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Abstract. Pneumonia remains an important worldwide health concern, significantly affecting
vulnerable populations such as children and the elderly. The timely and precise diagnosis of
pneumonia using chest X-ray (CXR) imaging is essential; however, manual interpretation often
faces challenges due to complex visual characteristics and inherent diagnostic subjectivity. This
study introduces a hybrid deep learning framework that merges a customized Convolutional
Neural Network (CNN) with the MobileNetV2 architecture, aimed at improving automated
pneumonia classification in CXR images. The approach is structured into five primary phases:
data preprocessing and increase, baseline CNN design, transfer learning utilizing VGG16 and
MobileNetV2, hybrid model integration, and thorough evaluation, including Grad-CAM visu-
alizations. The dataset was meticulously separated into training, validation, and testing sets,
employing augmentation techniques to enhance model robustness. Individual models, namely
the standalone CNN, VGG16, and MobileNetV2, recorded accuracies of 87.98%, 90.06%, and
85.26%, respectively, while the hybrid model achieved a superior test accuracy of 90.06% with
minimal loss. Notably, the hybrid architecture evidenced high F1-scores of 0.86 for NORMAL
and 0.92 for PNEUMONIA classes, demonstrating an effective balance of precision and recall,
further validated by Grad-CAM visualizations that illustrate clinically relevant areas of focus.
Despite certain limitations such as dataset size and potential class imbalances, the proposed
model effectively enhances pneumonia detection, positioning itself as a valuable asset for clinical
decision-making, particularly in resource-limited surroundings.
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1 Introduction

Pneumonia remains one of the most common and
potentially life-threatening breathing infections, af-

fecting millions globally each year. It is particu-
larly dangerous for vulnerable populations, includ-
ing children, the elderly, and individuals with weak-
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ened immune systems. Early and accurate diagno-
sis is crucial in ensuring timely medical interven-
tion, which can significantly reduce mortality and
morbidity rates. Clinicians can clearly identify in-
fection symptoms like lung consolidation with chest
X-rays, infiltrates, or pleural effusion[20]. Convo-
lutional neural networks (CNNs), a type of deep
learning technique, have demonstrated promise in
medical picture classification applications in re-
cent years. Radiologists may benefit from the
use of artificial intelligence in medical diagnostics,
reduce diagnostic delays, and enhance accuracy.
This study seeks to address these issues by cre-
ating and assessing deep learning- based models
for binary classification of chest X-rays, aiming to
detect pneumonia while maintaining interpretabil-
ity through visualization techniques such as Grad-
CAM.

The aim of this study is to develop an efficient
and accurate hybrid deep learning model by com-
bining a custom CNN and MobileNetV2 for auto-
mated classification of pneumonia from chest X-
ray images, and to compare its performance against
traditional CNN and pre-trained transfer learning
models.

This article presents an investigation into pneu-
monia classification using chest X-ray images, em-
ploying systematic preprocessing, model develop-
ment, and comparative evaluation. Image augmen-
tation techniques are applied to enhance generaliza-
tion and mitigate over fitting during training[36].
As baseline models, a custom convolutional neural
network (CNN), VGG16, and MobileNetV2 are im-
plemented and evaluated. Building on these archi-
tectures, a hybrid model is developed by integrating
a custom CNN branch with MobileNetV2 to exploit
their complementary feature extraction capabili-
ties. Experimental results are comparatively ana-
lyzed, with performance visualizations highlighting
the superior classification precision and resilience
of the hybrid model over standalone approaches.

• Data Preparation and Augmentation:
The dataset is structured into train, valida-
tion, and test folders, and image data gener-
ator is used for preprocessing. Training data
is augmented with random rotations, zooms,
and horizontal flips to improve generalization.
Images are rescaled to normalize pixel values
between 0 and 1. The generator flow loads im-
ages in batches, reducing memory usage. Val-
idation data is split from the training set, en-
suring unbiased evaluation. The test set re-

mains untouched for final performance met-
rics. This preprocessing phase ensures the
models learn from diverse and normalized in-
puts, which is crucial for effective convergence
and better generalization to unseen data dur-
ing inference.

• Custom CNN Model Design and Train-
ing: A sequential CNN is built with three
convolutional layers followed by max pooling,
capturing hierarchical spatial features. After
flattening, it connects to a dense layer with
dropout for regularization. The model is com-
piled using binary cross-entropy loss and the
Adam optimizer. It is trained for 10 epochs
on the chest X-ray training dataset, with vali-
dation at each step to monitor overfitting. To
illustrate learning progress, accuracy and loss
are plotted for both training and validation
sets. This baseline model serves as a founda-
tion for comparison against transfer learning
and hybrid approaches, providing a custom ar-
chitecture for pneumonia detection.

• Transfer Learning with VGG16 and Mo-
bileNetV2: Pretrained VGG16 and Mo-
bileNetV2 models are used as fixed feature ex-
tractors by freezing their convolutional base
layers[1]. Custom classification heads are
appended, including global average pooling,
dense layers, dropout, and sigmoid output for
binary classification. Each model is trained
on the same dataset configuration for fairness.
The performance is evaluated on test data,
including accuracy, classification reports, and
confusion matrices. The feature reuse from
large-scale ImageNet training allows faster
convergence and improved accuracy. Transfer
learning enables leveraging deep semantic fea-
tures learned from diverse datasets, which sig-
nificantly enhances pneumonia detection per-
formance compared to the baseline custom
CNN model. Hybrid Model Integration: A
dual-branch hybrid architecture combines a
shallow custom CNN with the feature-rich Mo-
bileNetV2. Each branch independently ex-
tracts features from the same input image.
The CNN focuses on handcrafted features,
while MobileNetV2 captures high-level rep-
resentations. Global average pooling layers
reduce dimensionality before feature fusion
via concatenation. The combined vector is
passed through dense and dropout layers be-



fore final classification. The model is com-
piled and trained similarly to previous mod-
els. This fusion approach leverages comple-
mentary strengths of traditional CNNs and
transfer learning, improving the model’s re-
silience and identifying local and global char-
acteristics to diagnose pneumonia in chest X-
rays more precisely.

