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Abstract: Pneumonia is one of the most prominent causes of mortality in children who are below the age of five 

years in most parts of the globe. Hence, adequate pneumonia diagnosis is of paramount importance and is what 

drove this research effort which has led to the development of two transfer learning-based ensemble models. One of 

the proposed models classifies the chest radiographs into normal and pneumonia cases with outputs being generated 

from VGG-16, Inception-v3, and two custom-made convolutional neural networks, PneumoNet-v1 and PneumoNet-

v2. The second model distinguishes bacterial from viral pneumonia with the help of Xception, MobileNet-v2, and 

PneumoNet-v1. To accomplish the aim of the study, the Guangzhou Women and Children’s Medical Center dataset 

(Kermany Dataset) was used to benchmark model performance. PneumoNet-v1 and PneumoNet-v2 were designed 

with an emphasis for high classification accuracy and have individual accuracies of 96.2% and 96.8%, respectively 

for pneumonia detection. The first ensemble model used for classifying between healthy and infected images attained 

a classification accuracy of 98.03%. The second model used for differentiating between bacterial and viral 

demonstrated an accuracy of 91.93%. The effectiveness of transfer learning-based ensemble models as well as of 

the proposed custom CNN designs in enhancing the analysis of paediatric pneumonia and facilitating better diagnosis 

has been explored in this research. 
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1. Introduction 

Pneumonia is an acute respiratory infection that 

inflames the lungs. Global health is severely impacted 

by this illness. Alveoli are small sacs which make up the 

lungs. When a healthy person breathes, they fill with air. 

The vital gas exchange within the alveoli is impaired by 

pneumonia. Pneumonia results in fluid filled alveoli and 

impairs oxygen exchange, filling alveoli with pus and 

fluid. This causes painful breathing and limits oxygen 

intake [1]. 

The severity of pneumonia depends on various 

factors like age, gender, state of health and the 

pathogen’s type [2]. It causes an array of symptoms like 

cough, fever, shortness of breath, sweating and shaking 

chills, sharp pain in the chest which gets worse when we 

breathe or cough deeply. It is a severe lower respiratory 

tract infection with bacteria and viruses being the primary 

culprits though other pathogens can also be responsible 

including fungi [3]. This diversity in causative agents and 

the variable severity of the disease underscore the need 

for ongoing research. Understanding the coaction 

between host and pathogen, developing accurate 

diagnostics, and refining treatment strategies remain 

crucial for combating this significant global burden. 

Globally, pneumonia is a leading cause of morbidity and 

mortality in children younger than the age of 5 years [4]. 

According to the World Health Organization (WHO), 

globally 14% of all children below the age of 5 years 

succumb to pneumonia. This figure is nearly 700,000 per 

year or around 2000 every day. The impact of this 

disease is considerable worldwide, leading to significant 

healthcare expenses even in more developed regions. It 

can cause serious morbidity and require different 

treatment approaches, highlighting the importance of 

accurate diagnosis and classification.   

Computed Tomography (CT), or as it is 

commonly called CT scan, is used for its high accuracy 

and detailed anatomical insights. It uses an 

amalgamation of radiographs and computer technology 

to produce detailed internal images of a body. It shows 

images of the bones, muscles, fat, organs and blood 
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vessels. However, due to concerns about radiation 

exposure and long-term health risks, chest radiographs 

are preferred for children [5]. Chest X-rays provide 

comparable sensitivity and greater specificity, making 

them suitable for accurate detection. Apart from the swift 

advancements in technologies such as bio-medical 

equipment, X-Rays have become increasingly cheaper. 

This research explores the use of chest radiographs for 

pneumonia diagnosis and aims to classify pneumonia 

into bacterial and viral types using various classification 

techniques. 

Before the use of Artificial Intelligence (AI), 

doctors relied on physical signs like cough, fever, rapid 

breathing and abnormal lung sounds which they 

detected with the use of a stethoscope. Tapping the 

chest and listening to the sounds to identify the areas of 

fluid buildup in the lungs was also common practice. 

Later, chest X-rays became the primary tool to detect 

pneumonia. Deep learning techniques such as custom 

Convolution Neural Network (CNN) models have been 

widely trained on massive datasets of chest X-rays to 

help in faster analysis of the chest, improved accuracy 

and can learn subtle patterns in the X-rays missed by the 

human eye [6]. Soft computing methods such as Artificial 

Neural Networks (ANN), K-nearest neighbors (k-NN) 

and support vector machines (SVM) are also widely 

used for classification [7]. They also reduce the 

subjectivity of interpretation which helps in more 

consistent diagnosis across different radiologists.  

This research delves into improving pneumonia 

diagnosis. This research delves into improving 

pneumonia diagnosis. The main contributions of this 

work are: 

 Improving accuracy in detecting pneumonia with 

exceptionally high and consistent accuracy 

scores, especially for borderline cases. For this 

purpose, a weighted ensemble model 

combining the strengths of Inception-v3, VGG-

16, PneumoNet-v1 and PneumoNet-v2 (two 

customized CNNs proposed in this research) 

has been employed. 

 Existing research mainly focuses on binary 

classification between Normal and Pneumonia 

images. There is a need for an accurate model 

to further classify the type of Pneumonia into 

Viral or Bacterial for better diagnostics, for which 

another weighted ensemble model, 

amalgamating Xception, MobileNet-v2 and 

PneumoNet-v1 have been used. 

 Development of two custom CNN architectures, 

PneumoNet-v1 and PneumoNet-v2 which 

efficiently extract the most relevant features 

from a Chest X-Ray Image for detecting 

pneumonia and further differentiating between 

viral and bacterial cases. 

