machine and obtained 94% accuracy. Yet, even though this hybrid approach provided im-
provements compared to traditional CNNs, the model still represented high computational
cost and performance that was unfavorable due to the need for extracting features from
high-dimensional data. Szepesi and Szilagyi [32] further investigated CNN models with a
new type of dropout layer placement that achieved 97.21% in accuracy, 97.40% in precision,
and 97.34% in recall. This superior architecture has proven to be a worthy contribution to
architectural novelty. Punitha and colleagues [33] developed a computer-aided diagnosis
(CAD) system utilizing an artificial neural network (ANN) in conjunction with an artificial
bee colony (ABC) algorithm, resulting in an accuracy rate of 92.37%. Despite its efficacy in
specific contexts, the model’s dependence on ABC for the extraction of features resulted in
reduced precision and recall rates in comparison to leading methodologies.

Furthermore, several studies utilized deep learning techniques with chest X-ray (CXR)
pictures to identify pneumonia. As an example, Ho and Gwak [34] created an ensemble
model that integrates handcrafted features, radiomic data, and deep learning characteristics,
resulting in an accuracy of 94.1%, precision of 94.5%, and recall rate of 94.1%. Their
study highlighted the advantages of merging different features; however, they did not
utilize hybrid optimization methods to improve performance further. In addition, Trivedi
and Gupta [35] presented a streamlined deep learning framework known as MobileNet,
which attained an accuracy of 94.23%. This model’s strength lay in its efficiency for
mobile applications, while performance lagged compared to more complex architectures.
In response to the limitations found in previous studies, this work proposes a hybrid
optimization approach geared toward improving the process of feature selection and
model performance in pneumonia detection. Next, the methodology section describes in
detail how our model leverages the power of deep learning frameworks and optimization
techniques in an attempt to achieve better results.

The results highlight the possible utility of this framework in pneumonia identification
and assessment of severity, as shown in Table 1. All of them point out novel solutions
and algorithms that can enhance the capability of computer-aided diagnosis (CAD) as
well as the accurateness and efficiency of CAD in radiological imaging, with considerable
improvement in the performance across various imaging methods.



Electronics 2024, 13, 4042 40f22
Table 1. Summary of different studies on pneumonia detection using various Al methods.

Ref. Method Accuracy Precision Recall F1-Score
[26] DCNN 96.09% 98.61% 93.33% -
[27] Trained transfer learning models 96.82% 95.97% 97.54% 96.74%
[28] U-Net architecture and transfer learning 93.06% 88.97% 96.78% 92.71%
[29] Fuzzy-enhanced deep learning method 80.9% 85.2% 82.5% -
[30] CNN with SVM 94% 96.68% 93.3% -
[31] Novel dropout layer placement in the convolutional part 97.21% 97.40% 97.34% 97.37%
[32] Hybrid multiscale CF;\;(;lii’goﬁi;eith;g;iadaptive manta ray 979% 95% ) 96%
[33] ANN with ABC for region-based fractal analysis 92.37% - - -
[34] Combines handcrafted, radiomic, deep features 94.1% 94.5% 94.1% 94.0%
[35] DL-based on “MobileNet” 94.23% 97% 98% 97%

From the comparison between models in the literature reviewed above, we can observe
that former methods tend to exploit either via transfer learning model or regular convolu-
tional networks, and they rarely utilize a combination of all optimization approaches. On
the other hand, DBO and FLA are both used in our work, and this combination enables
a more stable tradeoff between exploration and exploitation, which gives rise to better
performance. It performed with an accuracy of 98.19%, which was higher than the current
maximum accuracy (97.21% in Table 1). Furthermore, our model’s precision and recall are
higher than those of others, making it a reliable tool for predicting pneumonia

3. Proposed Methodology

Our proposed method for pneumonia detection uses chest X-ray images, and first
aggregates data consisting of several radiological images labeled as “NORMAL” and
“PNEUMONIA”. Each image is preprocessed to a standard size and contrast, enhancing
the model’s capability to extract relevant features. After the division of images, CNNs
extract deep, intricate features. The process is carried out in a multistep process where
data representation is passed through multiple filters and pooling layers to enhance model
predictiveness and better capture differentiated patterns of respiratory conditions as anoma-
lies. Toward further refining the model’s predictions, feature selection methodologies are
implemented and enhanced through hybrid optimization by the meta-heuristic algorithms,
identifying the most significant features for classification with high precision. This hybrid
approach will improve the model’s performance by maintaining a balance in exploring and
exploiting the search space during feature selection to retain only the most relevant features.
In addition, we make use of data augmentation to increase variety in our training data and
avoid overfitting to make the finally deployed model more robust. Some metrics used to
ensure these algorithms are clinically viable are accuracy, sensitivity, and specificity. Testing
and refining of the model are performed constantly to improve the predictions. As shown
in Figure 1, this final model is tested with images that it has never seen to engage in more
realistic scenarios. The proposed methodology here may provide an efficient automatic
tool for the early detection of pneumonia by effectively integrating traditional machine
learning approaches and deep learning architectures to support medical practitioners in
reaching faster and more accurate diagnostic conclusions.
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Figure 1. Flowchart showing the stages of the hybrid optimization process.

The robustness of our methodology is derived from incorporating a hybrid opti-
mization technique that optimizes the model’s hyperparameters, greatly improving its
performance. Merging the dung beetle optimization algorithm (DBOA) with Fick’s law
algorithm (FLA) establishes a well-rounded exploration and exploitation framework, fa-
cilitating the model’s convergence towards optimal solutions. The subsequent section
elaborates on how this hybrid approach enhances feature selection and elevates overall
predictive accuracy.