• Evaluation, Visualization, and Grad-
CAM Interpretation: Each model is evalu-
ated using classification metrics, confusion ma-
trices, and visualizations. Accuracy and loss
trends are plotted to assess learning behav-
ior. Predictions on sample images are shown
with actual and predicted labels to inspect in-
ference quality. Grad-CAM heatmaps high-
light regions of interest in pneumonia-positive
X-rays, explaining model attention and im-
proving interpretability. Finally, a bar chart
comparison summarizes model performances
across accuracy and loss, helping identify the
best-performing architecture. These evalua-
tion techniques provide transparency, validate
results, and ensure the models not only achieve
high metrics but also learn meaningful visual
patterns for real-world clinical decision sup-
port.

This study holds considerable significance in
both the clinical and academic domains. From a
clinical perspective, the integration of deep learn-
ing into pneumonia detection can substantially en-
hance early diagnosis, particularly in areas where
access to radiologists is limited. Accurate auto-
mated systems can assist healthcare professionals
by reducing diagnostic time and offering second
opinions, thereby improving patient care and out-
comes. The use of Grad-CAM further enables clini-
cians to understand model decisions, fostering trust
and facilitating adoption in clinical workflows.

This research contributes to the growing body
of research in medical image analysis using artificial
intelligence. It provides a comprehensive compari-
son between a custom CNN and two widely adopted
transfer learning models VGG16 and MobileNetV2
using the same dataset and evaluation metrics. The
incorporation of Grad-CAM bridges the gap be-
tween performance and interpretability, addressing
a major challenge in deep learning applications in
healthcare.

This research provides several significant contri-
butions:

• Development of a Hybrid Deep Learn-
ing Model: Designed a novel two-branch hy-
brid architecture that combines a custom CNN
with MobileNetV2. The custom CNN captures
domain-specific features, while MobileNetV2
contributes high-level pre-trained features, en-
hancing feature diversity and improving diag-
nostic performance for pneumonia detection.

• Effective Feature Fusion Strategy: Im-
plemented a feature fusion mechanism using
concatenation of outputs from both branches,
followed by dense layers and dropout. This in-
tegration of handcrafted and transfer-learned
features boosts classification accuracy while
controlling overfitting.

• Comprehensive Evaluation and Visual-
ization: Conducted thorough evaluation us-
ing classification metrics (accuracy, precision,
recall, F1-score), confusion matrix, and pre-
diction visualization. This ensures transparent
and interpretable performance analysis of the
hybrid model on unseen test data.

• Real-Time Generalization Through
Data Augmentation: Applied real-time
data augmentation (rotation, zoom, flips)
during training, enabling the hybrid model to
generalize well on varied chest X-ray images
and reducing the risk of overfitting on limited
medical data.

In Section 2, relevant work on image caption gen-
eration is reviewed. The materials and procedures
are discussed in Section 3, with particular atten-
tion to the different tools and methods utilized for
image encoding and decoding. The experimental
setup, result analysis, and outcome comparison are
covered in Section 4. The paper is finally concluded
in Section 5 with a review of the results and some
directions for further research.

2 Literature Review
In recent years, the application of custom Convo-
lutional Neural Networks (CNNs) has gained sig-
nificant momentum in the field of medical imaging,
particularly for the diagnosis of pneumonia from
chest X-ray (CXR) images. Unlike transfer learn-
ing models, which adapt pretrained weights from
large datasets, custom CNN architectures are de-
signed and optimized specifically for the task and
data at hand, allowing for a more tailored solution
that captures domain-specific features.



It is presented a robust 50-layer CNN architec-
ture trained on a dataset comprising 5,852 CXR
images to classify cases into viral pneumonia, bac-
terial pneumonia, and normal categories. Their ar-
chitecture was rigorously validated using five-fold
cross-validation and achieved an outstanding accu-
racy of 99.7%±0.2, sensitivity of 99.74%±0.1, and
an AUC of 0.9812 [7]. The study underlined how
crucial early and precise diagnosis is, particularly
for vulnerable groups like children and the elderly.
Their proposed model demonstrates not only high
diagnostic performance but also practical viability
for deployment in remote or resource-constrained
environments, where access to radiological exper-
tise is limited.

It is proposed an innovative hybrid approach by
combining deep CNNs with hand-crafted features
extracted through SURF and ORB techniques[22].
Their method incorporated segmentation via Info-
MGAN, followed by feature fusion and classifica-
tion using machine learning models like SVM and
random forest. The model achieved a testing ac-
curacy of 98.20% and was statistically validated
through ANOVA and McNemarâs tests. Although
the model was designed for the classification of ten
chest diseases including pneumonia it highlights the
evolving role of feature fusion in enhancing CNN
performance and interpretability. The use of hand-
crafted features alongside CNNs provides better
feature localization, particularly valuable for dis-
eases with subtle radiographic signatures.

It is conducted a comparative analysis of twelve
widely known ImageNet pre-trained models, in-
cluding VGG16 and MobileNetV2, to evaluate their
effectiveness in distinguishing pneumonia cases of
bacterial and viral origin, including those caused
by SARS-CoV-2[8].

Using a combined dataset of 6,330 chest X-
ray images, they fine-tuned these architectures
and reported promising results, with models reach-
ing an average F1-score of up to 84.46%. The
study further integrated interpretability techniques
like Grad-CAM and evaluated model robustness
by training on reduced dataset sizes (50%, 20%,
10%). This analysis underlined the adaptability of
transfer learning models to real-world challenges in
medical diagnostics, especially during outbreaks of
novel pathogens.

