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 Pneumonia represents a prevalent pulmonary illness within the general 

population, significantly impacting diverse demographic groups, most 

notably infants. Therefore, identifying the disease at an early stage is 

essential to manage the condition effectively and boost the likelihood of a 

complete recovery via proper therapeutic interventions. This research 

endeavors to construct a robust early diagnostic framework based on medical 

imaging of pneumonia. The methodology introduced evaluates the synergy 

of depthwise separable convolution, transfer learning, and soft voting 

mechanisms, where each predictive model undergoes rigorous optimization 

via particle swarm optimization (PSO). For this study, the dataset is strictly 

categorized into two distinct groups: normal and pneumonia-infected. The 

analytical findings demonstrate that the PSO-optimized soft voting ensemble 

achieves a peak accuracy rate of 92.11%. Such a substantial accuracy level 

suggests that the developed framework can function as a dependable 

supplementary diagnostic instrument in clinical environments, which could 

minimize human diagnostic errors and substantially reduce the time 

radiologists spend screening critical cases. Moreover, embedding these 

computational methodologies into interactive, user-friendly web dashboard 

framework highlights the model’s practical feasibility for delivering real-

time diagnostic assistance in resource-constrained environments. 
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1. INTRODUCTION 

Pulmonary infections pose a severe global health burden, with pneumonia emerging as a critical 

respiratory condition. Although frequently viral in origin [1], it remains a leading cause of mortality among 

vulnerable populations, particularly children under five. According to the World Health Organization 

(WHO), pneumonia is a primary infection-driven cause of child mortality, disproportionately impacting 

developing nations [2]. In these resource-constrained regions, limited access to expert radiologists often 

results in delayed or inaccurate manual interpretations of diagnostic images, causing patients to miss the 

crucial window for effective therapeutic intervention. Consequently, developing an accessible, automated 

diagnostic tool is not merely a technological advancement, but an urgent public health necessity. 

Pneumonia, stemming from bacterial or viral pathogens, necessitates distinct treatment pathways, 

making accurate diagnosis critical especially for vulnerable populations [3]. While chest X-rays remain the 

primary diagnostic modality due to their cost-efficiency and non-invasive nature, manual interpretation 

presents significant clinical challenges; suboptimal image quality, subtle symptom manifestation, and 
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observer fatigue can easily lead to diagnostic errors. To mitigate these discrepancies, artificial intelligence 

has emerged as a transformative tool, functioning as a reliable second opinion capable of discerning complex 

disease patterns directly from medical imagery [4], [5]. 

Consequently, this research establishes an automated diagnostic framework leveraging deep 

convolutional neural networks (DCNN) for robust feature extraction and pattern recognition [6], [7], 

designed with the scalability to potentially address other pulmonary conditions in the future. The selection of 

specific modeling techniques in this study is grounded in a critical evaluation of limitations found in recent 

literature. For instance, Jraibi and Zheng [8] successfully utilized depthwise separable convolution (DSC) 

within a hybrid architecture to enhance early Alzheimer’s detection, the study remains severely limited by 

high computational complexity due to its integration with vision transformers, and it lacks a practical 

application platform for real-time clinical diagnosis. Similarly, Li et al. [9] applied transfer learning (TL) to 

address data scarcity in brain tumor segmentation; however, this research remains confined to theoretical 

predictive algorithms without being implemented into a web-based interface for direct clinical use. 

Furthermore, Tungoe and Doegar [10] proposed a deep learning ensemble method utilizing soft voting 

mechanisms, yet this approach demands substantial computational resources and has not been translated into 

a deployable clinical application. These gaps highlight the absolute necessity for a system that is not only 

accurate but also computationally efficient and ready for practical implementation. 

