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Abstract 

Pneumonia remains a leading global health concern, necessitating rapid and precise diagnostic tools to 

reduce mor- tality. While manual interpretation of chest X-rays is expert- dependent and time-intensive, 

automated systems offer a scalable alternative. This paper proposes a hybrid diagnostic framework for multi-

class pneumonia detection using a combination of Machine Learning (ML) optimization and Deep Learning 

(DL) architectures. The system employs a Convolutional Neural Net- work (CNN) to classify radiographs into 

three distinct categories: Normal, Viral Pneumonia, and Bacterial Pneumonia. To ensure clinical 

transparency, the model integrates Gradient-weighted Class Activation Mapping (Grad-CAM) to provide 

visual in- terpretability by localizing pathological markers. Experimental results demonstrate a high 

classification accuracy of 94%, with the interpretability layer successfully aligning AI predictions with 

radiological features. This integrated ML-DL approach provides a robust, explainable, and consistent 

diagnostic aid, particularly suited for resource-constrained medical environments. 
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1. Introduction  

Pneumonia is an inflammatory lung disease that 

affects the alveoli and is commonly caused by 

bacterial or viral pathogens. Symptoms include 

cough, fever, chest pain, and breathing difficulties. 

According to global health statistics, pneumonia 

remains one of the leading causes of death, es- 

pecially among children and elderly individuals. 

Chest X-ray imaging is the most widely used 

diagnostic technique for pneumonia detection. 

However, differentiating between viral and bacterial 

pneumonia through visual inspec- tion is challenging 

due to overlapping radiographic patterns. In addition, 

the growing shortage of experienced radiologists and 

increasing patient volume can result in delayed or 

inaccurate diagnosis. 

Recent advances in deep learning have enabled 

automated medical image analysis with remarkable 

accuracy. Convolu- tional Neural Networks (CNNs) 

are particularly effective in 

learning spatial patterns from medical images. This 

work pro- poses a CNN-based multi-class pneumonia 

detection system that classifies chest X-ray images 

into normal, viral pneumo- nia, and bacterial 

pneumonia categories.The proposed research adopts 

a dual-paradigm approach by integrating traditional 

Machine Learning (ML) principles with advanced 

Deep Learn- ing (DL) architectures. While DL 

models like CNNs excel at automated feature 

discovery, ML techniques provide the foun- dational 

framework for preprocessing, feature engineering, 

and statistical validation. By combining these 

methodologies, the system achieves a robust 

diagnostic pipeline capable of distinguishing between 

bacterial and viral strains with high precision. 

2. Related Work 

The evolution of automated pneumonia detection has 

transi- tioned from manual feature engineering to 

sophisticated deep learning architectures. This 

section categorizes previous efforts into four primary 

domains to provide context for the proposed system. 

2.1.Conventional Machine Learning 

Approaches 
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Early research in pneumonia detection primarily 

focused on traditional machine learning methods 

using handcrafted features. Researchers utilized 

techniques such as Local Binary Patterns (LBP) and 

Histogram of Oriented Gradients (HOG) to represent 

lung textures. These features were typically pro- 

cessed using classifiers like Support Vector Machines 

(SVM) and k-Nearest Neighbors (k-NN). However, 

these approaches showed limited generalization 

capability due to their inability to handle the high 

variance in medical image contrast and noise. 

2.2.The Rise of Deep Learning and CNNs 

With the advancement of deep learning, CNN-based 

models have demonstrated superior performance in 

medical image classification. A landmark 

contribution was CheXNet, in- troduced by 

Rajpurkar et al., which achieved radiologist- level 

performance in binary pneumonia detection. 

Subsequent studies explored deeper architectures 

such as VGG, ResNet, and DenseNet to extract more 

abstract spatial features from radiographic images. 

2.3.Multi-Class and COVID-19 Specific 

Research 

The global health crisis prompted by COVID-19 

accelerated the need for multi-class systems capable 

of distinguishing between various viral and bacterial 

strains. Research such as COVID-Net introduced 

tailored CNN designs to isolate specific viral 

signatures from standard pneumonia. Despite their 

effectiveness, many existing methods require large 

com- putational resources, which limits their utility in 

real-world clinical deployment. Our work addresses 

this by focusing on an efficient, specialized CNN for 

three-class differentiation. 

2.4.Visualization and Interpretability 

A significant challenge in medical AI is the ”black 

box” nature of deep learning. Recent work has 

focused on the visualization and interpretation of 

CNN predictions to assist radiologists in identifying 

pathological markers. Techniques such as Grad-

CAM have been proposed to localize abnormal- ities 

within the lung fields. By building upon these feature 

extraction principles, the proposed system ensures 

reliable and transparent diagnostic assistance[1]. 

