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Abstract: - Respiratory disorders, including pneumonia, COVID-19, and lung cancer, continue to pose significant challenges to 

global healthcare systems due to their high prevalence, mortality rates, and overlapping radiological manifestations. Accurate 

differentiation among these conditions remains difficult because conventional diagnostic procedures based on chest X-ray (CXR) 

and computed tomography (CT) imaging depend extensively on expert interpretation, which may lead to inter-observer variability, 

delayed diagnosis, and reduced detection sensitivity, particularly during the early stages of disease progression. These challenges 

are further amplified in resource-limited clinical environments where access to specialized expertise is restricted. To overcome 

these limitations, this study presents a novel Multi-Objective Optimized Hybrid Deep Learning (MUOPTDL) framework for 

automated respiratory disease classification using medical imaging modalities. While pneumonia serves as the primary target 

disease, additional categories, including COVID-19, lung cancer, and normal cases, are incorporated to enhance diagnostic 

discrimination and minimize classification errors caused by overlapping imaging characteristics. The proposed MUOPTDL 

framework combines three complementary deep convolutional neural network architectures, namely DenseNet121, MobileNetV3, 

and Xception, to extract robust and diverse feature representations from chest CT and X-ray images. The framework employs 

transfer learning, data augmentation, dropout-based regularization, and adaptive optimization techniques to improve model 

generalization and reduce overfitting. Experimental results demonstrate that the proposed weighted hybrid ensemble significantly 

outperforms individual baseline models, achieving an overall accuracy, precision, recall, and F1-score of 98%, along with an area 

under the receiver operating characteristic curve (AUC) of 0.9866. The developed framework effectively differentiates among 

clinically similar radiographic patterns, including COVID-19-associated ground-glass opacities, pneumonia-related consolidations, 

and early-stage pulmonary malignancies. Furthermore, implementation through a web-based clinical interface highlights the 

practical applicability of the proposed system for real-time screening and computer-aided diagnostic decision support in healthcare 

environments. . 
Keywords: Multi-class classification; Deep learning; Medical image analysis; respiratory disease diagnosis; Hybrid ensemble 

learning; multi-objective optimization 
 

1. Introduction  
Respiratory diseases remain among the leading causes of morbidity and mortality worldwide, posing substantial 

challenges to healthcare systems and public health infrastructure. Among these diseases, pneumonia, Coronavirus 

Disease 2019 (COVID-19), and lung cancer represent major clinical concerns due to their high prevalence, severe 

health consequences, and socioeconomic impact. Although these respiratory disorders originate from different 

pathological mechanisms, they frequently exhibit similar clinical symptoms and radiological manifestations, including 

cough, dyspnea, hypoxemia, pulmonary infiltrates, and chest imaging abnormalities. The considerable overlap in 
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clinical and imaging characteristics often complicates differential diagnosis and may lead to delayed treatment and 

adverse patient outcomes. 
The global outbreak of COVID-19 highlighted the urgent need for reliable and automated diagnostic systems 

capable of supporting clinicians during large-scale healthcare emergencies. Chest imaging modalities, particularly 

chest X-ray (CXR) and computed tomography (CT), have become indispensable diagnostic tools because of their 

widespread availability, rapid acquisition, and cost-effectiveness. These imaging techniques play a crucial role in the 

diagnosis and monitoring of various pulmonary diseases. Recent advances in artificial intelligence (AI), especially 

deep learning (DL), have demonstrated significant potential in medical image analysis by automatically extracting 

hierarchical feature representations and achieving high diagnostic accuracy across diverse classification tasks [1]. 
Despite the remarkable progress achieved in AI-assisted medical imaging, several challenges continue to limit 

the clinical applicability and generalizability of existing diagnostic systems. These challenges include class imbalance, 

heterogeneity among imaging modalities, overlapping radiological characteristics, and the difficulties associated with 

real-world clinical deployment. Previous studies have shown that COVID-19, pneumonia, and other pulmonary 

infections frequently share common radiological features, such as ground-glass opacities and pulmonary 

consolidations, thereby increasing diagnostic complexity and inter-observer variability [2]. Furthermore, manual 

interpretation of medical images remains a time-consuming process and is often influenced by the expertise and 

experience of radiologists, highlighting the need for robust computer-aided diagnostic systems [3]. 
Deep convolutional neural networks (DCNNs) have emerged as powerful tools for medical image analysis due 

to their ability to learn discriminative feature representations directly from raw imaging data. Numerous studies have 

demonstrated that deep learning approaches outperform conventional machine learning methods based on handcrafted 

feature extraction techniques [4]. However, models based on a single neural network architecture often exhibit limited 

generalization capability when applied to heterogeneous datasets and varying clinical scenarios. Figure 1 illustrates a 

typical artificial intelligence-based diagnostic workflow for chest radiography, where medical images undergo 

preprocessing, feature extraction, classification, and clinical decision support processes [5]. Such automated systems 

can assist clinicians in disease identification, patient prioritization, and treatment planning. 
The complementary use of chest CT and chest X-ray imaging provides a comprehensive approach for 

pulmonary disease assessment. Chest CT imaging offers detailed anatomical and structural information that facilitates 

the differentiation of COVID-19 and other pulmonary disorders, whereas chest radiography serves as a rapid, 

accessible, and cost-effective screening modality [6]. 