Building on prior insights, this study develops a hybrid prediction model to distinguish between 

normal and pneumonia-infected lungs by integrating DSC and TL through an ensemble soft voting 

mechanism. By combining DSC’s computational efficiency with the robust representational power of 

MobileNetV2, this architecture achieves rapid inference on standard clinical hardware without requiring 

expensive GPU clusters. This ensemble approach also improves adaptability to common medical imaging 

challenges, such as class imbalance and visual noise to maximize accuracy and stability, particle swarm 

optimization (PSO) dynamically optimizes the hyperparameters of both components, outperforming manual 

tuning method. Ultimately, rather than proposing a novel theoretical algorithm, this research makes a 

practical contribution by fusing these advanced techniques into a highly efficient diagnostic framework. 

Deployed as an interactive web application, this system bridges the gap between computational research and 

clinical practice, offering frontline healthcare workers an accessible decision-support tool ready for 

telemedicine integration. 

 

 

2. METHOD 

2.1.  Data gathering 

This study utilized a validated Kaggle dataset comprising 5,840 chest X-ray images, including  

4,265 pneumonia cases and 1,575 normal cases. Figure 1 presents representative samples from the dataset, 

with Figure 1(a) showing a normal lung and Figure 1(b) depicting pneumonia. To ensure robust evaluation, 

the dataset was partitioned into training (70%), validation (20%), and testing (10%) subsets. Before model 

training, each image underwent a rigorous preprocessing pipeline involving resizing and pixel normalization. 

To address class imbalance and mitigate overfitting, data augmentation techniques such as random rotation, 

horizontal flipping, and zooming were applied, thereby encouraging the model to learn robust,  

position-invariant features rather than memorizing the training data. 

 

 

      

      
(a) (b) 

 

Figure 1. Sample image data for (a) normal lung and (b) pneumonia 

 

 

2.2.  Model architecture 

The systematic workflow of this study is illustrated in Figure 2, which outlines the end-to-end 

experimental procedure to ensure methodological reproducibility. The research framework is structured into 

three sequential stages: data preparation, model training and optimization, and performance evaluation. This 
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logical organization directly mirrors the narrative flow of the subsequent results and discussion section, 

providing a clear and coherent guide for interpreting the findings. 

The experimental workflow is structured into three primary phases. First, the raw dataset undergoes 

preprocessing, augmentation, and partitioning to ensure robust model training. Second, during the training 

and optimization phase, MobileNetV2 serves as the feature extraction backbone, while PSO is applied to 

enhance convergence and overall accuracy. Finally, the performance evaluation phase validates the 

framework’s clinical efficacy in distinguishing normal from pneumonia cases using a confusion matrix 

alongside standard classification metrics. 

 

 

 
 

Figure 2. Systematic workflow of the proposed framework 

 

 

2.2.1. Depthwise separable convolution 

DSC is a technique strategically employed to significantly minimize the computational complexity 

and parameter footprint of the modeling process [11]. Functionally, this architectural method decouples the 

standard operation into two separate stages to integrate information between channels while simultaneously 

condensing feature dimensions at the output. This structural optimization preserves the method’s high 

diagnostic performance while significantly alleviating the computational burden [12]. Furthermore, DSC 

minimizes the network’s mathematical calculation process with only a negligible decrease in predictive 

accuracy, firmly ensuring that the execution is highly optimized [13]. 

For quantitative comparison, a standard convolution layer requires 𝐷𝐾 ∙ 𝐷𝐾 ∙ 𝑀 ∙ 𝑁 parameters. In 

contrast, DSC significantly reduces this cost by splitting operation, requiring only 𝐷𝐾 ∙ 𝐷𝐾 ∙ 𝑀 + 1 ∙ 1 ∙ 𝑀 ∙ 𝑁 

parameters [14]. This formula demonstrates how the 1 × 1 pointwise convolution drastically reduces 

computational overhead. Because high-resolution medical images often create severe memory bottlenecks 

with standard convolutions, this separable approach allows deeper networks to be trained efficiently on 

standard hardware. By isolating spatial filtering from cross-channel integration, the model retains strong 

representational power without the exponential parameter growth typical of dense layers. As illustrated in 

Figure 3, this specific DSC architecture effectively balances minimal computational complexity with robust 

feature extraction capabilities [15]. 