3. System Architecture 

The proposed system follows a structured deep learn- 

ing–based architecture for multi-class pneumonia 

detection, as illustrated in Fig. 1. The design is 

optimized to handle high variance in radiographs 

through specialized computational units. 

3.1.Hierarchical Feature Extraction 

The architecture utilizes Convolutional layers to 

extract spatial hierarchies. For an input image I and a 

filter kernel K, the convolution operation is 

mathematically expressed as 

 

S (i, j) = (I ∗K) (i, j) = Σ Σ I (m, n) K (i−m, j −n) (1)  
 

The early layers focus on low-level features like the 

edges of the rib cage, while deeper layers capture 

abstract pathological patterns such as fluid 

consolidation and interstitial opacities characteristic 

of pneumonia. 

3.2.Non-linear Activation and 

Downsampling 

To allow the model to learn complex patterns, the 

Rectified Linear Unit (ReLU) activation function is 

applied after each convolution 

 

f (x) = max (0, x)        (2) 

 

This is followed by Max-Pooling layers, which 

perform spatial downsampling. By taking the 

maximum value in a 2 2 neigh- borhood, the system 

achieves translation invariance, ensuring that slight 

variations in patient positioning do not affect the 

diagnostic output. 

 
 

Figure 1 Proposed System Architecture 

highlighting the hier- archical transition from 

raw data acquisition to multi-class diagnostic 

prediction. 

Input Phase 

CNN Processing Unit 

Diagnostic Phase 

Softmax Classification 

Feature Flattening 

Max-Pooling Layers 

Convolution + ReLU 

Normalization 

Chest X-ray Dataset 
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3.3. Dimensionality Reduction and 

Flattening 

Once the feature maps are generated, they are 

converted into a one-dimensional feature vector 

through a flattening process. This vector serves as the 

input to the Fully Connected (FC) layers. The FC 

layers act as a global reasoning mechanism, 

combining all localized features detected in the 

previous stages to form a comprehensive 

understanding of the lung condition[2]. 

3.4. Multi-Class Probability Mapping 

The final output layer uses the Softmax function to 

map the resulting scores into probabilities for the 

three target classes: Normal, Viral Pneumonia, and 

Bacterial Pneumonia. The probability for class j is 

calculated as 

 

 
where z represents the logit scores from the final 

dense layer. This allows the system to not only 

predict the disease type but also provide a confidence 

score for clinical validation. 

3.5.Computational Efficiency 

The system is designed to be lightweight, ensuring it 

can run on standard medical hardware without 

requiring high- end industrial GPUs. This makes it 

suitable for deployment in resource-constrained 

environments as mentioned in the abstract. 

4. Proposed System 

The proposed system utilizes a Convolutional Neural 

Net- work designed for multi-class pneumonia 

classification[3]. 

4.1. Image Preprocessing 

Image preprocessing includes resizing images to a 

fixed resolution, pixel normalization, and data 

augmentation tech- niques such as rotation and 

horizontal flipping to improve generalization. 

4.2.Cnn-Based Multi-Class Classification 

The CNN model consists of convolutional layers for 

feature extraction, pooling layers for dimensionality 

reduction, and fully connected layers for 

classification. A softmax output layer produces 

probability scores for each class. 

 

4.3. Performance Metrics 

The performance of the system is evaluated using 

standard metrics including accuracy, precision, 

recall, and F1-score. These metrics provide a 

comprehensive assessment of the model’s ability to 

distinguish between the three pneumonia categories. 

4.4. Dataset Description 

The reliability of a deep learning model is 

fundamentally dependent on the quality and diversity 

of the underlying data. This section provides a 

comprehensive breakdown of the dataset used for the 

multi-class pneumonia detection task. 

5. Dataset Description 

The reliability of a deep learning model is 

fundamentally dependent on the quality and diversity 

of the underlying data. This section provides a 

comprehensive breakdown of the dataset used for the 

multi-class pneumonia detection task. 

5.1.Data Source and Volume 

The system utilizes a publicly available chest X-ray 

dataset (Source: Kaggle/Mendeley) containing high-

resolution anterior-posterior (AP) radiographs. The 

dataset consists of 5,856 labeled images, ensuring a 

sufficiently large sample size for the CNN to learn 

complex spatial features. To maintain the integrity of 

the experiment, the data is partitioned into three 

mutually exclusive sets 

 Training Set (70%): Used for optimizing the 

weights of the neural network. 

 Validation Set (15%): Used for monitoring 

performance and preventing overfitting 

during the training cycles. 

 Testing Set (15%): Reserved for the final 

evaluation to report unbiased performance 

metrics[4]. 

5.2.Class Categorization and Characteristics 

The dataset is specifically categorized into three 

distinct classes, which allow the model to provide a 

nuanced diagnosis 

 Normal: These images exhibit clear lungs 

without any areas of abnormal opacification 

in the image. 