Similarly, RadoÄaj and MartinoviÄ (2025)
focused on architectural variations and perfor-
mance improvements using models like Incep-
tionV3, InceptionResNetV2, DenseNet201, and

MobileNetV2[27]. The researchers employed dif-
ferent convolution strategies, including multi-scale
and stride convolutions, combined with the Mish
activation function. Their results indicated that
MobileNetV2, when enhanced with multi-scale con-
volutions, reached an accuracy of 94.37%. Grad-
CAM visualizations revealed that such configura-
tions captured diffuse pneumonia patterns effec-
tively, particularly in paediatric cases. These find-
ings stress the importance of choosing the right con-
volutional structure and activation function when
adapting pre-trained models for medical imaging.

It is proposed a customized MobileNetV2 ar-
chitecture (MobileNetV2L2), incorporating L2 reg-
ularization to improve generalization[37]. Their
model outperformed other state-of-the-art ap-
proaches, achieving a test accuracy of 95.51%,
while a secondary custom CNN model attained
99.26%. These results highlight the flexibility and
efficiency of MobileNetV2, particularly in environ-
ments with computational constraints. The au-
thors demonstrated that model fine-tuning, espe-
cially with architectural innovation,s can signifi-
cantly enhance the performance of standard trans-
fer learning models.

This study sets a new benchmark for transfer
learning in medical diagnostics and encourages fur-
ther exploration into domain-adaptive pre-training
techniques[18].

In another notable study[33], applied
DenseNet121 and ResNet50 to a large dataset of
over 100,000 chest X-ray images and demonstrated
superior performance over expert radiologists
in detecting conditions such as pneumothorax
and oedema. The integration of explainable AI
tools like SHAP, LIME, and occlusion sensitivity
analysis not only improved transparency but also
built trust in automated systems among healthcare
professionals.

It is emphasized the crucial role of interpretabil-
ity and visualization techniques in enhancing the
clinical reliability of deep learning models in medi-
cal image analysis[33]. Their comprehensive sur-
vey identifies a range of methodologies such as
saliency maps, Class Activation Maps (CAMs), and
gradient-based visualizations that contribute to a
deeper understanding of model behavior. These
techniques not only improve transparency but also
enable clinicians to verify whether the model is at-
tending to medically relevant regions in an image,
which is essential for adoption in real-world health-
care settings.



Authors Method Used Result Research Gap
Colin and
Surantha (2025)

LRP, Adversarial
training, CAM,
Spatial Attention

LRP best trade-off be-
tween interpretability and
accuracy (0.91 accuracy,
0.85 MRS)

Performance-interpretability
trade-offs require further
optimization

RadoÄaj and
MartinoviÄ
(2025)

CNN architectures
with Mish activation,
Grad-CAM

InceptionResNetV2 best
accuracy (97.18%); Grad-
CAM shows distinct
pathology patterns

Need for further studies on
real-time application and
multi-modal data integration

Gu and Lee
(2024)

Transfer learning
from ImageNet
pretrained models

Transfer learning out-
performs training from
scratch; effective for
grayscale-to-RGB CXR
images

Domain adaptation for medi-
cal images needs further the-
oretical development

Tripathi et al.
(2024)

Customized Mo-
bileNetV2 + CNN
with L2 regulariza-
tion

Proposed models outper-
form EfficientNet, ResNet
variants; high accuracy
and validation results

Limited generalization be-
yond datasets used; inter-
pretability not deeply ex-
plored

Sufian et al.
(2024)

DenseNet121,
ResNet50, NLP,
SHAP, LIME

High AUC (94%), out-
perform radiologists in
some tasks; enhanced in-
terpretability with SHAP
and LIME

Complexity of AI integration
in clinical workflow; needs us-
ability studies

Bhati et al.
(2024)

Review of inter-
pretability methods
(CAM, saliency)

Visualization improves
trust and clinical rele-
vance of models

Lack of standardization in
interpretability metrics and
clinical validation

Neshat et al.
(2024)

Hybrid Inception-
ResNet, Grad-CAM

High accuracy in pneu-
monia classification; in-
terpretability via Grad-
CAM; improved clinical
relevance

Exploration of larger datasets
and deployment in clinical
settings

Malik et al.
(2023)

Hybrid DCNN + fea-
ture extraction + ML
classifiers

Achieved 98.2% accuracy
for 10 chest diseases; ro-
bust statistical validation

Complexity of pipeline; needs
simplification for clinical use

Ahmed et al.
(2022)

Survey of XAI tech-
niques in medical im-
age analysis

Comprehensive XAI
methods classification;
benefits for automated
reporting

Need for real-world clinical
testing and integration of ex-
planations in AI workflows

Avola et al.
(2022)

Fine-tuned 12 Im-
ageNet pretrained
models

Models reached up to
84.46% F1-score on vi-
ral/bacterial pneumonia;
Grad-CAM visualizations
support interpretability

Performance drops with re-
duced training data; needs
robustness improvement

Alsharif et al.
(2021)

Custom CNN, 5-fold
cross-validation

High accuracy
(99.7%), sensitive vi-
ral/bacterial/normal clas-
sification; cost-effective
for remote areas

Limited exploration of model
interpretability and real-time
deployment

Hosseinzadeh
Taher et al.
(2021)

Pretrained Ima-
geNet, iNat2021,
self-supervised mod-
els

Self-supervised and con-
tinual pretraining boost
performance on medical
tasks

Transferability of models
across all medical image
types remains uncertain

Table 1: Review of recent research work in pneumonia detection



A review table has been describe above in ta-
ble1 with research gap op those author. The be-

Figure 1: Bar diagram of Accuracy over the different mod-
els of Journals.

low figure 1 stated the accuracy of the chosen lit-
eratures based on the Chest X-Ray for Pneumo-
nia as discussed in the articles of the different au-
thors that is highly mentioned in the X axis of this
chart. It is further expand the discussion by explor-
ing explainable AI within the context of automated
medical report generation[3]. Their review classi-
fies XAI techniques used in both image interpreta-
tion and natural language explanation, highlight-
ing how these methods contribute to model trans-
parency and clinician trust.