Figure 3 illustrates the sequential workflow of the DSC mechanism. Unlike standard convolutions 

that process spatial and channel dimensions concurrently, this architecture intentionally decouples the 

operation into two distinct stages. Starting with the input channels (M), the first stage depthwise convolution 

applies a single spatial filter independently to each channel, capturing spatial patterns without cross-channel 

mixing. Subsequently, the pointwise convolution stage employs a 1 × 1 kernel to compute a weighted sum 

across the depth dimension, acting as a linear projection that merges these independent channels. By dividing 

the feature extraction process into isolated spatial filtering and cross-channel integration, this approach 
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effectively generates the final output feature map while requiring a significantly lower parameter count than 

traditional convolutional methods. 

 

 

 
 

Figure 3. DSC architecture 

 

 

2.2.2. Transfer learning with MobileNetV2 

TL leverages pre-trained architectures as robust feature extractors for medical classification, 

eliminating the need to train from scratch and ensuring efficiency even with limited data and computing 

resources [16]. This study employs MobileNetV2 as the pre-trained backbone, a lightweight convolutional 

neural network specifically engineered for resource-constrained environments [17]. By achieving high 

classification accuracy with significantly fewer arithmetic operations than its predecessors [18]. This 

computational efficiency makes MobileNetV2 highly effective for rapid medical screening and  

diagnosis [19]. Its efficiency is driven by key architectural innovations—namely, the inverted residual 

structure and linear bottlenecks, which temporarily expand the feature space for complex non-linear 

transformations while preventing information loss in low-dimensional spaces. Ultimately, these features 

make MobileNetV2 uniquely suited to distill complex medical topologies into dense, informative vectors 

without generating overwhelming computational overhead. 

Figure 4 illustrates the proposed architecture, which utilizes a pre-trained MobileNetV2 as the base 

feature extractor. To preserve the previously learned representations, the weights of this base model are 

frozen. A custom classification head is then appended to adapt the network for this specific task. Within this 

head, a global average pooling 2D layer first reduces the spatial dimensions of the feature maps, followed by 

a dropout layer to provide regularization and mitigate overfitting. Finally, a dense layer with a sigmoid 

activation function outputs a probability score, classifying the input as either normal or pneumonia. 

 

 

 
 

Figure 4. TL architecture 

 

 

2.2.3. Ensemble soft voting 

To enhance system robustness and mitigate overfitting, this study implements an ensemble soft 

voting mechanism [20]. Unlike hard voting which relies on rigid binary labels and discards crucial clinical 

nuance soft voting aggregates the continuous probability estimates from each classifier [21]. This approach is 

especially valuable in medical diagnostics, as it allows highly confident predictions to appropriately offset 
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uncertain ones in marginal cases, thereby improving overall predictive precision [22]. Ultimately, the final 

classification is determined by the weighted average of output probabilities across all models, ensuring that 

decisions are driven by the ensemble’s collective confidence rather than a single isolated output [23]. 

 

2.3.  Particle swarm optimization: conceptual foundations  

PSO is a highly efficient stochastic optimization algorithm recognized for its rapid  

convergence [24]. Inspired by the natural foraging behaviors of bird flocks and fish schools, PSO represents 

candidate solutions as a collaborative swarm of particles. Unlike standard evolutionary algorithms that 

eliminate weaker individuals, PSO maintains the entire population throughout the search process. As these 

particles navigate a multidimensional search space, they continuously update their trajectories by combining 

their current velocity with their individual cognitive experience and the overall social intelligence of the 

swarm [25]. This dynamic movement is mathematically governed by iteratively updating the particle’s 

velocity (𝑣) and position (𝑥), which are formally defined in (1) and (2). 