 

2. Related Works 

2.1. Existing Methods 

The ability of deep learning to detect pneumonia 

extends to its specific variant caused by COVID-19. 

Chowdhary et al. [8] proposed a technique for an 

automatic detection of COVID-19 pneumonia using pre-

trained deep learning algorithms, achieving high 

detection accuracy of 97.9%. Similarly, Asnaoui et al. 

(2020) [9] conducted a comparative study of various 

deep learning models and found that Inception-ResNet-

V2 (Accuracy = 92.18%) and DenseNet201 (Accuracy = 

88.09%) provided the best results for the detection and 

classification of coronavirus pneumonia. 

Deep learning models can go beyond binary 

classification (Pneumonia vs. Normal). Wang et al. [10] 

developed a CNN model using ResNet18 with a Visual 

Transformer. The CNN extracts spatial features from 

chest X-rays, while the Transformer determines the 

importance of each feature. Their model achieved an 

overall accuracy of 99.32% for Binary Classification 

between COVID-19 and non-pneumonia. However, the 

accuracy dropped considerably to 90.03% for four class 

classifications between COVID-19, Normal, Viral 

pneumonia and Bacterial pneumonia.  

Ali et al. [11] investigated deep learning for 

pneumonia detection in paediatric patients. They 

implemented various Deep Convolutional Architectures 

for Binary Classification of Pneumonia between Normal 

and Pneumonia Images. They proposed an 

EfficientNetV2L model that achieved an accuracy of 

94.02%. Their dataset included 5,863 images selected 

from retrospective cohorts of paediatric patients of one 

to five years old from Guangzhou Women and Children’s 

Medical Centre, Guangzhou. Arulananth et al. (2024) 

[12] proposed a modified DenseNet121 Architecture 

where they introduced additional layers in the existing 

model. They introduced Batch Normalization, Max-

Pooling and Drop out layers in model to improve its 

accuracy. All images were normalized using their mean 

and standard deviation to avoid overfitting. Only the 

training images underwent data augmentation. Their 

proposed architecture achieved an accuracy score of 

97.03%, while classifying between Normal and 

Pneumonia images. Another such modified DenseNet 

architecture is mentioned in Sadik et al. [13] they have 

proposed a method to improve accuracy by parallel 

convolutions alongside the traditional model (DenseNet) 

for localization and efficient feature extraction. Their 

model achieved an accuracy of 87.5% while classifying 

among Pneumonia, COVID-19 and normal patients. 

Deep learning research continues to explore 

strategies for improved performance in pneumonia 

detection. Hussain et al. [14] implemented a deep 

ensemble model using three pre-trained CNNs (VGG-

16, DenseNet-201, and EfficientNet-B0) with transfer 

learning to extract deep features. Their dataset included 
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3,777 images in total. Equally split between COVID-19, 

Normal and Pneumonia Images (1,259 each). They 

further split these images in 70:30 ratio for training and 

testing dataset. Their ensemble model achieved an 

overall accuracy of 97% while classifying images into 

COVID19, Normal and Pneumonia (3 classes). [15] Loey 

et al. (2023) used a CNN and a Bayesian Optimizer for 

detecting COVID-19 pneumonia. CNN is used to extract 

features and Bayesian Optimizer adjusts the CNN hyper 

parameters based on an objective function.  

While deep learning dominates the field, Rattan 

et al. (2024) [16] explored two approaches, the first using 

CNN-SVM (Support Vector Machine), CNN-LR (Logistic 

Regression) and CNN-KSVM (Kernel Support Vector 

Machine) and the second using CNN-RF (Random 

Forest), CNN-KNN (k-Nearest Neighbors), CNN-DT 

(Decision Tree), CNN-NB (Naïve Bayes). The CNN-

SVM (Support Vector Machines) achieved the best 

accuracy of 95%. proposed a classification model that is 

constructed using fine-tuning a VGG16 architecture. 

Their dataset included 3,616 COVID-19, 1,345 

pneumonia and 10,000 normal training images. This 

architecture achieved an accuracy of 95.79%. 

Malik et al. (2023) [17] conducted a 

comprehensive study to build a deep convolutional 

neural network to classify 10 different chest diseases. 

Their two-step approach involves image segmentation 

followed by feature extraction. Information Maximizing 

GANs (Info-MGAN) is used initially on raw Chest X-rays 

(CXR) for image segmentation. This helps to create lung 

images of ten different chest diseases. For the next step, 

using Image processing techniques such as Speeded up 

Robust Features (SURF) and Oriented FAST and 

Rotated BRIEF (ORB) they extracted the discriminatory 

features to train the DCNNs. In the final step various 

CNN models are used to classify chest diseases. 

Overall, the literature highlights the growing interest and 

advancement of deep learning models for the detection 

of pneumonia, from Chest X-Rays (CXR), emphasizing 

the potential of these techniques in aiding in the 

diagnosis and classification of respiratory diseases. 

These studies highlight the potential of deep 

learning not only for pneumonia detection but also for 

broader chest disease classification. Chouhan et al. [18] 

(2020) proposed a novel ensemble approach using 

transfer learning of five different pre-trained neural 

network architectures to classify pneumonia from chest 

X-ray (CXR) images. The ensemble model achieved an 

accuracy of 96.4% and on the Kermany dataset, 

outperforming previous state-of-the-art methods. The 

authors note that their approach can effectively detect 

the inflammatory region in chest X-ray (CXR) images of 

children, potentially improving the quality of pneumonia 

diagnosis and treatment.  