3.1. Data Overview

The dataset comprises 7750 images in total, and chest X-ray images are divided into
two main classes: PNEUMONIA and NORMAL. This provides the basis for training
our deep learning model and testing its performance. The dataset is equally weighted
between the two classes, which should prevent the model from biasing learning to correctly
identify and distinguish healthy findings from findings that are typically associated with
pneumonia. Pulmonary structures have various clues in the X-ray images, as shown in
Figure 2. PNEUMONIA shows an increased opacity in the lungs, which may indicate the
presence of fluid (consolidation) or features suggestive of other infection-related changes
in the lungs. In comparison, for NORMAL, we can see clear lung fields, and no significant
abnormalities are present. Therefore, the diversity and the quality of these images are very
important for the feature extraction and classification processes, which are used to build a
reliable diagnostic tool for early detection of pneumonia changes (such as the ones often
happening in COVID-19).
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Figure 2. A random sample of chest X-ray images illustrates the two categories in the model.

3.2. EDA and Preprocessing

During the exploratory data analysis (EDA) and preprocessing stage of our chest X-ray
and CT image dataset, we conduct an exhaustive analysis of the image data to evaluate its
properties and ready it for the next modeling step. We will first load a balanced dataset
with a total of 7750 images, equally distributed into PNEUMONIA and NORMAL labels. It
contains images that are fetched from a specified folder whose structure comes from the
folders of their labels. These images are preprocessed in several steps to convert them into
a suitable form for deep learning models. We resize each image to 224 x 224 pixels and
then convert it to RGB from BGR to fit the desired input of our model architecture. Images
are also normalized to pixel values ranging from 0 to 1, which helps with the convergence
of neural networks during training. Data preparation for training, validation, and testing
can be performed by dividing our dataset into training, testing, and validation sets, where
90% of the data are used for training and 10% for testing. This dataset is divided into
training and validation sets (80/20 split). A model is trained from the training set. Due
to this stratified splitting, all three sets contain all classes in the same proportion, making
sample distribution balanced across the sets essential to avoid biased model training. Visual
exploration of the data: We plot the data to see the distribution and characteristics of the
dataset. We plot bar charts to check the distribution of function classes in both the training
and test sets and confirm that class imbalance might not impact our training and evaluation.
Also, it displays example images of the dataset to gain an idea of the variations within
the classes as well as in between. These visualizations serve to verify the existence of
informative patterns among the normal and pneumonia X-rays. Statistical analysis—Again,
we test the model on its performance matrix, such as using accuracy, precision, recall, and
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F1-score. In addition, we calculate the sensitivity and specificity of each class to analyze how
well the model identifies each disease status. Being pretty self-explanatory, these metrics are
essential for gauging whether or not the model is performing well and how it will perform
in different conditions of a dataset. This meticulous EDA and preprocessing step lays down
the first stone for building a performant model that can label X-ray images correctly, either
PNEUMONIA or NORMAL, for the diagnosis of respiratory diseases associated with the
lung. These metrics are essential for evaluating the model’s performance and its ability
to function under various conditions within the dataset. The meticulous exploratory data
analysis (EDA) and preprocessing steps establish the foundational work for constructing a
performant model capable of accurately labeling X-ray images as either PNEUMONIA or
NORMAL, facilitating the diagnosis of respiratory diseases associated with the lungs.

The preprocessing of chest X-ray images plays a pivotal role in enhancing the per-
formance of our deep learning models. Each image undergoes several crucial prepro-
cessing steps—resizing, normalization, and augmentation—that directly influence model
training and effectiveness. Initially, images are resized to a uniform dimension (e.g.,
224 x 224 pixels), ensuring that the neural network receives inputs of consistent size, which
is vital for maintaining the integrity of spatial features across different images. Following
resizing, normalization is applied to adjust the pixel values so that they fall within a specific
range (typically 0 to 1). This step is critical for stabilizing the learning process as it ensures
that the model is not biased toward images with higher pixel intensity variations, thus
facilitating faster and more stable convergence during training. Augmentation techniques
such as random rotations, shifts, and flips are employed to artificially expand the training
dataset. This not only helps prevent the model from overfitting but also enhances its ability
to generalize from the training data to new, unseen images by exposing the model to a
wider variety of scenarios and perspectives found in medical images. Together, these
preprocessing techniques contribute significantly to the robustness and accuracy of the
model, enabling it to perform with high reliability in clinical settings.

3.3. Dung Beetle Optimizer

The dung beetle optimizer (DBO) is an exploration-oriented algorithm that navigates
the search process by means of guidance based on dung beetles” navigation strategy. It,
thus, enables the model to overcome local optima in pursuit of better solutions. In contrast,
Fick’s law algorithm (FLA) improves exploration by simulating diffusion to guide solution
spreading. With the combination of DBO and FLA, we combine two types of evolutionary
algorithms in a complementary manner to balance exploration and exploitation, which
helps ensure better model optimization, which results in higher pneumonia detection
accuracy. A flowchart representation of the relationship between both optimizers and
within the training process is shown in Figure 1.

In this part, we present an original swarm intelligence (SI)-based optimization al-
gorithm called the dung beetle optimizer (DBO). The concept defined for this technique
derives from the actions of dung beetles, and the mathematical simulation of this process
is explained as follows: Depending on the type and stage of decomposition, dung beetles
like *Copris ochus Motschul-sky*, *Onthophagus gibbulus*, and *Caccobius jessoensis
Harold* are typical decomposers in ecosystems all over the world. These beetles are known
to be a rather curious lot as far as dung is concerned; they shape the dung into balls and
roll it. This behavior is as interesting as it is essential for their survival and reproduction.
These are rowdy insects that use the sun in order to maintain a straight course while rolling
dung balls. This suggested navigational skill is crucial in the simulation model for the
DBO algorithm and its implementation. The transport algorithm emulating rolling in the
relocation of a dung beetle in the defined search space is identified mathematically. The
position update equation provided for the dung beetle algorithm can be clarified with a
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correct description of each parameter in the equation. The following it the corrected and
detailed explanation:

xi(t+1) =x;(t) +a xkxx;(t —1)+b x Ax, 1)
where
e  xi(t + 1) represents the position of the i-th dung beetle at the next iteration ¢ + 1.
e  xi(f) denotes the position of the i-th dung beetle at the iteration t.
e xi(t — 1) indicates the position of the i-th dung beetle at the previous iteration t — 1.
e  kis the deflection coefficient, influencing how past movements affect current direction.
e Db is a constant (0 < b < 1) that scales the influence of the distance from the

worst position.

e «is a coefficient set to either 1 or —1, which adjusts the direction based on external
factors like wind or uneven terrain.

e  Ax is the magnitude of the distance from the worst position in the search space,
calculated as | Ax = xi(t) — Xw |, where Xw refers to the worst position observed.