 

𝑣𝑖
𝑘+1 = 𝑤 ∙ 𝑣𝑖

𝑘 + 𝑐1 ∙ 𝑟(𝑃𝑏𝑒𝑠𝑡𝑖
− 𝑥𝑖

𝑘) + 𝑐2 ∙ 𝑟(𝐺𝑏𝑒𝑠𝑡 𝑖
− 𝑥𝑖

𝑘) (1) 

 

𝑥𝑖
𝑘+1 = 𝑥𝑖

𝑘 + 𝑣𝑖
𝑘+1 (2) 

 

In (1) calculates the new velocity (𝑣𝑖
𝑘+1) necessary to update the particle’s position in (2). This 

update mechanism is driven by three distinct forces. First, the inertia weight (𝑤), typically ranging from  

0.4 to 0. maintains previous momentum to balance global exploration and local exploitation; dynamically 

tuning this parameter allows for broad search in early epochs and precise fine-tuning in later stages, 

effectively preventing premature convergence. Second, the cognitive component represents the particle’s 

memory of its personal best position (𝑃𝑏𝑒𝑠𝑡), weighted by the coefficient 𝑐1. Third, the social component 

guides the particle toward the best position found by entire swarm (𝐺𝑏𝑒𝑠𝑡), weighted by coefficient 𝑐2 [26]. 

The learning factors 𝑐1 and 𝑐2, generally range between 1.0 and 2.5, controlling the trade-off between 

independent exploration and swarm convergence. Maintaining this precise balance is critical for navigating 

the non-convex hyperparameter surfaces of deep learning frameworks, ensuring the algorithm escapes local 

optima to discover robust configurations that generalize well to unseen validation data. 

 

2.4.  Evaluation metrics 

The careful selection of highly appropriate evaluation metrics plays a pivotal role in accurately 

assessing the real efficacy of a classification model. To fully ensure that the experimental results remain 

unbiased and accurately reflect the model’s true diagnostic capabilities, the chosen metrics must align strictly 

with the characteristics of the dataset and the specific clinical objectives of the study. In the direct context of 

this research, standard evaluation metrics generally applicable to binary classification problems are utilized to 

validate the proposed method [27]. The foundational quantitative assessment of the proposed model is strictly 

derived from the confusion matrix. As clearly illustrated in Table 1, this matrix meticulously maps the 

relationship between the predicted classes and the actual ground truth medical labels. It provides a highly 

detailed breakdown of the classification performance by logically categorizing outcomes into four distinct 

components: true positive (TP), true negative (TN), false positive (FP), and false negative (FN). 

 

 

Table 1. Confusion matrix 
Actual Predicted 

Positive Negative 

Positive True positive False negative (type II error) 
Negative False positive (type II error) True negative 

 

 

Following the categorization of prediction outcomes within the confusion matrix, it is essential to 

derive quantitative metrics to accurately evaluate the model’s performance. To rigorously validate clinical 

efficacy, this study avoids relying on a single indicator and instead adopts a multi-faceted approach utilizing 

accuracy, precision, recall, and the F1-score. This comprehensive combination provides a transparent 

assessment of the classifier’s ability to reliably distinguish between positive and negative instances. The 

mathematical formulations for these evaluation metrics are defined as (3) to (6). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦   =  
𝑇𝑃+𝑇𝑁 

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 
 (3) 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛   =  
𝑇𝑃 

𝑇𝑃+𝐹𝑃 
 (4) 

 

𝑅𝑒𝑐𝑎𝑙𝑙          =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (5) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

 

While accuracy is a fundamental metric, relying on it exclusively can be misleading when 

evaluating imbalanced datasets. In such scenarios, classifiers often bias toward the majority class, yielding a 

deceptively high accuracy while failing to identify minority instances [28]. To address this limitation, the  

F1-score calculated as the harmonic mean of precision and recall provides a more robust performance metric 

for imbalanced clinical data by penalizing severe disparities between false positives and false negatives. 