Despite significant advances in applying deep
learning to medical imaging, several critical gaps
remain that hinder the full clinical adoption of
these technologies. Firstly, while transfer learning
using pre-trained models such as VGG16 and Mo-
bileNetV2 has demonstrated promising results in
pneumonia and lung disease classification ([8],[37]),
challenges persist in effectively bridging the domain
gap between natural images used for pretraining
and medical images[18]. Continual pretraining and
fine-tuning strategies have been proposed but re-
quire further validation across diverse datasets and
modalities.

Secondly, although many studies achieve high
accuracy in disease classification tasks ([24], [33]),
they often do so using imbalanced datasets or
limited image sources, which limits generalizabil-
ity. Semi-supervised learning and data augmen-
tation techniques show potential to mitigate these
issues, but these methods are still underexplored
for broader pneumonia subtypes and related lung

diseases.
This review study has examined the current

landscape of deep learning applications in pneu-
monia diagnosis from chest radiographs, focusing
on four primary themes critical to advancing the
field. First, the development of custom convolu-
tional neural networks (CNNs) has demonstrated
promising accuracy in detecting pneumonia by ad-
dressing domain-specific challenges such as data
imbalance and subtle pathological features. Mod-
els with tailored architectures can outperform stan-
dard networks, providing cost-effective solutions,
especially in resource-limited settings.

Transfer learning using state-of-the-art archi-
tectures like VGG16 and MobileNetV2 has been
widely adopted to improve classification perfor-
mance. Fine-tuning pretrained models on large
datasets enables efficient feature extraction, mak-
ing these approaches valuable for medical imaging
tasks where annotated data is often scarce. The
integration of such models offers robustness and
adaptability across diverse pneumonia types, in-
cluding viral and bacterial infections. Comparative
performance evaluations reveal that while many
deep learning models achieve high accuracy, their
effectiveness varies depending on the dataset char-
acteristics and model complexity. The significance
of thorough benchmarking and the requirement for
models that strike a balance between accuracy,
computational efficiency, and generalizability are
highlighted by these studies.

3 Materials and Methods

The implementation of the pneumonia classifica-
tion and visualization pipeline leverages several
essential Python libraries and tools that stream-
line deep learning, image processing, and visual-
ization tasks. TensorFlow and its high-level API
Keras serve as the primary frameworks for build-
ing, training, and evaluating convolutional neu-
ral networks (CNNs), including custom models
and pre-trained architectures like VGG16 and Mo-
bileNetV2. NumPy facilitates efficient array ma-
nipulation and numerical operations, crucial for im-
age preprocessing and tensor transformations.

For image handling and enhancement, OpenCV
is utilized especially for resizing, colour conver-
sion, and overlay operations in the Grad-CAM vi-
sualization process. Matplotlib provides a flexi-
ble interface for plotting model performance met-
rics and displaying Grad-CAM outputs. Addition-



ally, Seaborn is used to create aesthetically pleasing
and informative visualizations such as heatmaps
and confusion matrices. Our method has a defined
workflow in below figure2.

Figure 2: Workflow diagram for Pneumonia detection.

3.1 Baseline Convolutional Neural Network (CNN)

The first model implemented for pneumonia de-
tection was a basic Convolutional Neural Network
(CNN), designed using TensorFlowâs Keras Se-
quential API. The architecture comprised three
convolutional layers with 32, 64, and 128 filters
respectively, each using a 3 × 3 kernel and ReLU
activation:

σ(z) = max(0, z)

For an input image

X ∈ R224×224×3,

each convolutional layer computed its feature maps
as:

a
(k)
ij = σ

(
C∑

c=1

h∑
m=1

w∑
n=1

W (k,c)
mn ·X(i+m),(j+n),c + b(k)

)
,

where W (k,c) and b(k) are the trainable kernel
weights and bias.

To progressively reduce spatial dimensions while
preserving salient features, each convolution was
followed by a max-pooling operation:

P
(k)
ij = max

{
a

(k)
2i,2j , a

(k)
2i+1,2j , a

(k)
2i,2j+1, a

(k)
2i+1,2j+1

}
.

The pooled output was then flattened into a 1D
vector z ∈ Rn, which served as input to a fully
connected dense layer with 128 units:

h = σ
(

W (1)z + b(1)
)

, W (1) ∈ R128×n, b(1) ∈ R128.

To reduce overfitting, a Dropout layer (p = 0.5)
was added before the final classification stage. The
output layer consisted of a single sigmoid unit:

ŷ = σ
(

W (2)h + b(2)
)

= 1
1 + e−(W (2)h+b(2)) ,

where ŷ ∈ [0, 1] represents the probability of
pneumonia.

Training was guided by the binary cross-entropy
loss function:

L(y, ŷ) = − [y log(ŷ) + (1− y) log(1− ŷ)] ,

and optimized using the Adam optimizer, which
updates parameters as:

θ ← θ − η
∂L

∂θ
.

This baseline CNN provided a computation-
ally efficient and interpretable framework, effec-
tively learning hierarchical features (edges, tex-
tures, lung patterns) critical for distinguishing
pneumonia from normal cases. Despite its simplic-
ity, it established a strong baseline before progress-
ing to deeper architectures such as VGG16 and Mo-
bileNetV2.