 
Fig. 1 AI-Based Chest X-Ray Diagnosis for Respiratory Diseases 
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However, the integration of multimodal imaging data presents several technical challenges due to differences 

in image resolution, contrast characteristics, and texture information. Previous studies have demonstrated that transfer 

learning and multi-scale feature extraction strategies can effectively capture both global and local image 

characteristics, thereby improving diagnostic performance [7].Another major challenge in medical image analysis is 

class imbalance, which can adversely affect model training and bias predictions toward majority classes [8]. To address 

these limitations, advanced convolutional neural network architectures have been developed to improve feature 

representation and model generalization. DenseNet121 employs dense connectivity mechanisms to enhance feature 

reuse, facilitate gradient propagation, and improve representation learning efficiency [9]. MobileNetV3 combines 

computational efficiency with high classification accuracy, making it suitable for real-time clinical applications and 

resource-constrained environments [10]. Furthermore, residual learning strategies have been shown to improve 

optimization stability and facilitate effective deep network training [11]. The evaluation of AI-assisted diagnostic 

systems requires comprehensive performance assessment beyond conventional accuracy measures. Metrics such as 

the receiver operating characteristic (ROC) curve, area under the curve (AUC), F1-score, and Matthews correlation 

coefficient (MCC) provide more reliable performance estimation, particularly for imbalanced medical datasets 

[12,13]. According to clinical guidelines published by the World Health Organization (WHO), rapid and accurate 

diagnosis remains essential for effective patient management and improved healthcare outcomes [14]. Recent studies 

have also demonstrated that AI-assisted diagnostic systems can significantly enhance the speed and accuracy of 

respiratory disease detection while maintaining high sensitivity and specificity [15].Motivated by these challenges, 

this study proposes a Multi-Objective Optimized Hybrid Deep Learning (MUOPTDL) framework for automated 

multi-class respiratory disease classification using chest CT and X-ray imaging. The proposed framework integrates 

three complementary deep learning architectures, namely Xception, MobileNetV3, and DenseNet121, to exploit their 

individual strengths in feature extraction and classification. Specifically, Xception is employed to capture complex 

spatial and textural patterns through depthwise separable convolutions, MobileNetV3 provides lightweight and 

computationally efficient feature representations suitable for real-time deployment, and DenseNet121 enhances 

feature propagation and representation learning through dense connectivity mechanisms. The outputs of these 

networks are combined using a weighted ensemble strategy to improve classification robustness and reduce prediction 

uncertainty.The primary objective of this research is to develop a reliable, computationally efficient, and clinically 

applicable multi-class diagnostic framework capable of accurately differentiating among COVID-19, pneumonia, lung 

cancer, and normal cases. By integrating multimodal chest imaging with hybrid deep learning and ensemble 

optimization techniques, the proposed framework aims to improve diagnostic accuracy, enhance model generalization, 

and provide effective decision support for respiratory disease diagnosis in real-world clinical environments. 

2. Literature Review 
2.1 Deep Learning in Medical Image Analysis 

  Deep learning has emerged as one of the most influential computational paradigms in medical image analysis 

due to its capability to automatically learn hierarchical feature representations from complex imaging data. Recent 

comprehensive reviews have demonstrated that convolutional neural networks (CNNs) have become the dominant 

methodology in healthcare imaging applications because of their superior feature extraction and classification 

capabilities compared with conventional machine learning approaches based on handcrafted features [1,4]. The 

increasing adoption of artificial intelligence in healthcare has further highlighted its potential for supporting disease 

diagnosis, clinical decision-making, and large-scale public health management, particularly during pandemic 

situations involving respiratory disorders [15]. The advancement of modern deep learning architectures has been 

largely driven by innovations in network connectivity and optimization strategies. Residual learning frameworks and 

densely connected neural networks have demonstrated significant improvements in gradient propagation, feature 

reuse, and training stability, thereby enabling the development of highly effective diagnostic models for medical 

imaging applications [11,16]. These architectural improvements have substantially enhanced the capability of deep 

neural networks to capture complex pathological patterns and improve classification performance. 
Existing research findings suggest that accurate thoracic disease classification requires the integration of 

transfer learning strategies with hybrid deep learning architectures. Such approaches facilitate robust feature 

extraction, improve model generalization, and enhance diagnostic performance across diverse medical imaging 