Recent advancements in deep learning have 

shown promising results in automating pneumonia 

detection from X-rays, potentially aiding radiologists in 

diagnosis. One such approach is CheXNet, a 121-layer 

convolutional neural network developed by Rajpurkar et 

al. [19] Trained on the ChestX-ray14 dataset containing 

over 100,000 labelled chest X-rays, CheXNet achieved 

performance comparable to radiologists in identifying 

pneumonia.  

Several studies have investigated transfer 

learning, where pre-trained models on large datasets are 

adapted for new tasks like pneumonia detection. Albahli 

et al. [20] explored InceptionResNet-V2 for this purpose, 

while Rahman et al. [21] investigated DenseNet-201. 

Similarly, Liang et al. [22] used ResNet-50 pre-trained on 

the ChestX-ray14 dataset itself, and Zubair et al. [23] 

opted for VGG-16. These approaches leverage the 

knowledge gained from large datasets to improve 

pneumonia detection accuracy. 

While deep learning offers promising results, 

some studies explore alternative approaches. Chandra 

et al. [24] employed image processing techniques to 

segment lung regions in X-rays before classification. The 

features of region of interest (ROI) of the segmented 

lungs are extracted the method is examined on five 

benchmarks – Logistic Regression (LR), Sequential 

Minimal Optimization (SMO), Random Forest, Multilayer 

Perceptron (MP) and Classification via Regression. 

The ability of building models using transfer 

learning quickly and reliably has helped many 

researchers build classifiers that can classify between 

Normal and Pneumonia patients. This technique allows 

for an ensemble model to work for a large dataset and 

generalize the results well. Hashmi et al. [25] 

implemented this strategy to develop an ensemble 

model by assigning weights to four different independent 

models – Xception, InceptionV3, DenseNet121 and 

MobileNetV3. 

While deep learning dominates recent research, 

other techniques show promise for pneumonia detection 

in chest X-rays. Stephen et al. [26] explored a simpler 

approach using a seven-layer CNN model for X-ray 

image classification. This model demonstrates the ability 

of CNNs to automatically learn features for complex 

tasks like pneumonia detection. Zhang et al. [27] 

introduced a confidence-aware module for anomaly 

detection in lung X-rays. By framing pneumonia 

detection as a one-class classification problem 

(identifying anomalies like pneumonia), this approach 

can potentially improve model performance. Tuncer et 

al. [28] investigated applying fuzzy tree transformation to 

X-ray images. Exemplary division was then applied to 

these images followed by a multi kernel local binary 

pattern (MKLBP). The last step involves using iterative 

neighborhood component (INCA) to extract features. 

Interestingly, generating three different feature images 

improved the model's performance.  

Jaiswal et al. [29] developed a mask region-

based CNN for segmentation, followed by an ensemble 
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model for image thresholding. Their approach utilizes a 

threshold value in the background to improve model 

performance. Pan et al. [30] explored using an ensemble 

of Inception-ResNetv2, XceptionNet, and DenseNet-169 

models for bounding box prediction. Ensemble learning 

allows the model to leverage the strengths of each 

model, potentially leading to increased accuracy in 

pneumonia localization.  

Despite the critical health implications of both 

viral and bacterial pneumonia, there remains a 

significant lack of research focused on accurately 

distinguishing between these two types, especially 

through chest X-ray imaging. Nguyen et al. [31] 

addresses this gap by proposing a deep learning-based 

approach for differentiating viral and bacterial 

pneumonia. The authors developed a convolutional 

neural network (CNN) and employed explainability tools 

such as Local Interpretable Model-agnostic 

Explanations (LIME) and saliency maps to improve 

diagnostic accuracy. The method was tested on a 

dataset of chest X-ray images, with the CNN tasked with 

distinguishing between healthy individuals, viral 

pneumonia, and bacterial pneumonia. The model 

achieved a notable accuracy of 95.8% and an area 

under the curve (AUC) of 98.8% for classifying bacterial 

pneumonia versus normal images. However, accuracy 

was reduced when differentiating between bacterial and 

viral pneumonia, reaching 80.8% accuracy and an AUC 

of 88.8%, which was improved through the use of 

oversampling techniques to address data imbalance. 

Nillmani et al. [32] addresses the limitations of 

conventional pneumonia classification systems, 

especially in distinguishing between viral, bacterial, and 

tubercular forms, including COVID-19. The authors 

propose a deep learning-based approach using seven 

pre-trained convolutional neural networks (CNNs) for 

multiclass classification of pneumonia using chest X-ray 

images. A total of 18,603 scans were used across 

binary, three-class, and five-class classification tasks. 

Among the models, DenseNet201 achieved the highest 

accuracy of 99.84% for binary classification (COVID-19 

vs. other types of pneumonia), while VGG16 performed 

best for the three-class classification (COVID-19, Viral 

Pneumonia, and Normal) with an accuracy of 96.7%, 

and for the five-class classification (COVID-19, Viral 

Pneumonia, Bacterial Pneumonia, Tuberculosis, and 

Normal) with an accuracy of 92.7%. The study 

demonstrated that deep learning AI is a robust and 

efficient method for automatic pneumonia classification, 

outperforming existing methods by 1.2% in the five-class 

model. 

 

2.2 Summary of Existing Methods 

Table 1. Tabular Summarization of Existing Methodologies along with their Research Gaps and Results. 

Literature Approach Research Gap Results 

Arulananth 

et al. [12] 

Proposed a modified DenseNet101 with 

additional layers. 

An overall simple 

architecture for classifying 

Normal and Pneumonia 

images but incapable of 

classifying among Viral 

and Bacterial Pneumonia. 

Accuracy for two class 

classification – 97.03%. 

Sadik et al. 