3.2 VGG16 (Transfer Learning)

The second model used in this study is built on
the VGG16 architecture â a deep convolutional
neural network originally trained on the ImageNet
dataset. In this approach, we applied transfer
learning, using the pre-trained VGG16 as a fea-
ture extractor. To achieve this, the fully con-
nected classification layers at the top of the net-
work were removed (include_top=False), keep-
ing only the convolutional base. All layers in this
base were frozen (layer.trainable=False) to re-
tain the valuable hierarchical features learned from
ImageNet.

On top of this base, a custom classification head
was added. A GlobalAveragePooling2D (GAP)
layer compressed each 7×7 feature map into a sin-
gle value, yielding a vector:

gk = 1
49

7∑
i=1

7∑
j=1

fi,j,k, k = 1, . . . , 512 (1)

resulting in g ∈ R512. This was followed by a
dense layer with 128 units and ReLU activation:

h = ReLU(W1g + b1), h ∈ R128, (2)
then a dropout layer with rate p = 0.5, and

finally a dense output layer with sigmoid activation:

ŷ = σ(W2h′ + b2), ŷ ∈ (0, 1), (3)
where the sigmoid function is defined as:

σ(z) = 1
1 + e−z

. (4)

The model was optimized using the binary
cross-entropy loss function:

L(y, ŷ) = −
[
y log(ŷ)+(1−y) log(1−ŷ)

]
, y ∈ {0, 1}.

(5)
The overall architecture can be summarized as:

x ∈ R224×224×3 VGG16−−−−−→ f ∈ R7×7×512 GAP−−−→

g ∈ R512 Dense+ReLU−−−−−−−−→ h ∈ R128 Dropout−−−−−→
h’ Dense+Sigmoid−−−−−−−−−−→ ŷ ∈ (0, 1).
The model was compiled with the Adam op-

timizer and trained for 10 epochs. This VGG16-
based model effectively transfers robust low-level
features from natural images to chest X-ray anal-
ysis, achieving improved performance for pneumo-
nia detection, particularly in scenarios with limited
medical datasets.

3.3 MobileNetV2 (Transfer Learning)

The third model developed in this study is based
on MobileNetV2, a lightweight and efficient con-
volutional neural network specifically optimized for
mobile and embedded vision applications. In this
work, transfer learning was applied by using a pre-
trained MobileNetV2 model as a fixed feature ex-
tractor. To achieve this, the modelâs top layers
were removed (include_top=False), and all con-
volutional layers were frozen to preserve the valu-
able feature representations learned from the Ima-
geNet dataset.

To tailor the network for binary classification
of chest X-ray images, a custom classification head
was added. The output from the MobileNetV2 base
passed through a Global Average Pooling (GAP)
layer to reduce feature dimensionality, followed by
a fully connected Dense layer with 128 ReLU-
activated neurons to introduce non-linearity. A
Dropout layer with a rate of 0.5 was included to
minimize overfitting, and the final layer consisted
of a single sigmoid neuron to produce probabili-
ties distinguishing between NORMAL and PNEU-
MONIA cases. The model was compiled using the
Adam optimizer and trained for 10 epochs with the
pre-defined training and validation generators.

The lightweight nature of MobileNetV2 allows it
to perform efficiently even on systems with limited
computational power. Despite its compact design,
it maintains strong predictive performance through
the use of depthwise separable convolutions, which
significantly reduce the number of parameters and
computational operations without compromising
accuracy.

Input Each chest X-ray image is resized to:

x ∈ R224×224×3.

Feature Extraction (Frozen) The Mo-
bileNetV2 base processes the input through con-
volutional and bottleneck layers, producing:

f = MobileNetV2(x), f ∈ R7×7×1280.

Global Average Pooling (GAP) Each fea-
ture map is reduced to a single scalar:

gk = 1
49

7∑
i=1

7∑
j=1

fi,j,k, k = 1, . . . , 1280,

resulting in:
g ∈ R1280.



Fully Connected Layer (Dense + ReLU)
A linear transformation followed by ReLU activa-
tion:

h = ReLU(W1g+b1), W1 ∈ R128×1280, b1 ∈ R128,

where:
h ∈ R128.

Dropout To reduce overfitting, a dropout mask
is applied:

h′ = h⊙m, m ∼ Bernoulli(0.5).

Output Layer (Sigmoid) The final probabil-
ity for binary classification is computed as:

ŷ = σ(W2h′ + b2), W2 ∈ R1×128, b2 ∈ R,

where the sigmoid function is defined as:

σ(z) = 1
1 + e−z

, ŷ ∈ (0, 1).

Loss Function Binary cross-entropy is used as
the loss function:

L(y, ŷ) = −
[
y log(ŷ)+(1−y) log(1−ŷ)

]
, y ∈ {0, 1}.

Optimization The parameters
{W1, W2, b1, b2} are updated using the Adam
optimizer:

θ ← θ − η ·AdamGradient(L, θ).

Final Architecture Summary

x ∈ R224×224×3 MobileNetV2−−−−−−−−−→ f ∈ R7×7×1280

GAP−−−−→ g ∈ R1280 Dense+ReLU−−−−−−−−−→ h ∈ R128

Dropout−−−−−−→ h′ ∈ R128 Dense+Sigmoid−−−−−−−−−−−→ ŷ ∈
(0, 1).

3.4 Algorithm

The Pneumonia Classification algorithm 3.4
presents an organized pipeline for generating ex-
planatory captions from input images based on a
CNN, VGG16 and MobileNetV2 model. It starts
by choosing and initializing a pretrained CNN (e.g.,
VGG16, MobileNetV2) to extract high-level visual
features.