Consequently, evaluating precision, recall, and the F1-score alongside standard accuracy is crucial for a 

comprehensive and unbiased assessment of the model’s true clinical efficacy. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Data preparation 

Before model development, the medical dataset was systematically partitioned to ensure a rigorous 

and unbiased evaluation. The chest X-ray images were divided into training, validation, and testing subsets 

using a strict 70:20:10 ratio. This deliberate separation is fundamental to the experimental design, as it 

provides a substantial data sample for model training while securely reserving dedicated subsets for 

hyperparameter tuning and final performance assessment [28]. The exact distribution of images across these 

categories is detailed in Table 2. 

 

 

Table 2. The distribution of dataset 
Category Training Validation Testing 

Normal 1,103 315 157 

Pneumonia 2,986 853 426 

Proportion 70% 20% 10% 

 

 

As detailed in Table 2, the dataset was partitioned to support robust model development, allocating 

70% for training to learn comprehensive feature representations, 20% for validation to monitor performance 

and mitigate overfitting, and the final 10% for testing to evaluate generalization on entirely unseen data. 

Following this split, a descriptive statistical analysis was conducted to examine the dataset’s underlying 

numerical characteristics. Because machine learning algorithms process quantitative data rather than raw 

visuals, the X-ray images were converted into numerical arrays representing precise red, green, blue (RGB) 

pixel intensities, translating the visual information into a computable mathematical format. A comprehensive 

summary of these resulting numerical representations is provided in Table 3. 

 

 

Table 3. The descriptive statistics of each category 
Category Minimum Mean Maximum Median Coefficient of variance (%) 

Normal 0.000 122.404 254.913 131.575 49.89 

Pneumonia 0.188 123.456 252.478 134.631 45.5 

 

 

As detailed in Table 3, the descriptive statistics of pixel intensity distributions reveal subtle yet 

clinically relevant differences between the two classes. While both categories span nearly the entire 8-bit 

spectrum, the ‘Normal’ class exhibits a slightly wider range (0.000 to 254.913) compared to the ‘Pneumonia’ 

class (0.188 to 252.478). Additionally, pneumonia-affected X-rays display a marginally brighter central 

tendency, evidenced by an elevated mean (123.456) and median (134.631) relative to the normal baseline 

(mean: 122.404, median: 131.575). Analysis of data dispersion further highlights these distinctions; the 

‘Normal’ category shows greater overall variability with a coefficient of variance of 49.89%, whereas the 

‘Pneumonia’ category’s lower variance of 45.5% indicates tighter clustering around the mean. This increased 

pixel homogeneity in pneumonia cases strongly aligns with the visual pathology of lung consolidation,  

where fluid accumulation generates uniformly opaque regions that convolutional filters are particularly adept 

at detecting. 
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3.2.  Data preprocessing 

Following the initial assessment of raw pixel intensities, data normalization serves as a critical 

preprocessing step to accelerate neural network convergence and ensure compatibility with the pre-trained 

architecture. By rescaling the original 8-bit pixel values into a standardized range of -1 to 1, this procedure 

preserves the intrinsic structural patterns of the X-ray images while eliminating scale disparity. This essential 

transformation guarantees that the model evaluates all input features equally, preventing high-intensity pixels 

from disproportionately biasing the learning process [19]. The quantitative impact of this normalization step 

is summarized in Table 4. 