This model allows the algorithm to explore the search space efficiently, avoiding local
optima by incorporating past movement and the relative quality of current positions.

3.3.1. Updating the Rolling Direction

To mimic the dung beetle’s ability to adjust its rolling direction based on environmental
cues, we use the tangent function, which only considers values within the interval [0, 7]
where 0 is the deflection angle, constrained within [0, 7]:

xi(t4+1) = x;(t) + tan(0) x |x;(t) — x;(t —1)] )

Here, (x;(t + 1)) represents the new position of the i-th dung beetle at the next iter-
ation, adjusted by the current position (x;(f)) and influenced by the change in direction,
which is guided by the tangent of the deflection angle (68). The term (tan(6)) determines
how sharply the beetle changes direction, with (0) constrained within the interval [0, 7]
to ensure a manageable turning angle that mimics natural beetle behavior. The difference
(]xi(t) — x;(t — 1)|) denotes the magnitude of the distance between the current and previ-
ous positions, representing the beetle’s past trajectory, which helps inform its new course.
This update equation allows the beetle to adjust its rolling direction smoothly, balancing
between its previous path and the environmental cues (e.g., the sun’s position or terrain
unevenness) represented by the deflection angle.

3.3.2. Boundary Selection Strategy

The boundary selection strategy mimics the dung beetle’s behavior in which the insect
selects appropriate ground in which to deposit eggs. The spawning area boundaries are
dynamically defined by

Lb* = max(X* x (1—R),Lb) 3)

Ub* = min(X* x (1+ R),Ub) (4)
where

X*is the current position known to be the best in local search.

Lb and U b represent, respectively, the lower and upper limits of the problem space.
R =1 — t/Tmax is adapted iteratively with the iteration number ¢ and the maximum
number of iterations Tmax.

This will make the area of spawning active and, thus, the search area dynamic, which
helps to enrich the pattern of the DBO algorithm further when searching for the solution.
This extension not only extends the optimization techniques but also enriches the usage of
bio-inspired algorithms in problem-solving processes by mimicking the peculiar behaviors
that are found in nature.
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3.4. Fick’s Law Optimization

Fick’s law is a basic law in physics and chemistry that defines the linear movement
of substances in a concentration gradient. Based on this principle, Fick’s law algorithm
(FLA) continuously reenacts the movement of diffusion in searching for better solutions.
Another important principle in diffusion is Fick’s law, which states that the rate of diffusion
increases with an increase in concentration gradient. The FLA further distorts this notion
in such a way that by relocating the positions of the molecular fragmentations in different
districts, they end up stabilizing positions, and the process works best. The optimization
process begins by initializing a population matrix X, represented as

X1,1 X12 ... ... X1,D
X2,1 X22 ... ... X2D
XN1 XN2 .-+ ... XN,D

where N is the population size, and D is the dimensionality per individual member of the
population. A typical element, X; ; of the matrix represents the j-th dimension of the i-th
molecule. The matrix is initialized with the following equation:

x;j = Ib+rand(1,D) x (ub — Ib) (6)

where [b and ub are the lower and upper bounds of the search space, respectively. The popu-
lation is split into two subfamilies, N1 and Ny, to measure their respective fitness. Molecules
move from regions of high concentration to low, guided by the iteration parameter TF',
defined by the following equation:

TF =sinh(*/ ) “ 7)

The representation of this algorithm is as follows, where ¢ is the current iteration
number, and T is the maximum number of iterations. The molecular position update
mechanism involves three distinct stages: diffusion operator (DO), equilibrium operator
(EO), and steady-state operator (SSO), which are used to find the best value for the system.
The updated equation is

DO if TF' <09
Xt={EO if09< TF <1 (8)
SSO if TF' >1

where (TF') in Equation (7) represents the transition factor at the current iteration (t), and
it is calculated using the hyperbolic sine function (sin h(%)d) , where (t) is the current

iteration number, (T) is the maximum number of iterations, and (c1) is a control param-
eter that determines the behavior of the transition function. The transition factor (TF')
influences the algorithm'’s ability to explore or exploit the search space over time.

In Equation (8), (X!) denotes the position of the (i)-th molecule at the (f)-th iteration,
which is updated through different operators based on the value of (TF'). If (TF' < 0.9),
the diffusion operator (DO) is applied, facilitating exploration of the search space. If
(0.9 < TF' < 1), the equilibrium operator (EO) is used, balancing exploration and ex-
ploitation. Finally, if (TF' > 1), the steady-state operator (SSO) is applied, emphasizing
exploitation to refine the solution in the later stages of optimization.
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3.4.1. Exploration Phase

In the diffusion-only phase where TF! < 0.9, the transports of molecules from
one region to the other occur with respect to the concentration gradient. The parame-
ter guiding this transfer, Typo, is defined by

Tho = C5 x TF; — 1, )

The constant Cs is normally set to 2, and r is a random number generated from a
uniform distribution with expectations in the ranges 0 and 1. The direction of molecule
movement is determined by

. L t
¢ [ from i to]‘, Tpo < rand (10)
PA) from jtoi;others
The number of molecules moving from region i to j is calculated as follows:
NTij ~ X;xrlx (C4 — C3) + N; x C3 (11)

where Cj, and C4 are other constants, and r1 is another random number between 0 and 1.
This optimization framework is able to capture the diffusion process, and the search space
can be adapted dynamically in accordance with the natural diffusion laws alluded to by
Fick’s second law.