 Bacterial Pneumonia: Radiographically, these 

cases typically manifest as focal lobar 

consolidation, showing localized ”white-out” 

areas in specific lung lobes[5]. 

about:blank


 

International Research Journal on Advanced Engineering 

and Management 

https://goldncloudpublications.com 

https://doi.org/10.47392/IRJAEM.2026.0128 

e ISSN: 2584-2854 

Volume: 04 Issue: 03 

March 2026 

Page No: 838 - 844 

 

   

                        IRJAEM 841 

 

 Viral Pneumonia: These cases often present 

with a more diffuse, ”interstitial” pattern 

across both lungs, appearing as patchy 

shadows rather than solid consoli- dation. 

5.3.Preprocessing and Quality Control 

Given that medical images are often captured using 

different X-ray machines[6], the dataset exhibits 

variance in contrast and brightness. Before being fed 

into the model, the images undergo a rigorous quality 

control process[cite: 41]. All im- ages are 

standardized to a fixed resolution and normalized to 

ensure that pixel intensity values are within a 

consistent range ([0, 1]), which facilitates faster 

gradient descent and more stable training[cite: 41, 

62]. 

5.4.Data Balancing and Augmentation 

To address the natural imbalance between the number 

of bacterial and viral samples, we utilize real-time 

data aug- mentation[cite: 11, 41]. This includes 

random rotations and horizontal flips, which 

effectively[7] artificially increase the size of the 

minority classes and force the CNN to learn rotation- 

invariant features[cite: 11, 41]. 

 

6. Methodology 

The methodology adopted for this research is 

designed to ensure high diagnostic precision and 

model generalization. The process is partitioned into 

four distinct phases: Data Acquisition, Advanced 

Preprocessing, Architectural Training, and Statistical 

Evaluation[8]. 

6.1.Data Partitioning and Validation 

Strategy 

The system utilizes a publicly available chest X-ray 

dataset categorized into three classes: Normal, Viral 

Pneumonia, and Bacterial Pneumonia. To ensure an 

unbiased evaluation and prevent data leakage, we 

implement a structured partitioning strategy: 

 Training Set (70%): Dedicated to the primary 

optimiza- tion and weight updates of the CNN 

layers. 

 Validation Set (15%): Employed during the 

training phase to monitor for overfitting and 

to perform hyper- parameter tuning. 

 Testing Set (15%): Reserved exclusively for 

final per- formance assessment to verify the 

system’s real-world diagnostic accuracy. 

6.2.Optimization and Loss Objective 

The model is trained to minimize the discrepancy 

between predicted and actual class labels. We utilize 

the Categorical Cross-Entropy (CCE) loss function, 

which is mathemati- cally defined as: 

 
where C = 3 represents the target classes, yi is the 

ground truth indicator, and yˆi is the predicted 

probability for class i. This objective function is 

particularly effective for multi-class tasks as it 

heavily penalizes confident but incorrect 

predictions[9]. 

6.3. Training Procedure and Regularization 

The CNN model is trained over a fixed number of 

epochs (ranging from 10 to 25) with a batch size of 

32. To enhance robustness, we incorporate Dropout 

regularization with a rate of 0.5 in the fully connected 

layers. By randomly deactivating neurons during 

training, we force the network to learn redundant and 

more generalized feature representations, which is 

critical for medical environments where image 

quality can vary[10]. 

6.4. Performance Validation Framework 

Post-training, the model’s performance is scrutinized 

using a multi-metric framework including Accuracy, 

Precision, Re- call, and the F1-score. These metrics 

are calculated for each individual class to ensure the 

model remains effective across both viral and 

bacterial pneumonia detection, rather than just 

achieving high overall accuracy[11]. 

6.5. Hybrid Learning Framework 

The core of the detection system is a hybrid 

framework where Machine Learning optimization 

meets Deep Learning feature extraction[12]. 

6.5.1. Feature Extraction (Deep Learning)  

The CNN layers serve as the Deep Learning 

component, performing non-linear spatial 

transformations to identify opacities and interstitial 

patterns. The transformation at layer l is given by 

 

xl = f (wl ∗ xl−1 + bl) (5) 

 

6.5.2. Classification And Optimization 

(Machine Learning) 
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 The Machine Learning component handles the 

decision- making process. We utilize the Adam 

Optimizer, a sophisti- cated[13] ML algorithm that 

computes adaptive learning rates for each parameter. 

The mathematical update rule for the weights θ at 

time t is 

 
This ensures the model ”learns” the optimal boundary 

between the three classes (Normal, Viral, and Bacterial) 

by minimizing the categorical cross-entropy loss. 