modalities and clinical environments. 
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2.2 Deep Learning for Lung Disease Detection 
   Deep learning-based approaches for pulmonary disease diagnosis using chest X-ray and computed 

tomography (CT) imaging have attracted considerable research attention in recent years. Several studies have 

demonstrated the effectiveness of convolutional neural network (CNN) architectures for the automated detection and 

classification of respiratory diseases. Abdulahi et al. [17] proposed PulmoNet, a deep learning framework 

incorporating image segmentation techniques to improve the identification and classification of pulmonary 

abnormalities across multiple disease categories. Similarly, Kolhar et al. [18] investigated transfer learning strategies 

combined with lightweight CNN architectures to enhance computational efficiency and facilitate clinical deployment. 
To improve pneumonia detection performance, Dardouri [19,34] explored convolutional neural network models 

integrated with data augmentation techniques, demonstrating enhanced model robustness and classification accuracy. 

Karimullah et al. [20] developed an intelligent diagnostic framework that combines CT image analysis with Internet 

of Things (IoT)-based data transmission for automated lung cancer detection. In addition, Rampriya et al. [27] 

introduced optimized deep learning approaches for pulmonary disease risk assessment, while Sanida et al. [28] 

proposed a multi-class classification framework for chest X-ray image analysis involving several respiratory disease 

categories. Mohan et al. [29] further demonstrated the feasibility of multi-class deep learning models for the 

simultaneous detection of COVID-19 and pneumonia from chest radiographs. More recently, ensemble learning 

strategies have gained increasing attention due to their ability to improve classification performance and model 

generalization. Kumar et al. [30] proposed a multi-model deep learning framework based on the integration of several 

pre-trained CNN architectures, resulting in enhanced diagnostic accuracy. Likewise, Angara et al. [35] combined 

convolutional neural networks with Vision Transformer architectures to develop a hybrid pneumonia detection system, 

demonstrating the advantages of integrating complementary feature extraction mechanisms. Despite these 

advancements, many existing studies remain limited to binary classification tasks or single-modality imaging datasets, 

which restrict their generalizability and practical applicability in complex clinical environments. 

2.3 Data Augmentation, Class Imbalance, and Evaluation Metrics 
  Medical imaging datasets often suffer from limited sample availability and severe class imbalance, which can 

negatively affect the training and generalization capability of deep learning models. To address these challenges, 

numerous studies have investigated data augmentation and balanced learning strategies to improve classification 

performance. Yang et al. [22] presented a comprehensive review of image augmentation techniques and demonstrated 

their importance in enhancing the robustness and generalization ability of deep learning models. Similarly, Nagaye et 

al. [23] introduced an improved hide-and-seek augmentation approach that effectively increased model resilience by 

exposing networks to partially occluded image regions. Sriwiboon [24] further demonstrated that the combination of 

augmentation, model pruning, and quantization techniques can improve both computational efficiency and diagnostic 

accuracy in COVID-19 detection systems. 
Kumar and Bhowmik [25] proposed an efficient convolutional neural network architecture that utilizes balanced 

augmentation strategies to optimize COVID-19 diagnosis performance. In addition, Nguyen and Hoang [8] 

investigated adaptive weighting techniques for imbalanced learning problems and emphasized the importance of 

balanced optimization during model training. Furthermore, Imani et al. [13] showed that conventional performance 

metrics such as the area under the receiver operating characteristic curve (ROC-AUC) may provide misleading results 

when applied to highly imbalanced datasets. Their findings highlighted the necessity of employing complementary 

evaluation metrics, including the F1-score and Matthews Correlation Coefficient (MCC), to obtain a more reliable 

assessment of model performance. These studies collectively indicate that effective data augmentation, balanced 

training methodologies, and comprehensive evaluation metrics are essential components for developing robust multi-

class respiratory disease classification systems. 

2.4 Multi-Modal Learning and Hybrid Ensemble Frameworks 
The integration of chest computed tomography (CT) and chest X-ray imaging has emerged as a promising 

approach for comprehensive respiratory disease diagnosis. By combining information obtained from multiple imaging 

modalities, multi-modal learning frameworks can capture complementary anatomical and pathological characteristics, 

thereby improving diagnostic accuracy. Amara et al. [2] reviewed recent advances in CT image segmentation 

techniques for COVID-19 diagnosis, whereas Qian et al. [7] investigated adaptive fusion methods for integrating 

heterogeneous imaging information from multiple sources. 
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Hybrid and ensemble learning frameworks have demonstrated considerable potential for improving the 

performance and robustness of medical image classification systems. Shaikh et al. [9] employed densely connected 

convolutional networks combined with stacking ensemble techniques and reported significant improvements in 

medical image analysis performance. In addition, the incorporation of attention mechanisms and multi-branch 

architectures has further enhanced feature extraction and classification capabilities. Li et al. [36] proposed a multi-