In Equation (9), (T},) represents the transfer parameter during the diffusion operator
phase, which determines the movement of molecules from one region to another. The
parameter (T},) is calculated using a constant (Cs), typically set to 2, and the current tran-
sition factor (TF;). The term (r) is a random number generated from a uniform distribution
between 0 and 1, introducing randomness to simulate natural diffusion behavior.

In Equation (10), the molecule movement direction between regions (i) and (j) is
determined by comparing the value of (T},;) with a random number (rand) from a uni-
form distribution. If (T},) is less than (rand), molecules move from region (i) to region
(j); otherwise, they move from region (j) to region (i). In Equation (11), the number of
molecules (NTj;) moving from the region (i) to the region (j) is calculated based on the
concentration of molecules in the region (i), denoted by (X;), multiplied by a random
number (r1) between 0 and 1. The constants (C3) and (Cy4) represent diffusion coefficients
that affect the movement, where (C3) accounts for local adjustments, and (Cy4) influences
the overall gradient. The term (N;) represents the number of molecules initially present
in the region (i), and the product (N; x C3) ensures the diffusion process respects the
molecule distribution in the current region.

3.4.2. Transition Phase from Exploration to Exploitation

As the system moves from exploration to exploitation, binding modes become ex-
tremely important in setting all those molecular positions and adjusting them so that they
will be stable at an equilibrium position. The result will be at equilibrium in which all
parts of the region across a level surface are equally flat, and this process makes it easy to
conduct very detailed searching near the current best solutions. This systematic transition
is critical to both expose potential solutions more thoroughly and avoid missing local
nuances within the search space by subsetting out observations based on probabilities.
The FLA can navigate complex optimization landscapes using switches between wide ex-
ploratory movements and fine exploitative adjustments to identify global optima without
prematurely converging upon local optima. This balanced methodology is fundamental
to the effectiveness of this algorithm with a variety of optimization problems. The second
phase is stricken in Fick’s law algorithm (FLA) as it indicates the proper transition from
the initial exploration phase, when individuals appear to discover fresh things, to focused
exploitation, gathering the last bits of information. It occurs via the equilibrium operator
(EO), which makes molecules move to an equilibrium state, where their concentration is
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stable in all parts of the system. This is a key turning point; it focuses the search on the best
prospects that have been identified during exploration.

3.4.3. Equilibrium Operator (EO)

During the EO phase, molecules adapt their positions to balance out the concentration
gradients that become nearly negligible, effectively simulating the natural diffusion process
reaching a state of equilibrium. The position update during this phase is governed by the
following equation:

1
XEL = XEo  + Qhoe X Xb o+ Qho g X ( MS!, gy % Xbo o — Xb g ) (12)

where

. X;,/g and XtEO,g denote the positions in groups p and g.

. MS;/ o Tepresents the relative quantity of group g.

. QEO, p is the diffusion rate factor for the region of group g, calculated as follows:

Qro,g = Ri X DFg X DRFgq (13)
where
° DF; is the directional factor (41).
e R!isarandom number between 0 and 1.
e DRF Eo, ¢ represents the diffusion rate, defined by:
Tok0
t _p,
DRFgp,, = exp( TF ) (14)
* ], o is the flux, computed as
dct EO
e (15)
dxp,EO

where dc;,EO and dx;/ ro denote the concentration and position differences between regions
g and p, respectively. The flow of molecules is directed by minimizing the concentration
differences, effectively simulating the diffusion process as dictated by Fick’s law.

3.4.4. Optimization in Stable Phase

The stable phase of the algorithm involves refining the molecule positions. Where
each molecule moves towards the optimal position, the distance of movement is inversely
proportional to the fitness; molecules with higher fitness have smaller movement distances.
The updated formula for molecule positions in this stable phase is

X, = Dyipns X €' x cos (II x 27), (16)

where

e  X,: represents the new position. This is the result of the equation and indicates the
updated or new position after applying the transformation based on the other variables.

® Dyt This variable is a coefficient or parameter that scales the exponential and cosine
functions. It could represent a distance factor, a scaling factor, or some characteristic
value related to the system being modeled.

e ¢ This is the base of the natural logarithm (approximately equal to 2.71828). It is used
here in an exponential function to model growth or decay.

e  II This is a random number that balances global and local search efforts. It is calculated as

II=(Fc —1) x rand +1 (17)
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where

rand: A random number, typically between 0 and 1.
Fc: A control factor used to balance the exploration (global search) and exploitation
(local search) phases of an algorithm. It determines the extent to which the search
process should focus on exploring new areas versus exploiting known good areas.
When Fc is high, the algorithm tends to explore more globally; when Fc is low, it
focuses more on local searches.

e cos(Il x 2m): This is the cosine function, which introduces oscillatory behavior into
the equation. The argument II x 27 ensures that the cosine function cycles through its
periodic behavior, contributing to the new position Xe.

In summary, this equation Xe uses a combination of exponential growth/decay and
oscillatory (cosine) behavior, influenced by a random factor II that is itself controlled
by Fc, to determine a new position in a search or optimization process. The aim is to
balance between exploring new areas and exploiting known good areas in the search
space. Total time complexity calculation: The total time complexity of the FLAS across all
phases, considering the complexity contributions from different phases, can be aggregated
as follows:

O(FLA) = O(N x D) + O(T x (O(NT12 x D) +O((N/2 — NTyp) x D)) +

(18)
O((N/2 - Ntmnsfer) X D) +6 X O(N/2 x D))
Simplifying this, considering the largest terms dominate in Big O notation, particularly
when T is large:
O(FLA) =O(N xD)+O(T x8xN/2x D)
=0O(NxD+4xTxNxD,) (19)
=O(NxDx (1+4xT))

This formula illustrates that the time complexity of FLA is linear with respect to both
the population size and the dimensionality, and it scales linearly with the number of itera-
tions multiplied by a factor of three. This demonstrates that while the algorithm is efficient
per iteration, its overall computational expense grows significantly with increasing itera-
tions and population size, which is a common trait among population-based optimization
algorithms.