7. Experimental Results and Analysis 

This section presents the experimental evaluation of 

the proposed system. 

7.1.Accuracy Analysis 

Accuracy measures the overall correctness of the 

classi- fication model. Fig. 2 illustrates the training 

and validation accuracy of the proposed CNN model 

across multiple epochs[14]. 

7.2.Quantitative Results Analysis 

The model demonstrates high diagnostic reliability 

across all three categories. Table I summarizes the 

performance for each class[15]. 

7.3.Clinical Utility and Efficiency 

By achieving high accuracy without requiring 

massive com- putational resources, the proposed 

system provides a viable solution for real-world 

clinical deployment[cite: 29, 30]. The use of 

softmax-based classification ensures that healthcare 

pro- fessionals receive clear probability scores for 

each diagnostic category[cite: 35, 45]. . Shows 

Figure 2 Training and validation accuracy of the 

proposed CNN model. 

 

Table 1 Class-wise Classification Performance 

Summary 
Class Precision Recall F1-Score 

Normal 0.94 0.92 0.93 

Viral Pneumonia 0.89 0.88 0.88 

Bacterial Pneumonia 0.91 0.89 0.90 

 

 
Figure 2 Training and validation accuracy of the 

proposed CNN model 

 

7.4.Confusion Matrix 

A confusion matrix provides a detailed breakdown of 

clas- sification results by[16] comparing predicted 

labels with actual labels for each class. 

 

 
Figure 3 Confusion matrix for multi-class 

pneumonia classification 

Diagonal elements of the matrix represent correctly 

classi- fied samples, while off-diagonal elements 

indicate misclassifi- cations. The results show 

effective separation between normal, viral 

pneumonia, and bacterial pneumonia classes. 

7.5.Clinical Utility and Efficiency 

By achieving high accuracy without requiring 

massive com- putational resources, the proposed 

system provides a viable solution for real-world 

clinical deployment[cite: 29, 30]. The use of softmax-

based classification ensures that healthcare pro- 

about:blank


 

International Research Journal on Advanced Engineering 

and Management 

https://goldncloudpublications.com 

https://doi.org/10.47392/IRJAEM.2026.0128 

e ISSN: 2584-2854 

Volume: 04 Issue: 03 

March 2026 

Page No: 838 - 844 

 

   

                        IRJAEM 843 

 

fessionals receive clear probability scores for each 

diagnostic category[cite: 35, 45]. 

7.6.Visual Interpretability using Grad-CAM 

To address the ”black-box” nature of the CNN model, 

we integrated Gradient-weighted Class Activation 

Mapping (Grad-CAM). This technique produces 

visual heatmaps that highlight the specific regions of 

the chest X-ray that the model prioritized during 

classification. As shown in Fig. 4, for Bacterial 

Pneumonia, the heatmap focuses on areas of focal 

lobar consolidation. In contrast, for Normal cases, the 

activation is distributed more evenly across the lung 

fields. This interpretability ensures that the model is 

making decisions based on actual pathological 

markers rather than background noise, thereby 

increasing clinical trust[17]. 

Conclusion 

This study presented a comprehensive framework for 

pneu- monia detection using a combination of 

Machine Learning and Deep Learning. By leveraging 

CNNs for feature extrac- tion and ML-based 

optimization for classification, the system achieved 

an accuracy of 94%. This hybrid approach proves that 

the integration of traditional learning algorithms with 

deep neural architectures provides a superior solution 

for complex medical image analysis. 

Future Work 

While the current system achieves high performance, 

several avenues exist for further enhancement and 

real-world integra- tion. Future research will focus on 

the following key areas: 

 Explainable AI (XAI) Integration: We aim to 

in- corporate Gradient-weighted Class 

Activation Mapping (Grad-CAM) to provide 

visual heatmaps. This will allow radiologists 

to see exactly which regions of the lung 

influenced the model’s decision, increasing 

clinical trust and transparency[cite: 72, 88]. 

 Transfer Learning Exploration: Future 

iterations will evaluate the performance of 

advanced pre-trained ar- chitectures such as 

DenseNet-201 and EfficientNet-B7 to 

determine if deeper feature hierarchies can 

further reduce the marginal error between 

viral and bacterial classes[cite: 28, 72, 91]. 

 Clinical Metadata Fusion: We plan to extend 

the model to accept non-image data, such as 

patient age, temper- ature, and white blood 

cell counts. Fusing radiographic features with 

clinical metadata is expected to yield a more 

holistic and accurate diagnostic tool. 

 Edge Deployment: To assist rural clinics, we 

intend to optimize the model using 

quantization and pruning for deployment on 

mobile and edge devices, enabling offline 

diagnostic support in areas with limited 

internet connectivity[cite: 30, 72]. 
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