[13] 

Performed parallel convolutions 

alongside DenseNet-121 architecture to 

find the region of interest. 

An overall poor accuracy, 

unable to distinguish 

between Viral and 

Bacterial Pneumonia. 

Accuracy for three class 

classification between 

Normal, COVID-19 and 

Pneumonia – 87.5%. 

Rajpurkar 

et al. [19] 

Developed a 121-layer CNN called 

CheXNet. Compared the performance of 

CheXNet to 4 practicing academic 

radiologists on a test set.  

Due to training on 14 

diseases, the results 

achieved for localizing and 

identifying Pneumonia are 

not satisfactory, Achieving 

an accuracy of just 

76.80%. 

Classifying 14 diseases 

results in mediocre 

accuracy levels for each 

disease. 

Chandra et 

al. [24] 

Used traditional computer vision and 

machine learning techniques to segment 

pixels that are most likely affected due to 

Pneumonia.  

The limited number of 

images (412) restricts how 

well the findings can be 

applied to other datasets. 

 

The Logistic Regression 

Classifier achieved an 

accuracy of 95.63% 

while Multilayer 

perceptron achieved 

95.39%.  
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Hashmi et 

al. [27] 

Ensemble Model - Xception, Inception-v3, 

DenseNet-121 and MobileNet-v3. 

A large dataset and 

multiple models help 

generalize the model but 

couldn’t further classify 

bacterial and viral 

pneumonia. 

Heat maps show the 

affected regions in the 

lungs due to Pneumonia 

and their model 

achieved an accuracy of 

98.4%. 

Tuncer et 

al. [28] 

Classification using Decision Trees and 

Support Vector Machines (SVM) and K-

nearest neighbour (k-NN) methods. Data 

preparation step included Fuzzy tree 

transform to each image followed by 

exemplar division which is followed by a 

multi-kernel local binary pattern. 

Very few data images 

cannot be generalised and 

an overall lengthy and 

time-consuming process 

for data preparation before 

applying classification 

algorithms. 

Best accuracy was 

achieved by Cubic SVM 

– 97.01% for classifying 

between COVID-19, 

Pneumonia and Normal 

images. 

Pan et al. 

[30] 

Trained their models on a variety of image 

sizes which helped them identify that 

smaller sized images don’t affect 

accuracy but also speed up the 

computation. An ensemble of Inception-

ResNet-v2, XceptionNet, and DenseNet-

169 to predict the bounding box and 

localise pneumonia affected regions. 

Since most of their models 

were trained on positive 

images, the object 

detection models relied 

heavily on classification 

models to detect false 

positives. 

Concatenated images of 

positive adjacent to a 

negative image helped 

identify false positives.  

 

 

 

3. Methodology 

3.1. Proposed Research 

This work proposes two deep learning-based 

ensemble models: one for the classification of 

pneumonia and normal cases, another for differentiating 

between bacterial and viral pneumonia. The first 

ensemble model proposes a classification between 

pneumonia and normal cases by combining the output 

of four models: VGG-16, Inception-v3, PneumoNet-v1 

and PneumoNet-v2 (two custom-built convolutional 

neural networks). The second ensemble model 

proposes differentiation between bacterial and viral 

pneumonia through the integration of the output 

provided by three models: Xception, MobileNet-v2, and 

PneumoNet-v1. The architectures and specifications of 

these models are provided along with a comparative 

analysis of existing models further in this research. 

Figure 1 illustrates the sequential steps involved in the 

proposed methodology. 

 

3.2. Data Preprocessing 

The chest radiographs (anterior-posterior) were 

collected from the publicly available Guangzhou Women 

and Children’s Medical Center Dataset (Kermany 

dataset) which contains 5,856 X-ray images of paediatric 

pneumonia patients (from one to five years old) 

classified into a repository consisting of normal and 

pneumonia-affected cases. The dataset contains 1,583 

radiographs for normal cases and 4,280 for pneumonia-

affected cases. The pneumonia-affected cases from the 

Kermany dataset were divided into cases of bacterial 

and viral pneumonia, according to the labels given in the 

dataset. This resulted in 2,766 images for bacterial 

pneumonia and 1,514 images for viral pneumonia. 

Samples of CXR images present in the Kermany dataset 

have been shown in Figure 2. To address the scarcity of 

training data to classify the type of pneumonia, the 

dataset was increased using various data augmentation 

techniques such as horizontal flipping, random scaling, 

brightness/contrast adjustments, and shear 

transformations. All these methods were applied for 

improving dataset variability, model robustness, and 

hence generalize better on different imaging conditions. 

This approach increased the number of training samples 

for bacterial and viral pneumonia to 5,781 and 3,149 

respectively, allowing for a diverse and vast dataset. 

Further, MobileNet-v2's preprocessing function was 

applied over these pixel values for normalization and 

standardization of image dimensions to 224×224 pixels 

which is the conventional input size for models pre-

trained on the ImageNet dataset. The input dataset was 

then divided in the ratio 80:20 between the training set 

and test set, correspondingly.   

 

3.3. PneumoNet-v1 Architecture 

PneumoNet-v1, a novel customized CNN 

architecture for pneumonia detection, which also 

classifies the detected images into bacterial and viral 

pneumonia sub-classes, was developed. As shown in 

Figure 3, it has an input layer that is designed to accept 

images of size 224×224×3, relating to the height, width, 

and number of color channels of the input images 

respectively. The model architecture begins with a two-

dimensional convolutional layer consisting of 128 filters 

of size 8x8, employing a stride of 3, followed by a batch 

normalization layer to reduce internal covariance shift 

and allow the network to train efficiently.  
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This step is succeeded by another convolutional 

layer with 256 filters of size 5x5 and a stride of 1, 

followed by batch normalization and a max pooling layer 

of size 3x3. In the subsequent three convolution layers, 

the first consists of 256 filters of size 3x3, while the other 

two have 256 filters each of size 1x1, with a stride of 1. 