In Equation (18), the total time complexity of the FLA, (O(FLA)), is calculated by sum-
ming the contributions of different phases in the optimization process. The term (O(N x D))
refers to the complexity of initializing the population with (N) population members and (D)
dimensions. The subsequent terms, (O(T x (O(NTy; x D))) and (O((N/2 — NTy3) x D)),
represent the complexities associated with managing the diffusion of molecules and the
handling of nontransferred molecules during the optimization process across (T) iterations.

The terms (O (Ntmns fer X D)) and (O (N /2 — Nyransfer X D)) correspond to the complexi-

ties related to the molecule transfer phase. The final term, (6 x O(N/2 x D)), accounts for
additional operations involved in the optimization.

In Equation (19), the simplified form of the total time complexity emphasizes that
the most dominant terms contribute to the overall computational expense. By simpli-
fying the expression, we see that the total time complexity, (O(N x D x (1+4 x T))),
grows linearly with both the population size (N) and the dimensionality (D), as well
as with the number of iterations (T). This result highlights that while the algorithm
is efficient on a per-iteration basis, its overall computational load increases with larger
population sizes and more iterations, which is a characteristic trait of population-based
optimization algorithms.

In this section, we elaborate on the dung beetle optimizer (DBO) and Fick’s law
algorithm (FLA) to explain how each formula contributes to the optimization process and
how the variables and parameters interact to drive the solution toward the optimal point.
In Equation (1), the key variables such as (x;(t + 1)) (representing the updated position of
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the ith individual) and (x;(¢)), (x;(t — 1)) (representing current and past positions) allow
the DBO to balance exploration based on prior movements. Parameters like () and (k)
adjust for the effects of external factors and directional changes, while (Ax) ensures that the
algorithm can avoid local optima by considering the worst position observed. This enables
the DBO to efficiently explore the solution space and make meaningful adjustments.

Similarly, Equation (2) governs the rolling direction adjustment of the population
based on environmental cues, using the tangent function to fine-tune the position updates.
The deflection angle (0), within the interval [0, (7r)], controls how much adjustment is made,
allowing the optimizer to maintain its path while correcting direction when necessary.

In FLA, diffusion principles are applied in Equation (8) and the subsequent related
equations. These equations simulate molecular diffusion as a way to spread out and refine
solutions based on the concentration gradients between areas of the search space. Variables
such as (Tpo), (NTj;), and the iterative concentration updates ((Ac)) ensure that solutions
are adjusted with precision, moving towards equilibrium through controlled diffusion.
Equilibrium operators (Equation (12)) stabilize the molecular positions, ensuring balanced
search efforts.

The final time complexity equations (Equations (18) and (19)) offer a comprehensive
evaluation of the computational expense of the algorithm, ensuring that the proposed
method maintains efficiency even as the number of iterations or population size grows.

By explaining these equations in detail, we clarify how DBO and FLA integrate
exploration and exploitation mechanisms, systematically driving the population toward
optimal solutions. This breakdown highlights the precision with which the optimization is
carried out, leveraging biological and physical principles to improve model performance.

Algorithm 1 describes the detailed process of hybrid optimization, combining the
dung beetle optimizer (DBO) and Fick’s law algorithm (FLA), integrating 18 equations that
collectively form the backbone of this optimization framework. Each of these equations
plays a critical role in shaping the exploration—exploitation balance, parameter updates,
and boundary conditions essential for the hybrid optimization’s success.

The process begins with the initialization phase, governed by equations that determine
the initial positions and fitness evaluations of the population members. Equation (5) defines
the population matrix, while Equation (6) initializes the individual elements within this
matrix. These equations ensure that the search space is appropriately covered and that each
individual starts with a diverse set of parameter configurations.

During the exploration phase, the DBO’s update rules, encapsulated in Equation (1),
drive the population’s movement across the search space. The role of Equation (1) is to
emulate the navigational strategy of dung beetles, which helps the optimizer efficiently
traverse the solution landscape and escape local optima. Meanwhile, boundary selection
strategies, defined by Equations (3) and (4), ensure that the individuals remain within the
allowable search space by dynamically adjusting the bounds based on the best-known
solutions. This guarantees that the optimizer maintains control over the search domain
while enabling sufficient exploration.

As the algorithm transitions from exploration to exploitation, FLA comes into play,
with Equation (2) governing how solutions are fine-tuned based on the fitness evaluations
of neighboring individuals. This refinement process is critical for ensuring that the solutions
converge toward the global optimum by focusing on exploitation and fine-tuning the results
after a broader exploration phase. The transition between the exploration and exploitation
phases is further reinforced by equations like Equation (7), which defines the iteration
parameter guiding the switching behavior between these phases.

Within the exploitation phase, Equations (8)—(12) dictate the update strategies for
refining the solution space. These equations introduce concepts from Fick’s law, simulating
diffusion processes that allow the optimizer to adjust molecular positions effectively. This
phase ensures that solutions are thoroughly explored within localized areas, refining
the precision of the optimizer’s movements toward the most promising regions of the
search space.
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Additionally, the boundary adjustments and population refinement techniques are
continually updated using Equations (13)—(15), which define the diffusion rate factors
and concentration gradients. These equations simulate molecular interactions, ensuring
that the optimization process smoothly transitions from global to local searches while
maintaining accuracy in the adjustments. Equation (16) provides further refinement by
updating the positions based on exponential and cosine functions, balancing exploration
and exploitation.

The iterative nature of the algorithm is captured by Equation (18), which calculates
the total time complexity of the process. This complexity depends on population size,
dimensionality, and iteration counts, showing the efficiency of the algorithm across different
scales. Equation (19) simplifies the complexity, demonstrating that while the algorithm is
computationally intensive, it maintains efficiency even as iterations increase.