 

 

Table 4. The descriptive statistics of each category after normalization 
Category Minimum Mean Maximum Median 

Normal -1.000 -0.040 1.000 0.032 

Pneumonia -1.000 -0.020 1.000 0.069 

 

 

The normalization process successfully remapped the dataset into a target interval centered around 

zero, a transformation critical for the tanh and sigmoid activation functions in the TL model to maintain steep 

gradients during backpropagation and prevent the vanishing gradient problem [7]. Despite this significant 

numerical compression, the original distribution characteristics were well-preserved. Specifically, the 

‘pneumonia’ category maintained slightly higher central tendency values with an adjusted mean of  

-0.020 and a median of 0.069 compared to the ‘normal’ category’s mean of -0.040 and median of 0.032, 

ensuring that the fundamental diagnostic distinctions between the classes remain intact. To provide a 

qualitative perspective on this quantitative shift, Figure 5 presents effect of normalization on a representative 

normal lung X-ray image. Figure 5(a) shows the raw image before normalization, while Figure 5(b) presents 

the corresponding normalized image. Although the clinical and pathological features remain visually 

consistent to human observers, this precise normalization is essential for ensuring the computational 

efficiency and stability of the deep learning framework. 

 

 

      

  
(a) (b) 

 

Figure 5. Normal lung image data (a) before normalization and (b) after normalization 

 

 

3.3.  Modelling 

In this study, two distinct deep learning architectures were developed and evaluated: the custom 

DSC model and the TL model based on MobileNetV2. To ensure optimal performance, the hyperparameters 

for both models were fine-tuned using PSO [25]. The specific structural configuration of each  

model—including the arrangement of layers, output shapes, and the number of trainable parameters—is 

detailed below to provide a transparent view of the computational complexity involved [13]. The 

comprehensive architectural specifications for the best-performing models are presented in Table 5. 

As detailed in Table 5, the custom DSC model generates 3,218,300 trainable parameters, 

predominantly concentrated within the fully connected layers due to the structural bottleneck of unrolling 

spatial data. Conversely, the TL model leverages a pre-trained MobileNetV2 base to achieve a more  

compact architecture of just 2,586,177 parameters. By employing a PSO-optimized classification layer of  

256 neurons, the TL framework successfully captures essential feature complexities while avoiding the dense 

parameter overhead inherent to the custom model. Consequently, this computationally lighter TL approach 

not only conserves valuable training resources but also actively mitigates the risk of overfitting. 
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Table 5. The best architecture 
Model Layer Output shape Param # 

DSC 

Input layer (None, 224, 224, 3) 0 
Separable_conv2d (None, 224, 224, 32) 123 

Separable_conv2d_1 (None, 112, 112, 32) 1,312 

Separable_conv2d_2 (None, 56, 56, 32) 1,312 
Separable_conv2d_3 (None, 28, 28, 32) 1,312 

Separable_conv2d_4 (None, 14, 14, 32) 1,312 

Flatten (None, 6272) 0 
Dropout (None, 512) 0 

Dense (None, 512) 3,211,776 

Dense_1 (None, 1) 513 
Total params 3,218,300 

TL 

Input layer (None, 224, 224, 3) 0 
MobileNetV2 (None, 7, 7, 1280) 2,257,984 
Dropout (None, 256) 0 

Dense (None, 128) 327,936 

Dense_1 (None, 1) 256 

Total params 2,586,177 

 

 

3.4.  Soft voting 

To further improve predictive performance and robustness, this study introduces a soft voting 

ensemble strategy. In contrast to hard voting, which relies on a simple majority rule, soft voting aggregates 

the predicted probabilities from both the DSC and TL models [10]. The final prediction is then derived by 

computing a weighted average of these confidence scores. By relying on continuous probabilities rather than 

flat labels, this method naturally penalizes false certainty and minimizes individual model biases, leading to 

much more stable and reliable performance on unseen data [21]. Ultimately, this approach seamlessly 

combines the TL’s spatial analysis with the DSC’s structural hierarchy, fusing their complementary strengths 

into a single, highly cohesive diagnostic tool. 

