
IAES International Journal of Artificial Intelligence (IJ-AI) 

Vol. 14, No. 6, December 2025, pp. 5120~5130 

ISSN: 2252-8938, DOI: 10.11591/ijai.v14.i6.pp5120-5130      5120 

 

Journal homepage: http://ijai.iaescore.com 

Chest X-ray image classification using deep belief network with 

Al-Biruni earth radius and particle swarm optimization 
 

 

Rakesh Selva Raj1, Pavan Kumar Madalu Palakshamurthy2, Bidarakere Eswarappa Rangaswamy3 
1Department of Information Science and Engineering, Adichunchanagiri Institute of Technology, JNNCE Shimoga affiliated to 

Visvesvaraya Technological University, Belagavi, India 
2Department of Information Science and Engineering, Jawaharlal Nehru New College of Engineering, affiliated to Visvesvaraya 

Technological University, Belagavi, India 
3Department of Academics, Visveswaraya Technological University, Belagavi, India 

 

 

Article Info  ABSTRACT  

Article history: 

Received Dec 7, 2024 

Revised Oct 27, 2025 

Accepted Nov 8, 2025 

 

 Chest X-ray (CXR) is a widely employed radiological clinical assessment 

tool that provides a quick and effective means of classifying various diseases 

using CXR images. However, several researchers face challenges with CXR 

images due to imbalanced datasets and image quality issues. Pre-processing 

is performed using contrast limited adaptive histogram equalization 

(CLAHE) to enhance image quality and mitigate noise in the data. The 

synthetic minority oversampling technique (SMOTE) is applied to create 

synthetic samples for the minority class and handle class imbalance. The 

MobileNetV2 performs depth-wise separable convolution is used for feature 

extraction, while maintaining high efficiency for CXR images. This research 

proposes a deep belief network (DBN) to classify CXR, which helps capture 

hierarchical features and complex patterns in CXR images. The combination 

of particle swarm optimization (PSO) and Al-Biruni earth radius (BER) 

method is employed for hyperparameter tuning with enhanced DBN 

classification accuracy. Furthermore, BER is integrated with the PSO 

algorithm to balance exploration and exploitation while the fitness function 

is fine-tuned for optimal DBN classification performance. The proposed 

PSOBER-DBN achieves a high accuracy of 99.86% on the CXR14 dataset, 

in comparison to existing techniques such as the multi-level residual feature 

fusion network (MLRFNet). 
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1. INTRODUCTION  

Chronic lung disease is a life-threatening condition that occurs due to the collapse of the respiratory 

system. Increased air pressure in the lungs restricts expansion, resulting in breathing difficulties [1]. Chest  

X-ray (CXR) play an essential role in detecting a variety of chest diseases affecting organs such as the heart, 

lungs, and bones. The CXR images are classified using deep learning (DL)-based techniques for enhanced 

performance with medical images, reducing of image noise, and for alleviating workloads by expediting 

diagnosis [2], [3]. Expert radiologists manually analyse CXR images to identify marks and signs of the 

disease. CXR imaging is particularly helpful in diagnosing chest-related diseases like pneumonia and other 

lung diseases, as it offers a detailed view thoracic cavity [4], [5]. Fourteen classes are used in CXR image 

classification, but are not balanced, presenting a challenge during neural network training. Data imbalance 

https://creativecommons.org/licenses/by-sa/4.0/
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causes models to become biased toward majority classes, which impacts overall accuracy. Reducing the size 

of each class to match the minority class may appear to be a reasonable solution, but it introduces additional 

problems [6], [7]. The key novelty of this research, setting it apart from other investigations, includes the use 

of CXR image enhancement DL algorithms, lung feature extraction, activation mapping, and max pooling to 

connect visualizations and ensure accurate outcomes [8]. Most studies have focused on binary or multi-class 

classification using CXR images from individuals with various diseases and healthy controls [9]. However, 

these methods often suffer from limitations that affect classification accuracy [10], [11]. Additionally, certain 

characteristics of CXR images, such as overlapped organs, blurred boundaries, and low contrast lead to 

inaccurate diagnoses of pneumonia. These challenges are addressed through image quality enhancement 

using pre-processing techniques and pre-trained networks, which are commonly applied in various medical 

imaging tasks [12], [13]. As a result, there is a growing demand for the DL method to assist radiologists in 

decision-making for enhanced classification accuracy.  