branch residual attention network for thoracic disease diagnosis, demonstrating the effectiveness of extracting features 

through multiple information pathways. Similarly, Zhu et al. [37] introduced a dual-stream feature fusion architecture 

that highlighted the importance of structured integration mechanisms in multi-branch learning systems. 
The interpretability of artificial intelligence models has also become an important consideration for clinical 

applications. Dalvi et al. [38] investigated various convolutional neural network architectures combined with 

explainable artificial intelligence techniques for pneumonia detection and emphasized the necessity of model 

transparency in healthcare decision-making. Furthermore, Lin et al. [39] developed a multi-class anomaly detection 

framework for medical image analysis, while Owda et al. [40] proposed a lightweight hybrid deep learning model for 

tuberculosis detection that achieved high diagnostic accuracy with reduced computational complexity. Although 

ensemble and hybrid learning approaches have demonstrated superior performance and improved stability, many 

existing methods rely on computationally intensive architectures that limit their practical implementation in resource-

constrained clinical environments. 

2.5 Research Gap and Motivation 
Despite the substantial progress achieved in deep learning-based respiratory disease diagnosis, several 

important challenges remain unresolved. First, a large proportion of existing studies focus primarily on binary 

classification problems, limiting their applicability to real-world clinical scenarios that require differentiation among 

multiple respiratory diseases. Second, many ensemble-based frameworks employ computationally expensive 

architectures, making their deployment difficult in resource-constrained healthcare settings. Third, current multi-

modal diagnostic systems often struggle to simultaneously achieve high classification accuracy, computational 

efficiency, model stability, and effective generalization across diverse imaging modalities. 
To address these limitations, this study proposes a Multi-Objective Optimized Hybrid Deep Learning 

framework that integrates DenseNet121, MobileNetV3, and Xception architectures through a probability-level 

weighted ensemble strategy. The proposed framework combines the robust feature extraction capability of deep 

hierarchical networks with the computational efficiency of lightweight architectures to enable accurate and reliable 

multi-class classification of respiratory diseases using both chest CT and chest X-ray images. By integrating 

complementary feature representations and optimized ensemble learning techniques, the proposed system aims to 

provide a practical, stable, and clinically deployable solution for automated respiratory disease diagnosis 
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3. Research Methodology 

 

Fig. 2 Workflow of the Hybrid Deep Learning 
The complete pipeline consists of dataset preparation, preprocessing, dual-model feature extraction, 

probabilistic fusion, optimization, and evaluation. 

3.1 Dataset Acquisition 
Let the dataset be defined as: 

𝒟 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁  

where: 

• 𝑥𝑖 ∈ ℝ𝐻×𝑊×𝐶represents a chest image 

• 𝑦𝑖 ∈ {1,2,3,4}denotes the corresponding class label 

Here, 𝐻, 𝑊, and 𝐶represent height, width, and channels, respectively. All images are resized to a fixed spatial 

resolution to ensure uniform feature extraction across models. 
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Table 1. Dataset distribution and augmentation configuration used for multi-class respiratory disease 

classification 
Metric Value 

Train Images 5,592 

Test Images 1,401 

Classes 4 

Input Size 224×224 

Epochs 25 

Effective Samples 139,800 

   Table 1 presents the dataset and training configuration for multi-class respiratory disease classification. The 

Softmax function transforms these logits into class probabilities for the system. The dataset contains 5,592 training 

images and 1,401 testing images, which are divided into four classes, and all images have been resized to 224×224. 

Data augmentation increased the effective samples to 139,800, which enhanced the model's robustness and 

generalisation capabilities. 

3.2 Preprocessing Pipeline 
       The system requires image input to go through resizing and normalisation processes before it can use the 

model. The system applies min–max normalization to scale pixel intensities through its normalisation method: 

𝑥𝑖
′ =

𝑥𝑖 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 

    The process of transformation leads to two benefits, which include stabilising gradient updates and enabling 

faster convergence. The system uses stochastic augmentation for generalisation improvement, which applies: 

𝑥̃𝑖 = 𝒯(𝑥𝑖
′) 

Where 𝒯 represent the random transformations that include rotation, horizontal flipping, and zooming. The method 

decreases overfitting while enhancing protection against various imaging conditions. 

3.3 Dual-Backbone Feature Extraction 
The two convolutional neural networks extract deep hierarchical features through their design. The learned 

representations 𝑥𝑖 for an input image are measured through multiple factors: 

where: 

𝐹𝐷 = 𝐷𝑒𝑛𝑠𝑒𝑁𝑒𝑡121(𝑥𝑖). 

𝐹𝑀 = 𝑀𝑜𝑏𝑖𝑙𝑒𝑁𝑒𝑡𝑉3(𝑥𝑖). 

 𝐹𝑋 = 𝑋𝑐𝑒𝑝𝑡𝑖𝑜𝑛(𝑥𝑖). 