PneumoniaClassifierx ∈ R224×224×3

Step 1: Initialize datasets (training, validation, test)
using ImageDataGenerator
Step 2: Normalize images (rescale = 1/255) and apply
data augmentation
each epoch
Step 3: Train CNN Forward propagate training
samples through Conv2D, MaxPooling, GAP, Dense,
Dropout, Sigmoid Compute Binary Crossentropy Loss
and update CNN weights (Adam Optimizer)
Step 4: Train VGG16 (transfer learning, top excluded)
Forward propagate samples through pretrained VGG16
base, GAP, Dense, Dropout, Sigmoid Compute Binary
Crossentropy Loss and update only top layers (Adam
Optimizer)
Step 5: Train MobileNetV2 (transfer learning, top ex-
cluded) Forward propagate samples through pretrained
MobileNetV2 base, GAP, Dense, Dropout, Sigmoid
Compute Binary Crossentropy Loss and update only
top layers (Adam Optimizer)
Step 6: Evaluate CNN, VGG16, MobileNetV2
on test set Compute Accuracy, Precision, Recall,
F1-score Generate confusion matrix and classifica-
tion report ŷCNN , ŷV GG, ŷMobileNet ∈ [0, 1] →
{NORMAL, PNEUMONIA}

3.5 Hybrid Model (Custom CNN + MobileNetV2):

The hybrid model for pneumonia detection is de-
signed using a two-branch deep learning framework
that integrates a custom Convolutional Neural Net-
work (CNN) with the pretrained MobileNetV2 ar-
chitecture. The input consists of chest X-ray im-
ages resized to 224× 224 pixels, and preprocessing
is performed using ImageDataGenerator for aug-
mentation and normalization.

3.5.1 Branch 1: Custom CNN Feature Extraction

The first branch (custom CNN) extracts hand-
crafted low- to mid-level features through stacked
convolution and pooling layers. Formally, given an
input image x ∈ R224×224×3, convolution and acti-
vation operations can be expressed as:

a1 = ReLU(W1 ∗ x + b1), a1 ∈ R224×224×32 (6)

a2 = MaxPool(a1), a2 ∈ R112×112×32 (7)

a3 = ReLU(W2 ∗ a2 + b2), a3 ∈ R112×112×64 (8)

a4 = MaxPool(a3), a4 ∈ R56×56×64 (9)



a5 = ReLU(W3 ∗ a4 + b3), a5 ∈ R56×56×128 (10)

Global Average Pooling summarizes spatial in-
formation into a compact feature vector:

fCNN = 1
56× 56

56∑
i=1

56∑
j=1

a5[i, j, :], fCNN ∈ R128

(11)

3.6 Branch 2: MobileNetV2 Feature Extraction

The second branch (MobileNetV2) leverages trans-
fer learning, where pretrained ImageNet weights
are frozen. Its output after global average pooling
is:

fMobileNetV 2 = GAP(MobileNetV2(x)),
fMobileNetV 2 ∈ R1280 (12)

3.6.1 Fusion and Classification

Both branches are fused via concatenation:

fconcat = Concat(fCNN , fMobileNetV 2),
fconcat ∈ R1408 (13)

This fused feature vector is passed through a
fully connected layer with ReLU activation and
dropout regularization:

h = ReLU(Wdfconcat + bd), h ∈ R256 (14)

h′ = h⊙m, m ∼ Bernoulli(0.5) (15)

Finally, a sigmoid output layer produces the
pneumonia classification:

ŷ = σ(W0h′ + b0), ŷ ∈ (0, 1) (16)

with the sigmoid function defined as:

σ(z) = 1
1 + e−z

(17)

3.6.2 Loss Function

The model is trained with Binary Cross-Entropy
Loss:

L(y, ŷ) = −
[
y log(ŷ) + (1− y) log(1− ŷ)

]
(18)

This design allows the CNN to capture spatially
localized features while MobileNetV2 contributes
semantically rich representations. The below fig-
ure3 architecture supports modular evaluation of
their fusion significantly enhances classification ac-
curacy and generalization compared to standalone
models.

Figure 3: Hybrid Model Diagram for Pneumonia Detection

3.7 Algorithm

The Pneumonia Classification algorithm 3.7
presents an organized pipeline for generating ex-
planatory captions from input images based on a
CNN, VGG16 and MobileNetV2 model. It starts
by choosing and initializing a pretrained CNN (e.g.,
VGG16, MobileNetV2) to extract high-level visual
features.

Output: Predicted probability of Pneumonia
ŷ ∈ [0, 1]

Step 1: Initialize input shape x ∈ R224×224×3

and parameters (IMG_SIZE, input_shape)



Step 2: Load dataset and create data genera-
tors (train, validation, test) with rescaling and aug-
mentation

Step 3: Define input layer for the model
Step 4: Construct Custom CNN branch:

Apply Conv2D (32 filters, 3x3, ReLU) → Max-
Pooling2D (2x2) Apply Conv2D (64 filters,
3x3, ReLU) → MaxPooling2D (2x2) Apply
Conv2D (128 filters, 3x3, ReLU) → GlobalAver-
agePooling2D

Step 5: Construct MobileNetV2
branch: Load pre-trained MobileNetV2
(include_top=False, weights=imagenet, train-
able=False) Apply GlobalAveragePooling2D

Step 6: Fuse features from CNN and Mo-
bileNetV2 branches using Concatenate

Step 7: Apply Dense layer (256 units, ReLU)
→ Dropout (0.5) → Dense (1 unit, Sigmoid)

Step 8: Compile the model with Adam opti-
mizer, binary cross-entropy loss, and accuracy met-
ric

Step 9: Train the model on training and vali-
dation data for E epochs

Step 10: Evaluate the model on test data and
obtain predictions

Step 11: Compute classification report and
confusion matrix; visualize predictions

Step 12: Return predicted probability ŷ

4 Experiment and Result
4.1 Data Description

The dataset used in this study is the Chest X-Ray
Images (Pneumonia) dataset, sourced from Kag-
gle, comprising a total of 5,863 anterior-posterior
chest X-ray images divided into two categories:
NORMAL and PNEUMONIA. The Guangzhou
Women and Children’s Medical Center’s paediatric
patients, ages one to five, provided these pictures.
Each image was carefully reviewed for quality, with
unreadable scans removed. Two skilled doctors first
labelled the diagnoses, and a third expert verified
the evaluation set to guarantee high labelling accu-
racy.