In order to address the need for accurate and automatic interpretation of CXR images, numerous 

studies have employed advanced DL approaches with promising results [14], [15]. Most existing studies 

suffer from class imbalance and image quality issues due to the limited count of CXR image samples, 

significantly reducing efficiency of DL classifiers. This research hence proposes a novel particle particle 

swarm optimization (PSO) with Al-Biruni earth radius (BER) based on deep belief network (DBN) technique 

for classification of CXR images with enhanced accuracy. The PSOBER-DBN approach consistently adjusts 

values and updates population size for identifying the best position. The study considers an account of 

existing DL algorithms used for CXR image classification, along with their advantages and drawbacks. 

Shamrat et al. [16] presented a fine-tuned MobileLungNetV2 model for the analysis of CXR images through 

the effective classification of X-ray images using the CXR14 dataset. A lightweight model was deployed for 

various classes of the CXR to address the need for extensive training from scratch. However, the 

MobileLungNetV2 struggled to process different types of X-ray images and faced imbalance issues, 

ultimately affecting classification performance. Li et al. [17] implemented multi-level residual feature fusion 

network (MLRFNet) for image classification using the CXR14 dataset. The model’s generated classification 

vectors enabled the network to incorporate spatial location information for specific diseases in its predictions. 

However, although MLRFNet incorporated mechanisms to improve generalization, the added complexity 

from multiple feature fusion layers still led to overfitting, which affected the accuracy. 

Jin et al. [18] suggested a multi-label classification approach for fine tuning of the convolutional 

network next (ConvNeXt) network using the CXR14 dataset. Visual vectors were combined with semantic 

vectors encoded by several features, taking into account relationships through a weighted metric loss between 

images and labels. However, ConvNeXt features struggled to capture the high dimensionality due to varying 

dimensions, which affected the classification accuracy. Mezina and Burget [19] developed a neural network 

for CXR analysis and introduced a specific loss function for multi-label classification, known as the 

asymmetric loss function (ASL). The neural network with a binary cross-entropy (BCE) loss function was 

fine-tuned to extract global features at different scales from input images. The challenge with BCE was its 

sensitivity to minority classes, which led to overfitting, particularly due to its high sensitivity to noise, where 

false positives and negatives carried different cost implications for risk management. Jin et al. [20] 

introduced a cross-model deep metric learning generalized zero-shot learning (CM-DML-GZSL) method. A 

weighted focal Euclidean distance loss function was designed to emphasize hard samples, helping the model 

classify more effectively and achieve higher accuracy. However, the CM-DML-GZSL model's cross-model 

DL approach and loss function computation introduced significant overhead, which affected overall 

performance. Irtaza et al. [21] considered the various pre-trained methods such as MobileNet, DenseNet, 

EfficientNet, InceptionV3, VGG-16 and Xception for the multi-label lung disease classification. The target to 

enhance an effectiveness of those methods through the experimentation by parameter optimization. The 

MobileNet generated the optimal outcomes as compared to other approaches. The deep convolutional 

generative adversarial network (GAN) was implemented to generate the synthetic X-ray images which 

involved diverse pathologies already involves in the selected imbalanced dataset. In the overall analysis, 

existing techniques suffered from limitations such as class imbalance and image quality issues due to the 

limited number of CXR image samples, significantly reducing the efficiency of DL classifiers. 

The key contribution of this research are: 

‒ This research proposes a PSOBER model for fine-tuning the hyperparameters of the DBN, ensuring that 

the model is trained with the most effective configuration for improved classification accuracy. 

‒ The PSO and BER are combined to perform hyperparameter tuning and efficient classification with 

high accuracy. This optimization approach identifies the best position by updating population size and 

adjusting values based on the iterations. 

‒ The synthetic minority oversampling technique (SMOTE) generates synthetic samples for minority 

classes for achieving a balanced class distribution and enhance learning from the decision boundary 

more effectively. 
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This manuscript is further organized as follows: section 2 details the functioning of the proposed 

PSOBER-DBN method, while section 3 discusses the results and comparative analysis, and finally, section 4 

concludes the study. 
 

 

2. PROPOSED METHOD 

In this research, a PSOBER-DBN is used for classifying CXR images which performs effectively 

due to its architecture, facilitating efficient feature reuse and improved gradient flow. The CXR14 dataset 

serves as the input, and pre-processing is applied using contrast limited adaptive histogram equalization 

(CLAHE) to enhance image contrast, making finer details in the X-ray images more visible. Feature 

extraction is carried out using the MobileNetV2 model, pre-trained on a large-scale dataset, which ensures 

high computational efficiency. The PSO algorithm is integrated with the BER method to form an optimized 

parameter tuning strategy, improving the classification accuracy of the DBN. Figure 1 presents the overall 

workflow of the proposed approach. 
 