Batch normalization is applied after each convolutional 

layer. Afterwards, four convolutional layers are enforced, 

each with 512 filters of size 3x3, succeeded by batch 

normalization and a max-pooling layer of size 2x2 after 

every convolution. The output from the final 

convolutional block is flattened into a one-dimensional 

array, which serves as the input to the dense layers, 

each containing 1024 units and ReLU activation 

functions in order to capture complex patterns. A dropout 

layer with an alpha value of 0.5 has been incorporated 

before the last dense layer to mitigate overfitting. The 

final layer is a dense layer with 2 units, corresponding to 

the two classes in the classification task, and utilizes a 

SoftMax activation function to produce the probability 

distribution over the classes. The model is compiled 

using Categorical Crossentropy as the loss function. For 

PneumoNet-v1, the learning rate was initialized at 10-4, 

allowing a slow and steady learning process. The 

complete model architecture has been shown in Figure 

3. 

Figure 1. Methodology for Pneumonia detection and classification 

(a) (b)   (c) 

Figure 2. Radiographs from Kermany Dataset (a) Radiograph of a patient with healthy lungs (b) 

Radiograph of a bacterial pneumonia affected patient (c) Radiograph of a viral pneumonia affected patient. 

Figure 3. Architecture of proposed convolutional neural network PneumoNet-v1. 
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The stochastic gradient descent (SGD) was 

chosen as the optimizer to ensure a controlled 

convergence, better options for hyperparameter tuning 

and reduced chances of overfitting. SGD updates the 

parameters using the following formula: 

θ𝑡+1 = θ𝑡 − η∇θ𝐽(θ𝑡; 𝑥(𝑖), 𝑦(𝑖))   (1) 

θ𝑡+1 𝑎𝑛𝑑 θ𝑡  represent the parameters at 

iterations t+1 and t respectively.  ∇θ𝐽(θ𝑡; 𝑥(𝑖), 𝑦(𝑖)) 

represents the gradient of loss function J with respect to 

parameters θ, evaluated at current parameters θ𝑡  at ith 

training example (𝑥(𝑖), 𝑦(𝑖)).   η  represents the learning 

rate, a hyperparameter which determines the size of 

steps taken during the parameter update process. The 

parameters are updated using the computed gradient for 

each training example, scaled by the learning rate 

(shown in Eq. (1)). This process is repeated for each 

training example in the dataset, and this iterative 

process stops either when the parameters converge 

around values that minimize the loss function or until a 

pre-specified number of epochs is reached. 

θ𝑡+1 = θ𝑡 − η
1

𝐵
∑ ∇θ𝐽(θ𝑡; 𝑥(𝑖), 𝑦(𝑖))𝑖∈ℬ  (2) 

The Mini-Batch GD update rule adjusts the 

model parameters 𝜃 iteratively using gradients 

computed over mini-batches (batch size represented by 

𝐵) of the training data (shown in Eq. (2)). This allows for 

parallelization and effective GPU utilization and leads to 

faster convergence compared to full batch gradient 

descent. 

𝑣𝑡+1 = γ𝑣𝑡 + η∇θ𝐽(θ𝑡)   (3) 

θ𝑡+1 = θ𝑡 − 𝑣𝑡+1    (4) 

The Momentum Update rule modifies the 

parameter update step as shown in Eq. (3) and (4). 

𝑣𝑡+1 𝑎𝑛𝑑 𝑣𝑡 represent the velocity terms as iterations t+1 

and t respectively. The momentum coefficient is 

represented by γ , which controls the retention of 

previous velocity. γ helps accelerate the descent in the 

relevant direction and reduces its tendency to oscillate, 

enabling the optimizer to escape local minima more 

effectively. 

 

3.4. PneumoNet-v2 Architecture 

PneumoNet-v2, similar to PneumoNet-v1, is a 

customized CNN proposed in this research. It features a 

slightly different architecture (shown in Figure 4) 

compared to PneumoNet-v1. PneumoNet-v2 begins with 

an input layer of size 224x224x3, applying a two-

dimensional convolutional layer with 64 filters and a 3x3 

filter size, having a stride of 1, followed by a layer of 

batch normalization.  Further, three convolutional layers, 

each having 128 filters, each of size 3x3 and a stride of 

1. A batch normalization layer succeeds each 

convolution, and a 2x2 max pooling layer is applied after 

the first and third convolution. Afterwards, three 

convolution layers are applied, the first two having 256 

filters and the third having 512, all having a filter size of 

3x3, followed by a layer of batch normalization for each 

convolution. Max pooling with a 2x2 pool size is added 

after each layer. The output from the final convolution 

block is flattened into a one-dimensional array. This 

array is passed through two dense layers, having 1024 

units each. Two dropout layers with a rate of 0.5 are 

applied after each dense layer to reduce overfitting. The 

architecture of the final dense layer is same as that of 

PneumoNet-v1. PneumoNet-v2 utilizes a lower learning 

rate during training and begins with a filter size of 64 

instead of 128. These adjustments allow the model to 

extract intricate features which may have been 

overlooked by PneumoNet-v1. PneumoNet-v2 also uses 

the SGD optimizer like PneumoNet-v1, to achieve early 

convergence and allows for more hyper-parameter 

tuning alternatives. 