 

3.5.  Particle swarm optimization: hyperparameter and ensemble weight tuning 

PSO plays a critical dual role in this research. Primarily, it serves as a global optimization algorithm 

to automate the selection of optimal hyperparameters for the individual deep learning models [25]. By 

navigating the search space effectively, PSO identifies the best configuration for parameters such as learning 

rate, dropout rate, and activation functions. The specific hyperparameter values derived from this 

optimization process for both the DSC and TL models are detailed in Table 6. 

 

 

Table 6. Hyperparameter PSO 
Model Hyperparameter Output 

DSC Dropout rate 0.1000 

 Learning rate 0.0010 

 Activation function Sigmoid 
 Optimizer SGD 

 Number of conv layers 5 

 Filters value 32 
 Dense unit 512 

TL Dropout rate 0.1000 

 Learning rate 0.0010 
 Activation function Tanh 

 Optimizer Adam 

 Dense units 256 

 

 

Beyond merely tuning hyperparameters, PSO is specifically and strategically applied to perfectly 

optimize the specific voting weights within the soft voting ensemble [22]. Instead of blindly assigning equal 

importance (a static 50:50 split) to both distinct models, PSO dynamically and intelligently searches for the 

optimal weight combination that mathematically maximizes the final classification performance. This 

rigorous process absolutely ensures that the model possessing higher predictive confidence inherently 

contributes far more significantly to the final diagnostic decision. To evaluate the true effectiveness of this 

exact optimization strategy, the performance of the full ensemble model is benchmarked directly against the 

individual models. The resulting F1-score comparison is visually presented in Figure 6. 

As illustrated in Figure 6, the TL model demonstrates incredibly strong standalone performance 

with a high F1-score of 0.9198, significantly outperforming the custom DSC model, which only attained an 

F1-score of 0.8884. However, the exact implementation of the ensemble soft voting coupled with  
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PSO-optimized weights yield the absolute highest result, achieving an impressive F1-score of 0.9214. This 

concrete improvement absolutely confirms that the ensemble strategy highly successfully synergizes the 

distinct strengths of both architectures, ultimately resulting in a far more reliable prediction model than either 

of the individual classifiers operating alone. 

 

 

 
 

Figure 6. F1-score comparison chart 

 

 

3.6.  Discussion 

As a final, definitive evaluation, a highly comprehensive comparison of the classification 

performance achieved by the proposed models was meticulously conducted. The evaluation closely analyzed 

confusion matrices, loss values, and accuracy metrics consistently throughout the entire training and 

validation phases. The detailed performance outcomes for PSO-DSC model are illustrated in Figures 7 and 8. 

Figure 6 shows the F1-score comparison chart of the PSO-DSC, PSO-TL, and PSO-ensemble 

models. Figure 7 shows the confusion matrix of the PSO-DSC model, detailing classification rates, alongside 

the loss curve in Figure 8(a) and the accuracy curve in Figure 8(b) that track the learning process. Although 

the stochastic nature of the SGD optimizer causes some early, jagged fluctuations in the validation loss, PSO 

effectively stabilizes the model in later epochs by fine-tuning dropout and learning rates [25]. Building on 

this, the study then evaluates the TL architecture, which is similarly optimized with PSO. As shown in  

Figure 8, the TL model is assessed using the exact same metrics confusion matrix, loss trajectory, and 

accuracy curves to map out its learning dynamics and overall generalization potential [18]. 

Figure 9 illustrates the performance of the PSO-TL model. Figure 9(a) shows the training and 

validation accuracy, while Figure 9(b) shows the training and validation loss, which track training stability. 