DenseNet121 facilitates efficient feature reuse through dense connectivity, MobileNetV3 provides 

computationally efficient representations suitable for real-time deployment, and Xception captures discriminative 

spatial features using depthwise separable convolutions. The integration of these architectures enables the extraction 

of diverse and robust feature representations, thereby improving the accuracy and reliability of multi-class respiratory 

disease classification. 

 

 

3.4 Hybrid Feature Fusion Strategy 
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The system uses probability-level fusion instead of feature concatenation to decrease processing needs and 

create more reliable outcomes. 

The system calculates the final hybrid prediction through the following equation: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑 = 𝛼𝑃𝐷 + (1 − 𝛼)𝑃𝑀 

 

where: 

• 0 ≤ 𝛼 ≤ 1 

• 𝛼controls the contribution of DenseNet121 

In practice, equal weighting is used: 

𝛼 = 0.5 

   The system uses this averaging method to decrease prediction uncertainty while it creates equal decision boundaries 

that match the two networks' outputs. 

The system outputs the predicted class label as follows: 

𝑦̂ = arg max
𝑘

𝑃𝐻𝑦𝑏𝑟𝑖𝑑
(𝑘)

 

 

Algorithm 1: Proposed Hybrid Model 

1. Input: Medical image dataset 𝐷 = {𝑥𝑖 , 𝑦𝑖}, where 𝑥𝑖as an image 𝑦𝑖 ∈

{𝐶𝑂𝑉𝐼𝐷, 𝑃𝑛𝑒𝑢𝑚𝑜𝑛𝑖𝑎, 𝐿𝑢𝑛𝑔𝐶𝑎𝑛𝑐𝑒𝑟, 𝑁𝑜𝑟𝑚𝑎𝑙} 

2. Preprocessing: 

a. Resize each image to 224 × 224. 

b. Normalise pixel values to [0, 1]. 

c. Apply augmentation (rotation, flip, zoom). 

3. Feature Extraction: 

a. Extract feature maps .𝐹𝐷 =  𝑓𝐷𝑒𝑛𝑠𝑒𝑁𝑒𝑡121(𝑥𝑖) 

b. Extract feature maps .𝐹𝑀 =  𝑓𝑀𝑜𝑏𝑖𝑙𝑒𝑁𝑒𝑡𝑉3(𝑥𝑖) 

c. Extract feature maps 𝐹𝑋 =  𝑓𝑋𝑐𝑒𝑝𝑡𝑖𝑜𝑛(𝑥𝑖) 

d.  

4. Feature Fusion: 

Combine both feature sets: 

𝐹𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =  𝑎𝐹𝐷 +  𝑏𝐹𝑋 +  𝑐𝐹𝑀 

     Where a+ b+ c =1                                                      

where FX represents the feature embedding obtained from the Xception network, and a, b and c are non-

negative weighting coefficients 

5. Classification Layer: 

Pass 𝐹𝐻𝑦𝑏𝑟𝑖𝑑through a fully connected layer → Softmax → Output class probabilities. 

6. Loss Function: 
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Use Cross-Entropy Loss for multi-class prediction. 

7. Optimization: 

Use the Adam optimizer with a learning rate. 1 × 10−4.  

8. Training: 

a. Train both networks simultaneously for 25–30 epochs. 

b. Apply early stopping when validation accuracy plateaus. 

9. Evaluation: 

Compute: 

i. Accuracy 

ii. Precision, Recall, F1-score 

iii. Confusion Matrix 

10. Output: 

Predicted label 𝑦𝑝𝑟𝑒𝑑 = ar g m a x(𝐹𝐻𝑦𝑏𝑟𝑖𝑑) 

3.5 Classification and Regularization 
The combined probabilities create four different diagnostic categories. The training process uses categorical 

cross-entropy loss as its primary loss function:  

ℒ = − ∑ 𝑦𝑘

4

𝑘=1

log(𝑃𝐻𝑦𝑏𝑟𝑖𝑑
(𝑘)

) 

𝑦𝑘  describes the one-hot encoded ground truth, which the system uses as its reference point. 

Batch normalization is used to maintain stability during internal covariate shift. 

𝑥̂ =
𝑥 − 𝜇𝐵

√𝜎𝐵
2 + 𝜖

 

Dropout regularisation introduces stochastic neuron deactivation during training: 

𝑥′ = 𝑚 ⊙ 𝑥 

where 𝑚is a Bernoulli mask. This improves generalisation and reduces overfitting. 

3.6 Optimization Strategy 

Model parameters are optimised using the Adam optimiser. Parameter updates follow: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝑚𝑡

√𝑣𝑡 + 𝜖
 

where: 

• 𝜂is the learning rate 

• 𝑚𝑡 and 𝑣𝑡 are first and second moment estimates 

   The process of early stopping stops when the validation performance reaches its highest point to avoid 

creating overfitting issues. 