 

 
 

Figure 1. Overall process of proposed method 
 

 

2.1.  Dataset description and exploration 

The chest X-ray 14 [22] dataset consists of 112,120 frontal CXR images collected from  

26,506 patients. All CXR images are presented in PNG format with the dimensions of 1024×1024. The 

CXRs are labelled with 14 classes of chest X-ray diseases which are as follows: atelectasis, infiltration, 

pneumothorax, consolidation, emphysema, fibrosis, effusion, pneumonia, pleural thickening, cardiomegaly, 

nodule, edema, mass, and hernia. The quantities of each disease type are not specified, and the dataset is 

highly imbalanced, posing a significant challenge for classification. Table 1 presents the training and testing 

split of the CXR14 dataset. 
 

 

Table 1. Training and testing of the CXR14 dataset 
Name of diseases No of training image No of testing image 

Atelectasis 3724 843 

Cardiomegaly 874 219 
Infiltration 7637 1910 

Mass 1711 428 

Nodule 2164 541 
Pneumothorax 1755 439 

Consolidation 1048 126 

Edema 502 126 
Emphysema 714 178 

Pneumonia 1194 299 

Pleural Thickening 901 225 
Fibrosis 582 145 

Hernia 88 22 

Total 21183 5323 
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2.2.  Pre-processing 

After data collection, the pre-processing phase addresses contrast and noise issues caused by various 

interference sources during the imaging process and data acquisition [23]. CLAHE is applied to enhance 

image contrast by processing small patches independently. Compared to other techniques like adaptive 

histogram equalization (AHE), CLAHE performs better in local contrast enhancement and effectively limits 

noise in the image. CLAHE enhances the natural appearance of images by redistributing gray levels within 

small patches using a user-defined threshold limit. The resulting CLAHE image exhibits a bell-shaped 

histogram similar to a Rayleigh distribution, whereas histogram equalization (HE) produces a uniform 

distribution. HE techniques often create saturated regions, while CLAHE provides smooth transitions of 

intensities between adjacent pixels, enhancing overall image quality. These pre-processed images are then 

balanced using SMOTE. 

 

2.3.  Data imbalance using SMOTE 

SMOTE [16] is applied to the training data from pre-processed images of the minority class. 

Initially, images are compressed to create a vector embedding for each image, which is then fed into the 

SMOTE algorithm. This algorithm uses an arbitrary factor in the latent space of the image to generate 

synthetic samples. Imbalanced data negatively impacts model quality, so SMOTE selects one or more nearest 

neighbors from the same class and creates synthetic instances by interpolating between selected instances and 

their neighbors. This process generates new, similar instances along line segments connecting existing 

instances in the feature space. The SMOTE approach aims to generate new minority class samples instead of 

duplicating existing ones. In chest X-ray datasets, certain diseases are underrepresented, leading to class 

imbalance. This causes the model to be biased toward majority classes, reducing its ability to accurately 

classify minority class instances. The process iterates until the minority class reaches a proportion similar to 

that of the majority class. The main goal is to improve classification by setting a maximum class weight for 

minority classes using weighting techniques. This approach avoids overfitting by generating new  

artificial samples for minority classes as needed. The balanced CXR images are then fed into feature 

extraction for classification. 

 

2.4.  Feature extraction 

After balancing the images, essential features are extracted from the balanced CXR images to 

provide a rich representation for the classification model. MobileNetV2 [24] is used for feature extraction, 

performing depthwise separable convolutions that reduce computation and the number of parameters while 

maintaining high efficiency for CXR images. MobileNetV2 is a lightweight convolutional neural network 

designed for efficient CXR image classification, enabling the model to quickly adapt to new features with 

improved performance. The goal of feature extraction is to capture relevant features from CXR images to 

achieve high classification accuracy. 