Together, these 18 equations define how DBO and FLA interact to guide the population
toward optimal solutions, balancing broad exploratory searches with precise exploitation.
The interaction between these equations ensures that the hybrid optimization is robust,
adaptable, and capable of producing high-quality solutions for the pneumonia detection
model. Each step of the algorithm is grounded in these equations, providing a mathemati-
cally rigorous framework that supports the optimization’s convergence to an optimal set of
parameters.

Algorithm 1: Detailed hybrid DBO and FLA optimization process.

1: Input: Population size N, parameter bounds parameter_bounds, objective function obj_func,
maximum iterations
max_iterations
: Output: Best found parameters and corresponding loss
: Initialize population with N individuals randomly within parameter_bounds
: Evaluate fitness of each individual in population using obj_func
: Identify best_idx with the lowest fitness
: for iteration <— 1 to max_iterations do
Exploration phase using DBO
fori< 1toNdo
Apply DBO update rule to population[i] using the best individual population[best_idx]
See Equation (1)
10: Ensure population[i] respects parameter_bounds by clipping or wrapping
11: end for
12: Evaluate fitness of the updated population
13: Sort population by fitness ascending
14: Exploitation phase using FLA
15: fori+ 1toN — 1do
16: if fitness[i] > fitness[i + 1] then Condition for FLA interaction
17: Apply FLA update between population[i] and population[i + 1] based on their fitness
See Equation (2)
18: end if
19: end for
20: Re-evaluate fitness of the modified population
21: Update current_best_idx if a new lower fitness is found
22: if fitness[current_best_idx] < fitness[best_idx] then
23: best_idx < current_best_idx
24:  Update global best solution with population[best_idx] and its fitness
25: end if
26: Optionally record history or intermediate outputs for analysis
27: end for
28: return population[best_idx], fitness[best_idx]

O 0 NS U W N
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Although all 18 equations play a critical role in shaping the hybrid optimization
framework, we chose to integrate only Equations (1) and (2) explicitly in Algorithm 1 to
maintain clarity and focus on the core mechanics of the algorithm. These two equations
encapsulate the primary operations of the dung beetle optimizer (DBO) and Fick’s law
algorithm (FLA), which are the fundamental drivers of exploration and exploitation in the
optimization process. Equation (1) governs the DBO’s position update mechanism, which
allows the algorithm to explore the search space efficiently by simulating the dung beetle’s
navigation strategy. Similarly, Equation (2) directs the fine-tuning adjustments during the
FLA exploitation phase, ensuring precise refinement of solutions.

By highlighting these two equations, we emphasize the novel contributions of the
hybrid optimization process without overburdening the reader with excessive mathematical
details. The remaining equations, though crucial, serve as supportive mechanisms for
initialization, boundary adjustments, diffusion rates, and convergence criteria, which are
standard components in most evolutionary algorithms. Therefore, while Equations (3)-(18)
ensure the algorithm’s completeness and effectiveness, they are not explicitly included in
Algorithm 1 to avoid overwhelming complexity. This approach allows us to strike a balance
between showcasing the algorithm’s innovative components and maintaining readability
for those less familiar with the intricate mathematical foundations of the entire process.

3.5. CNN Architecture

The input size 224 x 224 is used to process each image with three color channels in
the convolutional neural network coded for this study. The architecture begins with a
convolutional layer containing 32 filters, each of size 3 x 3 with an ReLU activation function,
as it allows for nonlinearity to be introduced into our model. Next, a max-pooling layer
with a2 x 2 window to perform spatial dimensionality reduction lowers the computational
cost. Each subsequent layer copies this structure and contains 32 more filters of the same
size (32 in total) before one more 2 x 2 max pool layer. In order to prevent overfitting,
after the second pooling operation, a large dropout rate of 80% is used, which somehow
turns off a share of feature detectors during the training at random and thus makes the
net learn more robust features. Following convolutional and pooling layers, the network
flattens the multidimensional output of the convolutional and pooling layers into a one-
dimensional array that feeds into a fully connected neural network. The fully connected
segment of the network has 128 neurons and constitutes a dense layer with ReLU activation
function again to keep up with nonlinearity. The output layer is the final layer that has
two neurons for the two class predictions and uses a SoftMax activation function since we
want the predicted class labels to be output as a probability distribution over all the class
labels. Adam optimizer is used to optimize the architecture with a learning rate of 0.001.
The network is trained to minimize cross-entropy loss, which is a commonly used choice
in classification problems. The model performance is further improved by using early
stopping, which stops training if the validation loss does not decrease for ten consecutive
epochs, together with the learning rate reduction technique, which decreases the learning
rate by five times if no improvement is observed in five epochs, down to a minimum value
of 0.0001. It does so by automatically training the model based on different learning rates
while at the same time adjusting the learning rate to validation performance, thus avoiding
overfitting on the training set and maintaining robustness with unseen data. The model
has trained 25 epochs by feeding it batches of 16 images and data augmentation being
performed in real time (random rotations, width, and height shifts, horizontal flips) to
allow the model to generalize. The result of this architecture of the model is presented
in Table 2.



Electronics 2024, 13, 4042 16 of 22
Table 2. Parameters of the convolutional neural network architecture.
Parameter Value
Input Image Size 224 x 224 x 3
Convolution Layers 2
Filters per Conv Layer 32
Filter Size 3x3
Activation Function (Conv Layers) ReLU
Pooling Layers 2
Pooling Type Max Pooling
Pooling Window Size 2x2
Dropout Rate 0.8
Dense Layers 1
Neurons in Dense Layer 128
Activation Function (Dense Layer) ReLU
Output Layer Neurons 2
Activation Function (Output Layer) Softmax
Optimizer Adam
Learning Rate 0.001
Loss Function Categorical Cross-entropy
Batch Size 16
Epochs 25
Data Augmentation Rotation, Width and Height Shift, Horizontal Flip
Early Stopping Patience 10 epochs
Reduce LR on Plateau Factor 0.2
Minimum LR 0.0001

4. MobileNet Architecture

In the next subsection, the architecture of the MobileNet pretrained frameworks is
used based on depthwise separable convolution. That structure factors the convolution
into depthwise and pointwise layers, reducing the load of computation and model size
drastically while retaining robustness. This is optimized for MobileNet and a great use case
in embedded vision applications, reducing the sizes of parameters well and working quite
satisfactorily to date. The model is designed for medical image analysis, with an input
shape of 224 x 224 pixels and three color channels. To avoid overfitting, a modified version
of MobileNet was obtained by integrating two dense layers—one with 1024 neurons and
another with 512—each with attached dropout rates of 10% and 50%, respectively. We used
a final softmax layer to classify the images into two classes (normal and pneumonia).