3.7 Model Training and Baseline Comparison 
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    Multiple pre-trained convolutional neural network architectures were trained on the same dataset to create a 

performance benchmark. These include ResNet-18, EfficientNet-B0, VGG16, DenseNet121, Xception, and 

MobileNetV3-Large. 
All backbone models underwent identical training conditions to guarantee equal testing conditions for their 

performance evaluation. The independent evaluation of these baseline architectures enabled analysis of classification 

behaviour, convergence characteristics, and class-wise performance variations. 
   Based on comparative assessment, DenseNet121,and MobileNetV3-Large demonstrated complementary 

strengths in feature representation and generalisation stability. Therefore, a dual-model hybrid ensemble integrating 

these two architectures was constructed as the final proposed MUOPTDL framework. 
   It is important to note that Xception and other evaluated architectures were utilised solely for baseline 

comparison and were not incorporated into the final ensemble fusion strategy. 

3.8 Model Evaluation 
    The performance of the model is assessed through the metrics of accuracy, precision, recall, F1-score, macro 

averages, and confusion matrix analysis. The formulas for precision and recall are given below: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
,   𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
. 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
. 

    The last model provides outstanding and trustworthy results, generating 100% precision and recall for 

COVID-19 and lung cancer, and very good F1-scores of 0.98 for pneumonia and 0.95 for normal situations. The hybrid 

ensemble model, which reached an overall accuracy of 98%, has been shown to be very useful for the multi-class 

detection of respiratory diseases.  

4. Result and Discussion 
    The section compares different deep learning models with the proposed hybrid ensemble framework, which 

performs multi-class respiratory disease classification (COVID-19, Lung Cancer, Normal, and Pneumonia). The 

performance evaluation uses a confusion matrix assessment together with training convergence analysis, ROC/AUC 

testing, and class-based precision-recall measurement. The research aims to assess how well lightweight architectures 

and deep architectures achieve generalisation and stability during operation and their ability to handle classification 

tasks. 

4.1. Classification Performance 
4.1.1 ResNet-18 Model: 

    The confusion matrix in Figure 3 unequivocally indicates that the model is performing wonderfully in the 

four disease categories. Among the COVID-19 cases, there are predictions of 116/116 correct ones, which means the 

model has a perfect recall and no false positives. The Lung Cancer image prediction means malignant patterns are 

completely isolated from other thoracic diseases. The Normal cases achieve 298 correct predictions, and only for 18 

cases, the misclassification is into Pneumonia, which means there is a very slight visual overlap between normal tissue 

and mild infection patterns in chest X-rays, which, in a way, is in agreement with early radiological pneumonia being 

visually subtle.  
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Fig. 3 Confusion Matrix of ResNet–18 Model 

4.1.2 Efficient Net – B0 Model 
     The confusion matrix for EfficientNet-B0 shows in Figure 4 proof of the model's development. The recall 

for the COVID-19 and Lung cancer classes is again perfect, and this indicates the power of Efficient Net in detecting 

highly contrasting pathological signs. The normal class reached 311 correct predictions, and thus, 6 cases were 

incorrectly classified as pneumonia, which is a minor issue. On the other side, pneumonia shows a great reliability 

with 816 cases accurately classified, although 37 samples were mistakenly classified as Normal; this is a common 

problem because of the difficult identification of mild pneumonia in X-rays. The darker diagonal blocks and lighter 

off-diagonal values provide a clear picture of the dense diagonal dominance and also confirm the enhancement of 

feature extraction by EfficientNet-B0 and its powerful generalisation across all classes. 

 
Fig. 4 Confusion Matrix of Efficient Net – B0 Model 

4.1.3 MobileNetV3 Model 
    The accuracy curve for MobileNetV3-Large in the process of training and fine-tuning, displayed in Figure 5, 

shows a very clear upward trend across all epochs in both the training and validation accuracy. The training accuracy, 

which was initially at nearly 93%, is progressively going up to more than 99%, while the validation accuracy, which 

had started at almost 95.8%, is going up to around 97.8%. The difference between training and validation accuracy is 

very small throughout, which is a sign of good generalisation and very little overfitting. Such a trend points towards 

the fact that fine-tuning has a huge impact on the model's performance as well as its stability, thus making it a very 

good choice for a classification problem. 
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Fig. 5 MobileNetV3 – Large Combined Accuracy 

4.1.4 VGG16 Model 
The confusion matrix of VGG16 in Figure 6 of COVID-19, in which 98 are correctly identified, 8 are wrongly 

classified as Normal, and 10 are as Pneumonia, resulting in the lower recall of COVID-19 (~0.84). Lung cancer 

diagnoses are perfect. The Normal category has 310 correct and 7 misclassified as Pneumonia, which gives a high 

recall (~0.98) but leads to false positives in other categories, thus lowering precision. Pneumonia has 818 correct and 

37 misclassified as Normal; its strong recall (~0.96) is thus affected by some overlap with Normal. In general, the 

confounding factors show most discrimination difficulties between Normal and Pneumonia, alongside a few missed 

COVID-19 cases. 