Without feature extraction, more complex models consume significantly more energy, especially 

when data is limited or insufficiently labeled. Directly processing raw images often leads to poor 

performance due to lower accuracy and a lack of structured information. MobileNetV2 stands out as a 

compact deep neural network that reduces model size and computational cost. It incorporates a linear 

bottleneck layer and an inverted residual block as key components. The linear bottleneck layer replaces the 

rectified linear unit (ReLU) activation function with a linear function. The core structure of MobileNetV2, 

known as the bottleneck residual block, uses max pooling to facilitate classification. After applying seven 

bottleneck residual blocks, the feature layer expands to 7×7×320. A global average pooling operation then 

reduces the feature dimension from 7×7×1280. Figure 2 illustrates the architecture of the MobileNetV2 

model. It provides adjustable parameters for the width and resolution of the input image size, allowing 

flexibility in processing CXR images. The feature-extracted images are then fed into the classification model 

for CXR image analysis. 

 

2.5.  Classification 

In this research, the proposed PSOBER-DBN technique employs hyperparameter tuning to optimize 

the search space by adjusting values to find the best position and updating the population size. The number of 

iterations is controlled through hyperparameter tuning to enhance classification accuracy. Proper 

hyperparameter tuning improves model performance on both training and validation datasets and enhances 

the model’s capacity to generalize to unseen data. It optimizes parameters such as learning rate and batch size 

to accelerate convergence and efficiently utilize computational resources, thereby reducing training time and 

costs. The PSO-BER approach effectively explores the global search space and avoids local minima. 

Compared to Bayesian optimization, the proposed method better balances exploration and exploitation, 

reducing the risk of suboptimal solutions and increasing the likelihood of finding the global optimum. 
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Figure 2. Architecture of MobileNetV2 
 

 

2.5.1. Hyper parameter tuning using PSOBER 

Hyperparameter tuning is crucial in CXR image classification to improve efficiency and achieve 

high accuracy. The PSO and BER techniques are combined to develop a hybrid optimization approach for 

parameter tuning, enhancing the accuracy of the DBN used in CXR image classification. The PSO algorithm 

employs a population of particles, each with its own velocity, which are adjusted iteratively. The velocity of 

the nth particle as it explores the search space is represented by a D-dimensional vector, as shown in (1). 

Each particle’s personal best position in the solution space is defined as its particular extremum, represented 

by specific notation. As particles identify both global and local extrema, their current velocity and position 

are updated, as expressed in (2) to (4). 
 

𝐾𝑛 = (𝐾𝑛1, 𝐾𝑛2, … , 𝐾𝑛𝑏𝐷), 𝑛 = 1,2, … , 𝑁 (1) 
 

𝑉𝑏𝑒𝑠𝑡 = 𝑉𝑛1, 𝑉𝑛2, … , 𝑉𝑛𝑏𝐷 , 𝑛 = 1,2, … , 𝑁 (2) 
 

𝐾𝑛(𝑠 + 1) = 𝑤𝐾𝑛(𝑠) + 𝑐1𝑟1 (𝐵𝑝 − 𝐵𝑛(𝑆)) + 𝑐2𝑟2(𝐵∗ − 𝐵𝑛(𝑡)) (3) 

 

𝐾𝑛(𝑠 + 1) = 𝐾𝑛(𝑠) + 𝐾𝑛(𝑠 + 1) (4) 
 

Where, 𝑤 stands for inertia weight, 𝐵∗ denotes the global ideal location, and 𝑐1 and 𝑐2 are learning variables 

randomly chosen between the range of 0 and 2. Particle velocity is indicated by 𝐾𝑛𝑚, while 𝑟1 and 𝑟2 are 

arbitrary integers between 0 and 1.  

The PSO method is employed in the proposed optimization technique to analyze the search space 

and enhance exploration. PSO updates the velocity of each particle based on the best position found by the 

entire swarm, improving the velocity of individual particles accordingly. PSO explores the global search 

space with a population of particles that move based on their own experience. BER performs exploitation by 

refining solutions to fine-tune hyperparameters, ensuring the best solutions are accurately identified. Other 

optimization methods lack the balance between local and global optima that the proposed PSO-BER 

approach achieves for CXR image classification. Therefore, PSO and BER combined effectively balance 

exploration and exploitation. The BER method works to find optimal solutions within specified constraints as 

part of the optimization algorithm. The search space is divided into two groups dedicated to exploration and 

exploitation, which improves search efficiency. To maintain a balance between exploitative and exploratory 

pursuits, agents dynamically shift between these subgroups. Increasing the number of agents in both 

exploration and exploitation groups improves their global average fitness. Before the BER optimization 

process begins, several parameters must be defined, including the fitness function (FF), which considers the 

maximum and minimum values allowed in the solution, population size, dimensionality, and the number of 

solutions. The fitness function evaluates solution quality by considering classification error and the number 

of selected features, both normalized between 0 and 1. The primary goal is to analyze the BER technique 

according to (5) to (7). 
 