 

3.5. Transfer Learning for Pneumonia Detection 

(Normal vs. Pneumonia) 

A transfer learning approach with several pre-

trained deep learning models was opted for accurate 

detection of pneumonia. This included models such as 

Xception, DenseNet-121, VGG-16, VGG-19, ResNet-50, 

MobileNet-v2, and Inception-v3. This methodology 

utilizes the features learned by these models and aims 

at enhancing the accuracy of the classification task. All 

models were trained on the Kermany dataset, and their 

test accuracies are reported in Table 2.  

 

3.5.1. VGG-16 

VGG-16 utilizes a deep stack of small convolutional 

layers to progressively extract features from images, 

reducing their dimensions through max pooling layers to 

manage overfitting [33]. The extracted features are 

classified by fully connected layers at the network's end, 

enabling precise object identification within images. 

 

3.5.2. Inception-v3 

Inception-v3 revolutionized the process with its 

inception module that treated images on multiple parallel 

paths as sub-networks [34]. This architecture consists of 

dimensionality reduction using 1x1 convolutions, feature 

extraction using 3x3 convolutions, and capturing fine 

details of the local information by 5x5 convolutions, 

followed by max pooling to retain the important features. 

Inception-v3 learns features on different scales and 

hierarchies effectively, helping in the classification of 

objects within images with improved accuracy and 

efficiency. 

 

3.5.3. DenseNet-121 

DenseNet-121 uses a unique architecture 

where the convolutional layers have dense connections 

i.e., they receive all the input from the previous layer [35].  
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This feature provides the highest information 

retention, and this type of connectivity reduces the 

vanishing gradient and leads to efficient parameter 

usage. These types of architectures are suitable for 

deep feature extraction. 

MobileNet-v2, VGG-16, DenseNet-121, 

Inception-v3, PneumoNet-v1, and PneumoNet-v2 

achieved the highest test accuracies (shown in Table 2) 

and hence these six models were shortlisted for the 

pneumonia detection task. 

 

3.6. Transfer Learning for Pneumonia 

Classification (Bacterial vs. Viral) 

A transfer learning approach with several pre-

trained deep learning models was utilized to enhance 

classification performance for Pneumonia classification 

into bacterial and viral cases. These models included 

Xception, DenseNet-121, DenseNet-169, VGG-16, 

VGG-19, ResNet-50, ResNet-101, MobileNet-v2, and 

Inception-v3. All models were trained, and the test 

accuracy for each of them has been presented in Table 

3.  

 

3.6.1. Xception 

Xception enhances the Inception architecture by 

integrating depth wise separable convolutions [36]. This 

approach splits the convolution operation into two layers: 

a depth wise convolution that filters each input channel 

independently, and a pointwise convolution that 

aggregates these filtered outputs through a 1x1 

convolution. This structure reduces the number of  

parameters, making the network more efficient while 

potentially increasing performance. Xception's 

architecture includes a series of convolutional blocks 

designed to capture various levels of abstraction from 

Table 2. Comparison of different tested algorithms for Pneumonia Detection (Normal vs. Pneumonia cases) 

 

Model 

Precision 

(Normal) 

Precision 

(Pneumonia) 

Recall 

(Normal) 

Recall 

(Pneumonia) 

F1-

Score 

(Normal) 

F1-Score 

(Pneumonia) 

Validation 

Accuracy 

(%) 

Test 

Accuracy 

(%) 

VGG-16 0.95 0.95 0.88 0.98 0.91 0.97 94.2 95.1 

VGG-19 0.93 0.94 0.88 0.95 0.90 0.95 93.0 92.9 

Inception-v3 0.89 0.97 0.93 0.95 0.91 0.96 92.0 94.8 

Xception 0.88 0.95 0.94 0.92 0.90 0.93 91.2 93.6 

ResNet-50 0.81 0.92 0.81 0.92 0.81 0.92 88.5 89.0 

DenseNet-121 0.98 0.95 0.88 0.99 0.92 0.97 96.5 95.8 

Mobilenet-v2 0.96 0.97 0.93 0.99 0.94 0.98 96.4 96.8 

PneumoNet-v1 0.97 0.96 0.89 0.99 0.93 0.97 96.1 96.2 

PneumoNet-v2 0.96 0.97 0.93 0.99 0.94 0.98 96.2 96.8 

Figure 4. Architecture of proposed convolutional neural network PneumoNet-v2. 
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input images, facilitated by residual connections that 

enhance gradient flow and learning. 

 

3.6.2. MobileNet-v2 

MobileNet-v2 emphasizes on computational 

efficiency, introducing the inverted residual block, 

consisting of a 1x1 convolution to with ReLU followed by 

a 3x3 depth wise convolution for feature processing and 

finally another 1x1 convolution without non-linearity [37]. 

This configuration ensures efficient feature extraction 

while maintaining computational efficiency. MobileNet-

v2 also employs linear bottlenecks, where the input and 

output dimensions are identical, facilitating efficient 

learning and feature extraction. Residual connections 

within the inverted residual blocks support better 

gradient flow during training, accommodating deeper 

networks. Xception, MobileNet-v2, PneumoNet-v1 and 

PneumoNet-v2 were the four models shortlisted for the 

bacterial vs. viral classification task, based on their test 

accuracies obtained in Table 3.  

  

3.7. Ensemble Models 

 Numerous combinations of models were tested 

for pneumonia detection, with three, four, or five models 

in each ensemble, and finally a six model-ensemble 

approach. An unconventional meta-learning approach 

(specifically stacking) was also tested where a meta-

learner model combines the predictions of base models, 

learning their prediction patterns to enhance overall 

accuracy. Accuracies of the five best performing 

ensembles along with the meta-learner model have 

been displayed in Table 4. Four combinations of three 

shortlisted models each were tested for Bacterial vs. 