The dataset is organized into three main fold-
ers: train, validation (val), and test, each contain-
ing subfolders for the two categories. The training
set includes 1,342 NORMAL and 3,876 PNEUMO-
NIA images that has been shown in below figure4 as
a few samples. The validation set has 9 images per
class, and the test set includes 234 NORMAL and
390 PNEUMONIA images. This structure enables

(a) Pneumonia X-ray images

(b) Normal X-ray images

Figure 4: Visualizing Sample Chest X-ray Images from
NORMAL and PNEUMONIA Classes (Training Set)

proper model training, hyperparameter tuning, and
unbiased performance evaluation. For implementa-
tion, the dataset directory was accessed using a de-
fined base path. A Python function was developed
to count images in each category and subfolder us-
ing os.listdir(). This systematic approach ensured a
clear understanding of dataset distribution, which
is crucial for model training and evaluation balance.

4.2 Data Preprocessing

To prepare the chest X-ray dataset for deep
learning model training, several preprocessing
steps were applied. Firstly, all images were
resized to a uniform dimension of 150 × 150
pixels using the target_size parameter in the
ImageDataGenerator, ensuring consistency in in-
put shape for convolutional neural networks.

Next, normalization was performed by rescal-
ing pixel values from the original range [0, 255]
to [0, 1] using the rescale=1./255 setting. This
helps accelerate training convergence and im-
proves model stability. The training set was
subjected to data augmentation in order to de-
crease overfitting and increase dataset diversity.
The ImageDataGenerator class was used to im-
plement random transformations including rota-
tion (±15◦), zoom (±10%), and horizontal flip-
ping. These augmentations simulate real-world
variations in X-ray images without changing their
labels. For the validation and test sets, only nor-
malization was applied to maintain data integrity.
The images were then loaded in batches using the
flow_from_directory method, ready for model



training and evaluation.

4.3 Visualizations

To better understand the structure and character-
istics of the chest X-ray dataset, several visualiza-
tions were implemented using Python libraries such
as Matplotlib, Seaborn, and OpenCV. These visu-
alizations provided insights into data distribution,
sample diversity, image resolution, and pixel inten-
sity, all of which are crucial for guiding preprocess-
ing and model design.

(a) Bar Plot for Count per Class in Each Dataset Split

(b) Pie Chart for Class Distribution in the
Training Set (NORMAL vs PNEUMONIA)

Figure 5: Data visualization of the split dataset

Firstly, a bar plot in figure5(a) was created to
display the number of images in each dataset split
(train, validation, test) across the two categories:
NORMAL and PNEUMONIA. The data was ex-
tracted by counting the images in respective subdi-
rectories. This plot was constructed using plt.bar()
and highlighted the class imbalance, especially in
the training set, where PNEUMONIA images sig-
nificantly outnumber NORMAL ones.

Secondly, a pie chart in above figure5(b) was
used to show the class distribution within the train-

ing set. This helped visualize the proportion of im-
ages per class, making the imbalance more appar-
ent. The chart was generated using plt.pie() with
custom percentage labels and absolute counts for
better interpretability.

For qualitative analysis, sample X-ray images
from both classes were visualized. A custom func-
tion utilized OpenCV and matplotlib.pyplot to ran-
domly display five images from each class within
the training set. This allowed for a visual compar-
ison of pathological versus normal features.

4.4 Results

The convolutional neural network (CNN) designed
for pneumonia classification was trained and eval-
uated using chest X-ray images. Based on the re-
sults, the CNN achieved a test accuracy of 87.98%,
indicating that the model performs effectively on
unseen data.

The below figure7 suggest the confusion matrix
further reveals detailed performance across both
classes. Out of 234 actual NORMAL cases, 164
were correctly classified while 70 were misclassified
as PNEUMONIA. Conversely, out of 390 PNEU-
MONIA cases, 385 were accurately identified, and
only 5 were wrongly predicted as NORMAL. This
suggests the model is highly sensitive to detect-
ing pneumonia, exhibiting high recall (0.99) for
the PNEUMONIA class but a slightly lower recall
(0.70) for the NORMAL class.

The below mentioned table2 represents the clas-
sification comparison report that supports this ob-
servation. The precision for NORMAL is 0.97, and
for PNEUMONIA is 0.85. The F1-scoreâbalancing
precision and recallâis 0.81 for NORMAL and 0.91
for PNEUMONIA, resulting in an overall F1-score
of 0.87 (weighted average). This indicates the
model is more reliable at identifying pneumonia
cases than ruling them out.

The training curves show a consistent increase
in training accuracy, reaching over 94%, while the
validation accuracy fluctuates between 64% and
88%, indicating possible overfitting. The training
loss decreases steadily, whereas the validation loss
is unstable, peaking around the 5th epoch. This
divergence highlights the need for regularization or
early stopping.