𝑒 = ℎ
𝑐𝑜𝑠(𝑦)

1−𝑐𝑜𝑠(𝑦)
 (5) 

 

𝐷 = 𝑒1(𝑇(𝑠) − 1) (6) 

 

𝑇(𝑠 + 1) = 𝑇(𝑠) + 𝐷(2𝑒2 − 1) (7) 
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Where, 0 < 𝑦 ≤ 180 ℎ is an integer arbitrarily chosen within the interval [0,2] and the coefficient vectors 𝑟1 

and 𝑟2 are those whose values are determined using (13). At iteration 𝑠, 𝑇(𝑠) represents the solution vector, 𝐷 

denotes the diameter of the circle, where the search agent searches for promising regions. Equation (8) are 

applied to formulate the optimal solution. 

 

𝑇(𝑠 + 1) = 𝑟2(𝑇(𝑡) + 𝐷) (8) 
 

Where, 𝑟3 is an arbitrary vector calculated using (13). This movement controls the step forward for the best 

solution, 𝑇(𝑠) represents the solution vector at iteration 𝑠, 𝐿(𝑠) is a vector denoted by the best solution, and 

𝐷 represents the distance vector. These components work together to identify the best solution in the 

surrounding region of the optimal response. Based on the process described above, the BER operates 

according to (9) and (10). The optimal solution is denoted by 𝑇∗(𝑠), and it is chosen by first comparing 

𝑇(𝑠 + 1) and 𝑇′(𝑠 + 1). If the best fitness remains unchanged for two consecutive iterations, the solution 

undergoes mutation, as expressed in (11). 
 

𝑇′(𝑠 + 1) = 𝑟(𝑇∗(𝑠) + 𝑣) (9) 
 

𝑣 = 1 +
2×𝑠2

𝑀𝑎𝑥𝑖𝑡𝑒𝑟
2  (10) 

 

𝑇(𝑠 + 1) = 𝑣 ∗ 𝑧2 − ℎ
𝑐𝑜𝑠(𝑥)

1−𝑐𝑜𝑠(𝑥)
 (11) 

 

Where, 𝑧 denotes the arbitrary value between [0,1] and 𝑡 represents the number of iterations. The best 

solution in the BER technique is selected to improve performance, resulting in faster convergence. BER 

performs exploration or exploitation by adjusting initial parameters such as population size, iteration count, 

and mutation frequency. These parameters are dynamically modified throughout the iteration process to 

locate the best solution. The proposed PSOBER algorithm is employed to optimize the parameters of the 

DBN used for classifying input CXR images. The objective of combining PSO with the BER algorithm is to 

achieve fast convergence, enhanced exploitation of the search space, and an efficient exploration process. 

Algorithm 1 outlines the proposed PSOBER algorithm. 
 

Algorithm 1. The proposed PSOBER approach 
Begin BER population 𝐾𝑛(𝑛 = 1,2, . . , 𝑒) with size 𝑒, iteration 𝑀𝑎𝑥𝑖𝑡𝑒𝑟, fitness function 𝐹𝑚, 𝑑 =

1, 𝑚1, 𝑚2, 𝑎, 𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥1. 
Evaluate FF 𝐹𝑚 for each 𝐾𝑛 

Find better solution as 𝑘∗ 

While 𝑑 ≤ 𝑀𝑎𝑥𝑖𝑡𝑒𝑟 do 

If 𝑑%2 == 0 then 
For (𝑛 = 1: 𝑖 < 𝑚1 + 1) do 
Improve m is referring to Eq. (5) 

Calculate 𝐷 = 𝑚1(𝑇(𝑠) − 1) 
Improve Position to head toward better value as end for 

𝑃(𝑡 + 1) = 𝑇(𝑠) + 𝐸(2𝑚2 − 1) 
Stop for 

For (𝑛 = 1: 𝑖 < 𝑚2 + 1) do 
Evaluate 𝐸 = 𝑚3(𝐿(𝑠) − 𝑇(𝑠)) 
Update position of better solution as  

𝑃(𝑡 + 1)  =  𝑚2(𝑇(𝑠) + 𝐸) 
Evaluate is refer to Eq. (10) 
Investigate area around better solution as 

refer in Eq. (9) 

Compare 𝑇(𝑠 + 1) and 𝑇′(𝑠 + 1) to choose better solution 𝑇∗ 

If better fitness is not changes for last 2 iteration  

Then  

Solution of mutate as refer in Eq. (11) 