Viral classification, along with an ensemble of all the 

shortlisted models and compared their accuracies as 

shown in Table 4, the top half being for pneumonia 

detection, and the bottom half being for pneumonia 

classification. 

The exploration began with a straightforward 

approach that involved averaging the probability values 

for each class. This method resulted in a marginal 

improvement in accuracy over the pre-existing model but 

did not surpass the performance of the custom CNN 

models. Subsequently, a genetic algorithm was used to 

optimize the relative weights for each model's 

predictions within the ensemble. This approach led to a 

significant increase in accuracy. These methods also 

demonstrated similar improvements, all resulting in 

slightly higher accuracy. The most substantial 

improvement in performance was observed when a grid 

search was conducted for the weights over a search 

space ranging from 1 to 15. This process was repeated 

for each of the ensemble models which were combined 

using the models which had been shortlisted before. 

This allowed for exploration of a broad array of model 

weight ratios. 

This approach yielded the highest overall 

accuracy and became the preferred optimization 

technique. Expanding the search space further resulted 

in diminishing returns and significantly increased 

computation time, as the process involved evaluating 

every possible combination. Using this chosen space of 

15, the values for each possible combination of 

ensemble were calculated, after which the combination 

of Inception-v3, VGG-16, PneumoNet-v1 and 

PneumoNet-v2 was observed to be the best performing 

ensemble model for pneumonia detection.

 

 

Table 3. Comparison of different tested algorithms for Pneumonia Classification (Bacterial vs. Viral cases) 

Model 

 

Precision 

(Bacterial) 

Precision 

(Viral) 

Recall 

(Bacterial) 

Recall 

(Viral) 

F1-Score 

(Bacterial) 

F1-Score 

(Viral) 

Validation 

Accuracy (%) 

Test 

Accuracy 

(%) 

Xception 0.92 0.84 0.91 0.86 0.91 0.85 92.8 88.9 

DenseNet-121 0.78 0.75 0.90 0.55 0.83 0.63 78.9 77.3 

DenseNet-169 0.76 0.69 0.87 0.54 0.80 0.61 77.7 75.8 

VGG-16 0.79 0.72 0.87 0.59 0.83 0.65 78.4 77.0 

VGG-19 0.77 0.71 0.85 0.58 0.81 0.63 78.1 75.7 

ResNet-50 0.78 0.68 0.89 0.63 0.82 0.61 82.0 79.4 

ResNet-101 0.80 0.72 0.91 0.65 0.84 0.77 83.5 81.3 

MobileNet-v2 0.84 0.83 0.92 0.69 0.88 0.75 87.2 83.7 

Inception-v3 0.79 0.71 0.89 0.57 0.82 0.59 80.2 76.9 

PneumoNet-v1 0.89 0.84 0.91 0.80 0.90 0.82 87.6 87.3 

PneumoNet-v2 0.88 0.83 0.91 0.81 0.87 0.80 86.4 86.9 
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The optimized relative weights were as follows: 

Inception-v3: 4, VGG-16: 5, PneumoNet-v2: 3, 

PneumoNet-v1: 1. the test accuracy calculated was 

98.03%. 

For the bacterial and viral classification, a similar 

approach was opted for. All the aforementioned 

techniques were applied, and it was noted that observed 

the most significant performance improvement was 

when a grid search for the weights within a range from 1 

to 20 was conducted, beyond which the results were 

diminishing. Using this space, the values for each 

possible combination of ensemble were calculated, after 

which the combination of Xception, MobileNet-v2 and 

PneumoNet-v1 displayed the best results. The optimal 

weight values for Xception, MobileNet-v2 and 

PneumoNet-v1 were found to be 18, 9 and 8 

respectively. The weighted ensemble model achieved a 

test accuracy of 91.93%. 

 

4. Results 

Sub-section 4.1 summarizes the results for 

Normal vs. Pneumonia cases (Pneumonia detection 

model), whereas sub-section 4.2 summarizes the results 

for the Bacterial vs. Viral classifications (Pneumonia 

classification model). 

 

4.1. Evaluation of the Pneumonia Detection 

model (Normal vs. Pneumonia) 

𝐴𝑈𝐶 =  ∫ (𝑇𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0
   (5) 

Area under Curve (AUC) is a scalar ranging from 

0 to 1, representing the model’s overall performance. It 

is calculated using the formula in equation (5), where 

TPR represents the True Positive Rate and FPR 

represents the False Positive Rate. A high AUC 

indicates a strong model. The proposed weighted 

ensemble model for pneumonia detection achieved an 

AUC score of 0.97, indicating an extremely strong 

predictive ability. The Receiver Operating Characteristic 

(ROC) curve is a plot of the TPR and FPR on the y and 

x axes respectively. An area under curve value of 0.5 

indicates no discriminative ability (random guessing) and 

a value of 1 indicates a perfect model. The ROC curve 

of the ensemble model and the models used in it are 

shown in Figure 5. 

Figure 6 represents the confusion matrix for the 

Normal vs. Pneumonia classification. The precision for 

the Normal class was 0.97 and 0.98 for the Pneumonia 

class. The recall for the Normal class was 0.96 and 0.99 

for the Pneumonia class. The F1-scores were calculated 

to be 0.97 and 0.99 respectively. The overall precision, 

recall and F1-score for the ensemble model was 

calculated to be 0.98. The final accuracy of the model 

after the ensemble was calculated to be 98.03%, which 

was significantly higher than Ali et. al. [11], Chouhan et 

al. [19], and most other published articles. 