 
Fig. 6 Confusion Matrix of VGG16 Model 

4.1.5 DenseNet121 Mode 
The confusion matrix of DenseNet121 in Figure 7 shows the excellent performance in classification in all four 

classes. The retail of COVID-19 is done perfectly with 116 predictions being correct out of 116, which translates to 

100% recall and no false positives. The Lung Cancer detection also achieved outstanding performance by making 113 

correct predictions out of 113, thus validating the model's ability to discern malignant patterns with high precision. 

For the Normal category, the count of right identifications is 300, while 16 instances are incorrectly classified as 

Pneumonia and 1 as COVID-19, resulting in a recall of about 94.6% and a bit lower precision due to these errors. 

Pneumonia impressively reveals its presence through 837 correct predictions out of 855, though 18 samples are 

misclassified as Normal, which is generally a challenge owing to the subtle radiological signs of mild pneumonia.  
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Fig. 7 Confusion Matrix of DenseNet 121 Model 

4.1.6 Xception 
Figure 8 shows that there are 116 out of 116 correct classifications; for Lung Cancer, there are 113 out of 113 

correct. The Normal class has 305 correct, and 12 are misclassified as Pneumonia, thus coinciding with the high recall 

(~0.962). Pneumonia has 818 correct, with 35 misclassified as Normal and 2 misclassified as COVID-19; this factor 

is the main source of error for counting, which is in line with its recall (~0.957). In general, Xception confuses Normal 

with Pneumonia most of the time, but is faultless with COVID-19 and Lung Cancer. 

 
Fig. 8 Confusion Matrix of Xception 
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4.2 Training Dynamics & Convergence 

 
Fig. 9 Training vs Validation Accuracy Curve of ResNet-18 

The training and validation accuracy results of the ResNet18 model appear in Figure 9. The training accuracy 

shows a steady and consistent increase across epochs, indicating effective learning of discriminative features from 

chest images. The validation accuracy is also on the same trend and is near the training curve throughout most of the 

epochs showing that it has good ability to generalize. The temporary reduction in the validation accuracy occurs at the 

middle epochs, which is possible due to the variability of the data or unequal distribution of the classes. The error 

margin is minimized to a great extent and becomes constant in the later epochs. The values of training and validation 

accuracy are similar that implies that the overfitting is at minimal rate and the ResNet18 model demonstrates steady 

learning trends during the entire training process. 
The temporary decrease in validation accuracy observed around the fourth epoch is primarily attributed to 

stochastic mini-batch optimization and the effect of data augmentation applied during training. During the early stages 

of learning, the model is exposed to diverse augmented samples, resulting in short-term fluctuations in validation 

performance. Such behavior is common in deep learning models and does not indicate overfitting or optimization 

instability. As training progresses, the network learns more discriminative feature representations, leading to rapid 

recovery and stabilization of validation accuracy in subsequent epochs. The close alignment between training and 

validation accuracy curves in later epochs confirms the robustness and convergence stability of the proposed 

framework. 

4.3 ROC/ AUC Curve 
The ROC curve analysis shows exceptional ability to distinguish between four different classes of data. The 

AUC results for COVID-19 and Lung Cancer show near-perfect values, which demonstrate their ability to separate 

these conditions from all other disease categories. The Pneumonia and Normal classes show high AUC results, which 

display slight overlap according to their radiological similarities. The deep feature representations that the tested 

architectures learned show reliable performance through ROC analysis. 

 

Fig. 10 ROC Curve of Efficient – B0 
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4.4 Precision Recall Matrix of Hybrid Ensemble And Weighted /Hybrid Model  
The hybrid ensemble, which is shown in Table 2, further improves the overall accuracy to 97.43%. The 

categories of both COVID‑19 and Lung Cancer have been given a perfect score (precision, recall, and F1 all = 1.0000), 

which means that there are no misses in detection, and no false alarms have occurred in these classes. The Normal 

class has displayed a noticeable precision increase (0.9350 vs 0.8971), while also sustaining very high recall (0.9527), 

which leads to a balanced F1 of 0.9437—this suggests that the number of incorrectly labelled non-normal cases as 

Normal in comparison with Xception has decreased. Pneumonia is up in terms of sensitivity with a new recall of 

0.9754 (an increase from 0.9567), and also maintains high precision (0.9823), which results in F1 = 0.9789. The macro 

averages of the ensemble (P 0.9793, R 0.9820, F1 0.9807) and weighted averages (~ 0.9744) confirm that the improved 

performance has been consistent across all classes, and the major success has been in decreasing Normal↔Pneumonia 

confusion while keeping COVID‑19/Lung Cancer perfect. 
Table 2. Precision- Recall Matrix of Hybrid Ensemble 