Extensive tuning of hyperparameters was performed in order to improve the perfor-
mance of the MobileNet model. Different key hyperparameters like learning rate, dropout
rate, number of dense layers, and batch size were carefully tuned in order to have an
optimal model learning using the Adam optimizer while setting the loss function as cate-
gorical cross-entropy. In order to improve the outcome of this experiment further, some
augmentation techniques like random rotation, horizontal flip, width, and height shift were
performed during training time. These techniques are important in preventing overfitting
in a model, as are dropout and normalization, enhancing the generalizing capability from
training data onto new, unseen images. By exposing the model to a wider array of sce-
narios that naturally occur in medical imaging, we make it significantly more robust and
applicable to real-world clinical settings.
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It was applied on 25 epochs, incorporating early stopping and learning rate reduction
strategies to tune, check convergence, and avoid overfitting. Data are divided into training,
validation, and test sets to ensure that the model generalizes unseen statistics well. It was
compared to the baseline CNN model to check the performance of the MobileNet model.
With MobileNet, the performance in classification was improved with a more homogeneous
accuracy, improving behavior across classes, especially relevant in medical diagnostics,
which is the balance of misclassifications.

Accuracy of MobileNet Model: 98.19% Above the CNN model, the minimum was
around 95.35%. Precision, recall, and F1-score: Other metrics from the confusion matrix
also supported the good performance of the MobileNet-based model, showing that both
precision (edge towards false positive) and recall values are high, i.e., good sensitivity
and low false positive rate. This amount of scrutiny interpolated to the confusion matrix
analysis also showed how well our model can categorize both types. A pipeline was
designed for evaluation using various criteria; after experimental results from a good
dataset, it was concluded that with its features, the model is able to distinguish pneumonia
from nonpneumonia diseases more efficiently.

5. Results and Discussion

As a result of the experiments, images were split into two categories (CNN), and
MobileNet architectures were used. In terms of classification for this particular task,
these two operated like black boxes: NORMAL and PNEUMONIA. The CNN model
achieved an overall accuracy rate of 95.35 & 1.48%. The precision for NORMAL was
96 + 1.38% while that of PNEUMONIA was 94 £ 1.67%, so considering F1-scores exceeding
95 £ 1.53% from both categories, this is all very good performance. For NORMAL, sen-
sitivity was roughly 94.38 + 1.63%, with a specificity of 96.38 + 1.32%. The results were
the opposite of PNEUMONIA. Its sensitivity, on the other hand, hit a higher 96.38 £ 1.32%
and specificity 94.33 £ 1.63%, respectively. MobileNet, however, still came out ahead
with superior results: its accuracy reached 97.94 £ 1.00%. It achieved a precision of 99
=+ 0.70% for NORMAL as well as 97 & 1.20% resistance in the case of pneumonia, while
F1-scores for these were both 9898 + 0.99%. For NORMAL, sensitivity zoomed all the
way up to 9797 £ 1.20%. A specificity of 98.97 & 0.71% was equally good. PNEUMONIA
sensitivity was even higher than this at 99 & 0.70% and specificity only slightly lower, or
96.91 £ 1.22%. It achieved an accuracy of 98.19 £ 0.94%. MobileNet was further optimized
using a combination optimization technology. In this optimized environment, NORMAL
achieved an impeccable precision of 100% and a sensitivity of 97 & 1.20%, plus an outstand-
ing specificity of 99.74 £ 0.31%. In the case of PNEUMONIA, its performance followed
suit: the precision rate came to 97 £ 1.2%, with sensitivity standing at an impressive 100%
and specificity reaching 96.65 £ 1.27%. These results are displayed in Table 3.

Comparing what is in the table, this analysis shows how well our convolutional
neural network (CNN) and MobileNet designs detected pneumonia compared with other
research models that produced lower results for performance indicators. An accuracy
of 95.35 + 1.48% was achieved by our main CNN model, along with identical precision
and recall, as well as an F1-score that was equal in all categories. This indicates balanced
performance even across various categories in which different classes of pneumonia cases
are diagnosed. When the hyperparameters of the MobileNet architecture were fine-tuned,
accuracy improved to 97.94 &£ 1.00%. Also, when a hybrid optimizer was further applied to
the MobileNet, we saw a slight increase in accuracy, now to 98.19 & 0.94%. At the same time,
high-performance levels were maintained, as measured by all metrics. This optimization
highlights that just making minor changes can have a major impact on how efficient and
accurate the model is when ultimately used for medical imaging tasks. Figure 3 shows the
performance of these models.
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Table 3. Comparison of classification models.
Metric CNN MobileNet ﬁggﬁ:zNei
Accuracy 95.35 &+ 1.48% 97.94 £+ 1.00% 98.19 £ 0.94%
NORMAL
Precision 96 £+ 1.38% 99 £+ 0.70% 100%
Recall 94.38 £+ 1.63% 97 +1.20% 97 +1.20%
F1-score 95 + 1.53% 98 £+ 0.99% 98 £ 0.99%
Specificity 96.38 £ 1.32% 98.97 £ 0.71% 99.74 £ 0.31%
PNEUMONIA
Precision 94 £+ 1.67% 97 +1.20% 97 £1.2%
Recall 96.38 £+ 1.32% 99 £+ 0.70% 100%
F1-score 95 + 1.53% 98 4 0.99% 98 £ 0.99%
Specificity 94.33 £ 1.63% 96.91 £+ 1.22% 96.65 + 1.27%
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Figure 3. Comparative performance analysis of CNN (a), MobileNet (b), and optimized MobileNet
(c) models across training epochs.
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Figure 4 illustrates a comparison between the actual and predicted classifications for a
chest X-ray labeled as “NORMAL”. The left panel displays the original chest X-ray image,
showcasing a clear lung structure with no visible abnormalities indicative of a healthy
condition. The right panel presents the corresponding predicted result from the model,
overlaid with a Grad-CAM (gradient-weighted class activation mapping) heatmap. This
heatmap highlights the regions of the image that the model considered most influential
in making its classification decision. The areas in warmer colors (yellow, red) denote
the regions with higher relevance to the model’s decision-making process, while cooler
colors (blue, green) indicate regions of lower importance. The model correctly classifies the
image as “NORMAL”, as evidenced by the alignment of the heatmap’s focus on relevant
areas, such as the lung fields, confirming the model’s interpretability and the accuracy of
its classification.