End if 

End for 

Improve FF 𝐹𝑚 for every 𝐾(𝑛) utilized BER 
Else 

Improve FF 𝐹𝑚 for every 𝐾(𝑛) utilized PSO 
End if 

Improve BER and PSO parameters, 𝑛 = 𝑛 + 1 
Stop while 

Return 𝑘∗ 
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2.5.2. PSOBER-DBN using classification 

In this research, the DBN technique is employed as a generative probabilistic model consisting of 

one visible layer and multiple hidden layers that capture statistical correlations among neurons from 

preceding layers [25], [26]. DBN requires hyperparameter tuning to reduce dimensionality and to improve 

the exploitation and exploration of the search space, thereby enhancing classification accuracy. As with other 

deep neural networks, parameter tuning is a critical phase, involving the adjustment of values, population size 

and related factors to improve model performance. The PSOBER approach, described in the previous section, 

determines optimal settings for the DBN technique applied to CXR images from the CXR dataset and 

constructs the classification model accordingly. During the PSOBER phase, parameter tuning involves 

initializing an arbitrary particle population. Table 2 presents the hyperparameters used for PSOBER. 
 

 

Table 2. Hyper parameter for PSOBER 
Hyper parameter Range 

Learning rate [0.001 -0.005] 

Epochs [20-40] 

Batch size [30-32] 
Amount of RBMs [3,4,5,6,7] 

 

 

In the DBN technique, the bias and weight parameters associated with each particle’s locations in 

the population define the characteristics of that particle. The restricted Boltzmann machine (RBM) is trained 

as a nonlinear classifier using the softmax function to produce a probability distribution over the data labels. 

The number of hidden units is indicated by 𝑖 and 𝑗, corresponding to the input units, where  
𝑚 = 𝑚1, 𝑚2, … , 𝑚𝑛, and 𝑘 = 𝑘1, 𝑘2, … , 𝑘𝑛. The RBM energy function is described in (12) to (14). In this 

formulation, nodes in each layer are considered equivalent, but not conditionally dependent, and all layers are 

distributed accordingly. The function 𝑅(𝜃) is used to normalize the input layer under an independent 

distribution, as defined in (15) to (17). 

 

𝐸(𝑘, 𝑚; 𝜃) = − ∑ ∑ 𝑤ℎ𝑛𝑘ℎ𝑚𝑛 − ∑ 𝑎ℎ𝑘ℎ − ∑ 𝑏𝑛𝑚𝑛 
𝑗
𝑛=1

𝑖
ℎ=1

𝑗
𝑛=1

𝑖
ℎ=1  (12) 

 

𝑝(𝑘, 𝑚) =
1

𝑅(𝜃)
ℎ−𝐻(𝑘,𝑚) (13) 

 

𝑅(𝜃) = ∑ ℎ−𝐻(𝑘,𝑚)
𝑘,𝑚  (14) 

 

𝑝(𝑘) = ∑ 𝑝(𝑘, 𝑚) =
1

𝑅(𝜃)
∑ ℎ−𝐻(𝑘,𝑚)

𝑚    𝑖  (15) 

 

𝑝(𝑚𝑛 = 1|𝑘; 𝜃) = 𝜎(∑ 𝑤ℎ𝑛𝑘ℎ + 𝑏𝑛 
𝑗
ℎ=1 ) (16) 

 

𝑝(𝑘𝑛 = 1|𝑚; 𝜃) = 𝜎(∑ 𝑤ℎ𝑛𝑚ℎ + 𝑎ℎ  
𝑗
ℎ=1 ) (17) 

 

Where, 𝜎(𝑥) =
1

1+exp(𝑋)
 denotes the sigmoid function. By adjusting the biases 𝑎ℎ, 𝑏𝑛 and weights 𝑤ℎ𝑛 ,, the 

RBM aims to maximize the probability 𝑝(𝑘). The parameter set 𝜃 = {𝑎ℎ , 𝑏ℎ, 𝑤ℎℎ} for the RBM is obtained 

from the training data using a maximum likelihood estimation strategy. The contrastive divergence model is 

used to estimate this parameter set 𝜃 using (18) to (20). 