Class Precision Recall F1-Score Support 

COVID19 1.0000 1.0000 1.0000 116 

LUNG_CANCER 1.0000 1.0000 1.0000 113 

NORMAL 0.9350 0.9527 0.9437 317 

PNEUMONIA 0.9823 0.9754 0.9789 855 

Accuracy   0.98 1401 

Macro Avg 0.9793 0.9820 0.9807 1401 

Weighted Avg 0.9745 0.974 0.974 1401 

The matrix shown in Table 3 corroborates the metrics of the report: COVID‑19 and Lung Cancer are both 

classified perfectly. The model can identify 303 Normal cases correctly, but it makes 14 false positive diagnoses of 

Pneumonia. This gives a recall rate of 0.956 and a precision rate of 0.94. The model for Pneumonia corrects 837 cases 

while 18 cases it diagnoses as Normal, which leads to a recall of 0.979 and a precision of 0.984. The system commits 

errors only between Normal and Pneumonia because it maintains complete separation between COVID‑19 and Lung 

Cancer, which results in perfect scores for those categories and an overall accuracy of 98%. 
Table 3. Precision- Recall Matrix of Weighted Hybrid Model 

Class Precision Recall F1-Score Support 

COVID19 1.00 1.00 1.00 116 

LUNG_CANCER 1.00 1.00 1.00 113 

NORMAL 0.94 0.96 0.95 317 

PNEUMONIA 0.98 0.98 0.98 855 

Accuracy   0.98 1401 

Macro Avg 0.98 0.98 0.98 1401 

Weighted Avg 0.98 0.98 0.98 1401 

4.5 Discussion  
The evaluation results prove that using ensemble learning systems for multi-class respiratory disease 

classification produces better results than using single deep learning models. DenseNet121 achieves the best-balanced 

accuracy among the three models because of its dense connectivity design, while MobileNetV3 enables efficient 

computations with consistent performance during training. The majority of classification errors occur between the 
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Normal and Pneumonia categories because these two categories share common radiological features, which create 

difficulty for the system to differentiate between them. The hybrid ensemble system achieves better prediction results 

because it combines different architectural elements through probability-based fusion, which helps to decrease 

prediction uncertainty. The system reaches 98% accuracy because it uses different feature types to improve multi-

modal diagnostic results without needing synthetic data augmentation or advanced optimisation techniques. 
The comparative analysis demonstrates that the proposed MUOPTDL framework achieves competitive 

performance with recent state-of-the-art methods published during 2024-2025, as shown in Table 4. 
Table 4. Comparative Performance Analysis of Proposed MUOPTDL with Existing Lung Disease 

Detection Models 
Reference Accuracy (%) Precision Recall F1-score AUC 

Kaya et al. (2024) [32] 97.23 — — — — 

Chihaoui et al. (2024) [33] ~97 — — — — 

Dardouri et al. (2025) [34] 96 96 94 96 — 

Angara et al. (2024) [35] ~94.87 — — — — 

Proposed MUOPTDL 98.00 98 98 98 99 

The proposed framework shows better disease classification performance because it uses multiple disease 

classification methods, although recent literature uses single-architecture methods and training specific to particular 

modalities. The results show that hybrid ensemble methods create an effective balance between diagnostic accuracy 

and operational efficiency, which makes the system appropriate for fast-paced clinical screening settings. 

4.6 Training Stability and Generalization Analysis 

 

Fig 11: Web-Based Interface Showing Uploaded Chest Image and Predicted Disease Output 
Figure 11 and 12 shows the web-based interface developed for real-time disease prediction. The system enables 

users to upload chest images and obtain predicted labels with confidence scores. 
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Fig 12: Class-wise Prediction Confidence Visualization of the Proposed Hybrid Model 

Conclusion 
The integration of multi-scale deep convolutional neural networks (CNNs) with weighted fusion techniques 

significantly enhances the multi-class classification performance of COVID-19, pneumonia, lung cancer, and normal 

cases using CT and chest X-ray imaging modalities. The proposed model demonstrates high diagnostic accuracy while 

effectively addressing class imbalance and adapting to variations in imaging conditions. These capabilities make it a 

promising approach for real-time clinical applications. Future research can further improve this framework by 

incorporating three-dimensional (3D) volumetric CT analysis, transformer-based vision architectures, federated 

learning for privacy-preserving multi-institutional training, and explainable artificial intelligence (XAI) techniques to 

support clinical interpretation by radiologists. Additionally, integrating electronic health records (EHRs), biological 

markers, and longitudinal patient imaging data may enhance predictive performance and facilitate the development of 

fully automated, AI-assisted respiratory disease diagnosis and management systems. 
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