The model was also evaluated on the basis of 

Average Precision (AP) a metric used generally while 

dealing with imbalanced binary classification datasets. 

AP provides a single value summarizing the trade-off 

between precision and recall at different threshold 

values and is calculated using the following equation: 

AP = ∑ (𝑅𝑛 − 𝑅𝑛−1)𝑃𝑛𝑛    (6) 

As in equation (6), Rn  is the recall in nth 

threshold, and Rn-1 is the recall in the (n-1)th threshold. Pn 

is the precision in the nth threshold.  

Table 4. Top performing models for pneumonia detection and classification 

Combination (After calculating the optimal weights) Test Accuracy (%) 

Inception-v3, VGG-16, MobileNet-v2, PneumoNet-v1, PneumoNe2 97.5 

DenseNet-121, MobileNet-v2, PneumoNet-v1, PneumoNet-v2 97.2 

Inception-v3, VGG-16, PneumoNet-v1, PneumoNet-v2 98.0 

DenseNet-121, VGG-16, MobileNet-v2, Inception-v3 96.2 

MobileNet-v2, PneumoNet-v2, VGG-16, Inception-v3 97.6 

Meta Learner (Inception-v3, VGG-16, PneumoNet-v1, PneumoNet-v2) 97.3 

Xception, PneumoNet-v1, PneumoNet-v2 87.9 

Xception, MobileNet-v2, PneumoNet-v2 87.3 

Xception, PneumoNet-v1, MobileNet-v2 91.9 

MobileNet-v2, PneumoNet-v1, PneumoNet-v2 84.2 

Xception, MobileNet-v2, PneumoNet-v1, PneumoNet-v2 89.5 

Meta Learner (Xception, PneumoNet-v1, MobileNet-v2) 89.7 
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Figure 5. ROC curve for the ensemble model, Inception-v3, VGG-16, PneumoNet-v1 and PneumoNet-v2. 

Figure 6. Confusion matrix for the ensemble model classifying normal and pneumonia patients. 

Figure 7. Precision-Recall curve for the ensemble model, Inception-v3, VGG-16, PneumoNet-v1 and PneumoNet-v2. 
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The value of AP calculated was 0.98 for the 

proposed model, indicating very strong ability to 

distinguish between normal and pneumonia classes. 

The Precision-Recall curve for the ensemble model as 

well as the models selected for the ensemble has been 

displayed in Figure 7. 

 

4.2. Evaluation of the Pneumonia Classification 

model (Bacterial vs. Viral) 

Figure 8. Represents the confusion matrix for 

the bacterial vs viral pneumonia classification. The 

precision for the bacterial class was 0.93 and 0.91 for 

the viral class. The recall for the bacterial class was 0.95 

and 0.86 for the viral class. The F1-scores were 

calculated to be 0.94 and 0.88 respectively. The overall 

precision, recall and F1-score for the ensemble model 

was calculated to be 0.92. The final accuracy of the 

model after the ensemble was calculated to be 91.93%, 

surpassing all previous models. 

The proposed ensemble model for classification 

of pneumonia into bacterial and viral achieved an AUC 

score of 0.91, indicating a strong predictive ability. The 

value of AP calculated was 0.83 for this model, indicating 

effective distinguishing between bacterial and viral 

classes, making it reliable in scenarios where both 

precision and recall are important. Figure 9 shows the 

ROC for the pneumonia classification model, and the 

Precision-Recall curve for the model has been shown in 

Figure 10. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Confusion matrix for the ensemble model classifying bacterial and viral pneumonia. 

Figure 9. ROC curve for the ensemble model, Xception, MobileNet-v2 and PneumoNet-v1. 
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 5. Conclusion 

This research proposes two weighted ensemble 

models along with two customized convolutional neural 

network architectures, developed to improve the 

classification accuracy of paediatric pneumonia.  

PneumoNet-v1 and PneumoNet-v2 are the 

proposed models which are specially designed CNN 

structures to successively classify the data. These two 

models significantly improved the accuracies of the 

ensemble models. PneumoNet-v1 displayed an 

individual accuracy of 96.2% for pneumonia detection 

and 87.3% for the classification into bacterial and viral 

pneumonia. PneumoNet-v2 achieved an individual 

accuracy of 96.8% for the Normal vs. Pneumonia 

classification. 

The first weighted ensemble model is designed 

to classify pneumonia and normal cases using four 

algorithms: Inception-v3, VGG16, PneumoNet-v1, and 

PneumoNet-v2, resulting in an impressive classification 

accuracy of 98.03%, with a precision of 97.5% and a F1-

score of 98%. The second weighted ensemble model 

focused on distinguishing between bacterial and viral  

pneumonia cases, utilizing a combination of Xception, 

PneumoNet-v1, and MobileNet-v2 achieving an 

accuracy of 91.93%. The overall precision and F1-score 

of the model is 91.89%. 

Thus, the proposed ensemble models have 

proven to significantly increase the accuracy of the 

detection as well as the classification of paediatric 

pneumonia. However, the use of ensemble models 

results in increased computational inefficiency.  

 

6. Future Scope 

Pneumonia could be of multiple types, but the 

dataset used in this study had a limitation of only viral or 

bacterial cases. The curation of a new dataset from a 

reliable source consisting of multiple types of pneumonia 

could fill this research gap. Additional efforts could be 

made to synthetically generate and increase data using 

Generative Adversarial Networks (GANs). Multi-modal 

data integration could be done by combining 

radiographs with other data sources, such as patient 

history, lab results, etc. to improve detection accuracy 

and provide personalized diagnosis. 
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