 

𝑤ℎ𝑛
(𝑠+∆𝑠)

= 𝑤ℎ𝑛
(𝑆)

+
𝛼

𝛽
(< 𝑘ℎ𝑚𝑛 >𝑑𝑎𝑡𝑎 −< 𝑘ℎ𝑚𝑛 >𝑚𝑜𝑑𝑒𝑙) (18) 

 

𝑎ℎ
(𝑠+∆𝑠)

= 𝑎ℎ
(𝑆)

+
𝛼

𝛽
(< 𝑘ℎ >𝑑𝑎𝑡𝑎 −< 𝑘ℎ >𝑚𝑜𝑑𝑒𝑙) (19) 

 

𝑏𝑛
(𝑠+∆𝑠)

= 𝑏𝑛
(𝑆)

+
𝛼

𝛽
(< 𝑚𝑛 >𝑑𝑎𝑡𝑎 −< 𝑚𝑛 >𝑚𝑜𝑑𝑒𝑙) (20) 

 

After the initial training of the RBM, each subsequent concealed layer is treated as the visible layer 

for the next RBM in the stack. During the RBM training phase, the costs associated with the population and 

the optimal individual are progressively improved. Each RBM is initialized arbitrarily to promote diversity 

within the population. 
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3. EXPERIMENTAL RESULTS 

In this research, the PSOBER-DBN technique is simulated in Python environment version 3.8 

software tool, with the system specifications being 16 GB RAM, Intel i7 processor, Windows 10 operation 

system, 16 GB GPU and 1 TB SSD. The performance evaluation and classification results are explained in 

section 4.1. The effectiveness of the proposed method is assessed using several performance metrics, 

including accuracy, precision, specificity, F1-score, recall, and area under the curve (AUC). These metrics 

are defined by (21) to (24). 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 
  (21) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
 (22) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (23) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
  (24) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
2×𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
  (25) 

 

Where, 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote true positive, false positive, false negatives and true negative values, 

respectively. 
 

3.1.  Performance analysis 

In this section, the proposed method involving hyperparameters and classification processes is 

evaluated using several performance metrics, including accuracy, specificity, F1-score, recall, and AUC, as 

presented in Tables 3 and 4. The performance of feature extraction on the CXR14 dataset is evaluated based 

on these metrics, as shown in Table 3. Existing approaches such as ResNet-50, VGG-16, EfficientNet and 

DenseNet are used to compare the performance of feature extraction. The proposed method achieves a high 

accuracy of 99.86%. MobileNetV2 demonstrates high performance due to its efficient architecture, which 

combines depth-wise separable convolutions and inverted residuals to reduce computational complexity 

while maintaining high accuracy. 

The classification performance is calculated using various metrics, as presented in Table 4. Existing 

methods with feature extraction techniques such as ResNet-50, VGG-16, EfficientNet, and DenseNet are 

evaluated. The proposed method achieves a high accuracy of 99.86%, 97.87% precision, 97.50% recall, 

97.58% F1-score, 99.85% specificity and an AUC of 0.897. Figure 3 illustrates the analysis of CXR classes 

using various metrics. The PSO-BER algorithm optimizes the hyperparameters and structure of the DBN, 

resulting in improved classification accuracy. Table 4 presents the analysis outcomes of the classification 

process on the CXR dataset. 
 
 

Table 3. Analysis of feature extraction process on the CXR dataset 
Feature extraction techniques  Accuracy (%) Precision (%) Recall (%) F1 score (%) Specificity (%) AUC (%) 

ResNet-50 95.59 93.85 95.63 93.09 95.89 0.487 
VGG-16 96.96 94.23 96.36 94.23 96.18 0.514 

Efficient Net 97.85 95.14 97.86 95.75 97.83 0.635 

Dense Net 98.68 96.52 98.36 96.15 98.13 0.795 
MobileNetV2 99.86 97.87 97.50 97.58 99.85 0.897 

 

 

Table 4. Analysis of classification process on the CXR dataset 
Classification  Accuracy (%) Precision (%) Recall (%) F1 score (%) Specificity (%) AUC  

DenseNet201 95.59 93.85 95.63 93.09 95.89 0.487 

MLOP 96.96 94.23 96.36 94.23 96.18 0.514 

Inception V2 97.85 95.14 97.86 95.75 97.83 0.635 
DBN 98.68 96.52 98.36 96.15 98.13 0.795 

PSOBER-DBN 99.86 97.87 97.50 97.58 99.85 0.897 

 
 

Figure 4 presents classification results using different K-fold values for the proposed method on the 