(b)

Figure 4. Comparison of actual chest X-ray NORMAL (a) and model prediction with Grad-CAM
heatmap highlighting key regions influencing the classification (b).

The references selected for this research led us to the conclusion that these articles
produced subpar results. For example, one study utilized a U-Net architecture and transfer
learning for CXR picture classification, achieving a mere 93.06% accuracy, which is far
lower than our own methods. Another study employing a fuzzy-enhanced deep learning
technique known as CovNNet achieved an accuracy of 80.9%. This information is shown
in Table 4. This comparison demonstrates our models’ superior ability to accurately
differentiate pneumonia cases using imaging data. It also confirms the benefits of our
advanced machine learning techniques and optimization strategies by showing that other
studies report findings that have a lesser impact on scientific contribution. Figure 3 shows
the result of our system’s prediction.

Table 4. Comparison of AI methods for chest X-ray detection.

Ref. Method Accuracy Precision Recall F1-Score

[27] Trained output-base transfer 96.82% 95.97% 97.54% 96.74%
earning model

[25] U-Net architecture and 93.06% 88.97% 96.78% 92.71%

transfer learning
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Table 4. Cont.
Ref. Method Accuracy Precision Recall F1-Score
fuzzy-enhanced deep learning o o o _
[29] method called CovNNet 80.9% 85.2% 82.5%
[33] ANN with ABC for reglon-based 92.379% . ) .
fractal analysis
[34] Combines handcrafted, radiomic, 94.1% 94.5% 94.1% 94.0%
deep features
Proposed hybrid model combining MobileNet g¢ 19, 5940, 98+ 0.99% 98 + 0.99% 98 = 0.99%

with attention mechanism

In addition to presenting statistical results such as algorithm recognition rates, we
conducted a comprehensive exploratory analysis of the diagnostic data utilized in our
study. This analysis provides insights into the overall distribution and characteristics of the
X-ray images, including both NORMAL and PNEUMONIA cases. By examining the entire
dataset rather than selected samples, we aim to offer a more intuitive understanding of the
diagnostic challenges and the algorithm’s performance across diverse cases. Furthermore,
we discuss the intrinsic limitations of our model, which prevent a 100% recognition rate.
Factors such as image quality, variations in disease presentation, and inherent ambiguities
in medical imaging data contribute to these limitations. These aspects underscore the
complexities of medical diagnosis and highlight why certain images remain challenging
for automated systems to interpret correctly. This discussion is crucial for contextualizing
the capabilities and boundaries of computer-assisted diagnostic systems in real-world
medical settings.

6. Conclusions

Previous works within the field that have explored detailed learning experiences
of a deep convolutional neural network, CNN, and MobileNet models for pneumonia
recognition showcased a significant performance in classifying X-ray images labeled as
“NORMAL” or “PNEUMONIA”. Not only are they highly accurate, but they are also
very time-efficient in medical diagnostics, which is crucial during health crises like the
COVID-19 pandemic. CNN model: Our CNN showed a good result, and it gave an overall
accuracy of 95.35%, which is high in comparison with most works, especially having
balanced precision, recall, and F1-scores on both classes (NORMAL, PNEUMONIA). These
results were further boosted by a MobileNet architecture to 97.94% accuracy, and the hybrid
optimization method was able to push this number up slightly more, reaching an accuracy
of 98.19%. These results provide confirmation of the models, as well as demonstrate that
deep learning and optimization techniques may be utilized to improve diagnostic accuracy
even more. Additionally, the utilization of a range of optimization algorithms, e.g., dung
beetle optimization, as well as utilizing Fick’s law, was incorporated in the process to
enhance and explain further algorithmic efficiency patterns assumed within digital image
processing frameworks. These strategies have expanded the field of Al in healthcare,
providing some innovative measures to approach complicated diagnostics.

This work demonstrates the power of using state-of-the-art neural nets in the analysis
of medical images and emphasizes the importance of using innovative Al technologies to
enhance the diagnostic process, which is crucial for timely disease identification. In the
future, this research may look at expanding on the dataset using multimodal data and
how we can supplement metaheuristic algorithmic changes to even further extend the
possibilities of Al capabilities in healthcare.

One limitation of the current study lies in its reliance on a single modality of
data—chest X-ray images. While the results indicate that the proposed hybrid optimization
framework improves pneumonia detection, its applicability to other pathological diagnoses
using different medical imaging techniques remains unexplored. Furthermore, the dataset
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size, although sufficient for this task, may not fully capture the variability seen in larger
and more diverse populations, potentially limiting the model’s generalizability to different
patient groups. Future research should focus on expanding this approach to multimodal
data, integrating CT scans, MRI, or even clinical records and genetic data to enhance the
robustness and accuracy of diagnoses across a broader spectrum of diseases. Additionally,
exploring the application of this framework to other critical diseases, such as tuberculosis or
lung cancer, could provide valuable insights into its versatility. Further work on optimizing
computational efficiency and testing the model in real-world clinical settings would also
be beneficial.
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