These metrics clearly show that MobileNetV2, powered by the Adam optimizer and pre-trained ImageNet 

weights, achieves significantly faster convergence than the standalone DSC model. To maximize these 

individual strengths, this study combined the PSO-DSC and PSO-TL architectures using a soft voting 

ensemble technique. Figure 10 presents the confusion matrix, offering a comprehensive overview of the 

ensemble model’s performance on the validation set. It details the distribution of accurate and inaccurate 

predictions, specifically highlighting the true positives and true negatives derived from the combined 

probabilistic outputs of the base models. This visualization confirms the ensemble’s ability to effectively 

distinguish between normal and pneumonia cases, demonstrating the practical advantage of the soft voting 

mechanism in reducing misclassification rates. To consolidate these findings, the predictive performance of 

the DSC and TL models, which was initially evaluated individually, is now benchmarked against the 

ensemble approach. The detailed performance metrics for each architecture, including the Soft Voting 

ensemble optimized via PSO, are comprehensively summarized in Table 7. 
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Figure 7. Confusion matrix of the PSO-DSC model 

 

 

  
(b) (c) 

 

Figure 8. Performance evaluation of the PSO-DSC model for (a) loss and (b) accuracy 

 

 

  
(a) (b) 

 

Figure 9. Performance evaluation of the PSO-TL model for (a) accuracy and (b) loss 

 

 

 
 

Figure 10. Confusion matrix of the PSO-TL model 
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Table 7. Prediction result 
Evaluation DSC (%) TL (%) Soft voting (%) 

Accuracy 88.51 91.93 92.11 
Precision 95.91 95.01 95.02 

Recall 88.02 93.89 94.13 

 

 

The soft voting ensemble model, optimized with PSO, achieved superior diagnostic performance 

with 92.11% accuracy, 95.02% precision, and 94.13% recall by effectively resolving difficult edge cases that 

standalone architectures often miss. In a practical clinical setting, this high recall crucially minimizes the risk 

of dangerously delayed treatments by preventing false negatives, while the strong precision simultaneously 

spares healthy patients from unnecessary medical interventions and wasted hospital resources. Beyond its 

binary classification capabilities, the model demonstrated remarkable statistical certainty and stability in its 

predictions, evidenced by exceptionally low error rates mean squared error (MSE): 0.0626, root mean square 

error (RMSE): 0.2501, mean absolute error (MAE): 0.1213) and a strong R-squared value of 68.21%. 

Leveraging this balance of high diagnostic accuracy and robust probabilistic calibration, the framework was 

successfully deployed into a lightweight, web-based computer-aided diagnosis (CAD) system that provides 

medical professionals with a real-time, highly accessible tool for fast-paced environments. The resulting 

web-based interface for pneumonia prediction is illustrated in Figure 11, demonstrating the practical 

implementation of the proposed CAD framework. 

However, although the highly optimized model has achieved remarkable accuracy and incredibly 

good predictive performance, this specific study acknowledges notable limitations regarding its absolute 

generalization ability. The deep learning model was trained and rigorously evaluated using a single, static 

public dataset obtained exclusively from Kaggle. Consequently, the flawless consistency of the model’s 

predictive performance on raw images stemming from entirely different demographic backgrounds, scanned 

with varying X-ray machine calibrations, or operating in vastly different real-world clinical settings has not 

yet been conclusively verified. Heavily addressing these critical limitations related to comprehensive data 

diversity is absolutely crucial before attempting full-scale, worldwide clinical implementation. 
 
 

 

 
 

Figure 11. Pneumonia prediction website display 
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4. CONCLUSION 

This research developed a reliable pneumonia detection framework by combining DSC and TL into 

a soft voting ensemble, with PSO employed to fine-tune both the models and their voting weights. The 

optimized ensemble significantly outperformed standalone approaches, achieving 92.11% accuracy with 

strong statistical stability, as evidenced by low error rates (RMSE: 0.2501, MSE: 0.0626, MAE: 0.1213) and 

a robust R-squared value of 68.21%. To demonstrate practical utility for early clinical intervention, the 

system was integrated into an interactive web dashboard, enabling frontline medical staff to access 

sophisticated models such as MobileNetV2 with ease. Nevertheless, given that the study currently relies on a 

single dataset, future work should prioritize validation across diverse, multi-center data and investigate  

edge-computing deployment to ensure reliable remote screening. 
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