CXR dataset. Compared to values of 2, 4, and 7, using 5-fold cross-validation ensures that the model is 

trained on a substantial portion of the data while also validating on a reasonable subset. This balanced 

approach facilitates better generalization to unseen data, minimizing the risk of overfitting and ensuring 

sufficient training data to effectively capture underlying patterns. 
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Figure 3. Graphically represented 14 classes on 

CXR14 dataset 

 
 

Figure 4. Classification using different K-fold values 

on the CXR dataset 
 

 

3.2.  Comparative analysis 

In this section, the proposed PSOBER-DBN technique efficiently classifies CXR images, achieving 

better accuracy. Table 5 presents the comparative analysis of the proposed PSOBER-DBN method with 

existing approaches such as MobileLungNetV2 [16], MLRFNet [17], ConvNeXt [18] and BCE [19] on the 

CXR14 dataset. The proposed PSOBER-DBN method achieves superior performance, attaining an accuracy 

of 99.86% and an AUC of 0.899 on the CXR14 dataset, outperforming state-of-the-art methods. The superior 

accuracy of the PSOBER-DBN model is attributed to its combination of PSO with BER and the DBN model. 

This approach optimizes both the hyperparameters and the structure of the DBN, enhancing its ability to 

extract meaningful features from CXR images. For better interpretability, the decimal values of existing 

methods like MLRFNet [17], ConvNeXt [18], and BCE [19] are converted into percentage based on the 

values of proposed method for better understandability.  
 
 

Table 5. Comparative analysis of proposed method on CXR14 dataset (NA–Not Available) 
Methods Accuracy  Precision  Recall  F1 score  Specificity  AUC  

MLRFNet [17] N/A N/A N/A N/A N/A 85.3 
ConvNeXt [18] N/A N/A N/A N/A N/A 82.6 

BCE [19] 

ResNet50-V2 

73.5 

93.4 

32.16 

54 

74.97 

55 

42.45 

54.4 

72.21 

98.5 

81.9 

67.4 
PSOBER-DBN 99.86 97.87 97.50 97.58 99.85 89.7 

 

 

3.3.  Discussion 

This section considers the advantages of the proposed approach and the limitations of existing 

models. The proposed PSOBER-DBN technique is analyzed on the CXR dataset to assess its effectiveness in 

classifying different diseases from chest X-rays. Initially, pre-processing using CLAHE performs better in 

local enhancement and reduces noise in the images. The SMOTE approach generates new samples for the 

minority class, addressing the issue of data imbalance. MobileNetV2, a lightweight convolutional neural 

network, is designed for efficient CXR image classification, enabling the model to quickly adapt to new 

features with improved performance. In the final stage, PSO and BER techniques are combined to develop an 

optimization algorithm that controls parameters and achieves high accuracy in DBN-based CXR image 

classification. This analysis demonstrates that DBN achieves a high accuracy of 98.62%, outperforming other 

classifiers. Moreover, the PSOBER-DBN technique shows higher accuracy compared to existing approaches 

such as MobileLungNetV2 [16], MLRFNet [17], ConvNeXt [18], and BCE [19]. 
 
 

4. CONCLUSION 

This research proposes the PSOBER-DBN technique for classifying CXR images, aiming to achieve 

high accuracy by optimizing particle positions and updating the entire population. Initially, data from the 

CXR dataset is pre-processed using CLAHE, which provides smooth transitions of intensities between 

adjacent pixels, enhancing image quality. SMOTE generates synthetic samples for minority classes, leading 

to a more balanced class distribution and enhancing learning near the decision boundary. MobileNetV2 is 

employed for feature extraction, utilizing depthwise separable convolutions to reduce computation and 

parameters while maintaining high efficiency for CXR images. The proposed method achieves superior 

accuracy of 99.86% and 0.899 on the CXR14 dataset, outperforming MobileLungNetV2 and MLRFNet. The 

implications of this research demonstrate that the PSOBER-DBN technique serves as a robust diagnostic 

support tool in radiology, assisting clinicians in the early detection of thoracic diseases. Its high accuracy and 
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adaptability to imbalanced datasets make it suitable for real-world medical applications. Limitations include 

dependence on a single dataset (CXR14) and a lack of interpretability for clinical decision-making. The 

model has not yet been validated across diverse medical imaging sources or real-time clinical settings. Future 

work explores the use of attention-based models (e.g., vision transformers), domain adaptation techniques to 

generalize across institutions, and explainable AI (XAI) approaches to improve the interpretability of 

predictions. Additionally, expanding the model’s capabilities to multi-modal medical data such as computed 

tomography (CT) scans and clinical records is investigated. 
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