The binary classification of chest X-ray im-
ages into NORMAL and PNEUMONIA categories
was accomplished with encouraging results by the
VGG16-based transfer learning model. The final
test accuracy reached 90.06%, which is a notable



Model Class Precision Recall F1-score Accuracy

CNN

NORMAL 0.97 0.70 0.81

0.88
PNEUMONIA 0.89 0.99 0.91

Macro Avg 0.91 0.84 0.86
Weighted Avg 0.89 0.88 0.87

VGG16

NORMAL 0.91 0.81 0.86

0.90
PNEUMONIA 0.89 0.95 0.92

Macro Avg 0.90 0.88 0.89
Weighted Avg 0.90 0.90 0.90

MobileNetV2

NORMAL 0.93 0.66 0.77

0.85
PNEUMONIA 0.83 0.87 0.89

Macro Avg 0.88 0.81 0.83
Weighted Avg 0.86 0.85 0.85

Table 2: Performance comparison of different models on chest X-ray classification

performance considering the modelâs reliance on
pre-trained weights from ImageNet and fine-tuning
of top layers for pneumonia detection.

The confusion matrix indicates in the below fig-
ure6(a) that out of 234 actual NORMAL cases,
190 were correctly classified, and 44 were misclas-
sified as PNEUMONIA. Conversely, the model ac-
curately identified 372 out of 390 PNEUMONIA
cases, with only 18 false negatives.

This classification report suggests a high sensi-
tivity in detecting pneumonia (recall of 0.95) and
acceptable performance on normal cases (recall of
0.81). The overall precision and F1-scores for both
classes further validate the modelâs robustness:
NORMAL(F1 = 0.86), PNEUMONIA (F1 = 0.92).

The training and validation curves reveal addi-
tional insights in the below figure7,8. The training
accuracy steadily increases, nearing 0.95, while val-
idation accuracy shows fluctuations but ultimately
converges close to the training line, indicating a
good fit by the final epochs. Likewise, training
loss continually declines, reaching 0.14, while vali-
dation loss shows some oscillations before decreas-
ing, suggesting initial overfitting was reduced with
continued training and regularization strategies like
dropout.

Chest X-ray pictures were binary classified us-
ing the MobileNetV2 model, a lightweight and ef-
fective convolutional neural network, in order to
identify pneumonia. At 85.26% test accuracy, the
model demonstrated a respectably high level of gen-
eralisation to unknown data. From the confusion
matrix, the model correctly predicted 154 out of

234 NORMAL cases and 378 out of 390 PNEUMO-
NIA cases in below figure6(b). This demonstrates
a strong ability to detect pneumonia, though it
struggles more with correctly identifying NORMAL
cases, as shown by 80 misclassifications.

(a) Confusion matrix of VGG16 model

(b) Confusion matrix of MobileNetV2 model

Figure 6: All models confusion matrix



In terms of classification metrics, the model
achieved precision, recall, and F1-scores of 0.93,
0.66, and 0.77 respectively for the NORMAL class,
and 0.83, 0.97, and 0.89 for the PNEUMONIA
class. The high recall for PNEUMONIA (0.97) is
a critical success, as it reflects the modelâs strong
ability to minimize false negativesâvital in medi-
cal diagnostics. However, the relatively low recall
for NORMAL indicates that a notable portion of
healthy patients were misclassified as having pneu-
monia, which could lead to unnecessary concern or
treatment. The training and validation accuracy
and loss graphs further highlight overfitting.

Figure 7: Confusion matrix of CNN model

The training accuracy increased steadily, near-
ing 96%, while validation accuracy showed fluctua-
tion across epochs and remained significantly lower.
Similarly, training loss decreased consistently, while
validation loss fluctuated, reflecting instability in
model generalization.

(a) CNN model loss training and validation curves

(b) VGG16 model accuracy training and valida-
tion curves

(c) VGG16 model loss training and validation
curves

(d) MobileNetV2 model accuracy training and val-
idation curves

Figure 8: All model comparisons on accuracy and loss
training and validation curves

A Grad-CAM visualization was applied using
the VGG16 model to interpret model decisions on
pneumonia detection. The overlay heatmap re-
vealed that the model accurately focuses on rele-
vant thoracic regions, particularly areas around the
lungs, which exhibit infection indicators. This sup-
ports the modelâs interpretability, confirming that
the high performance is not due to spurious correla-
tions but clinically meaningful patterns. The color



intensity in the lungs correlates with areas of abnor-
mal opacity, validating the modelâs attention. This
explainability technique enhances trust in the mod-
elâs decisions, especially in sensitive medical ap-
plications such as pneumonia diagnosis from chest
X-rays shows in figure9.

Figure 9: Grad-CAM visualization highlighting pneumonia
regions.

The Hybrid Model, a fusion of traditional
Convolutional Neural Network (CNN) and Mo-
bileNetV2 architectures, demonstrates robust per-
formance in pneumonia detection tasks.

The training and validation accuracy curves
indicate consistent and high classification perfor-
mance, with validation accuracy peaking at around
96.7% and training accuracy exceeding 96% shown
figure10(b) accuracy and figure10(c) shown loss
training and validation curves. Furthermore, the
loss graphs depict a decreasing trend for both train-
ing and validation, converging below 0.15, which
reflects good model generalization and minimized
overfitting.

The model achieved a test accuracy of 90.06%,
confirming its reliability on unseen data. This
result is consistent with the classification report,
where NORMAL class achieved a precision of 0.91
and recall of 0.82, while PNEUMONIA class at-
tained a precision of 0.90 and recall of 0.95. The
overall F1-scores of 0.86 (NORMAL) and 0.92
(PNEUMONIA) shows below in table3, suggest the
model maintains a strong balance between preci-
sion and recall across both categories.

(a) Confusion matrix of hybrid model

(b) Accuracy validation curve of hybrid model

(c) Loss validation curve of hybrid model

Figure 10: Confusion matrix, Accuracy and Loss valida-
tion curve of hybrid model

The confusion matrix above figure10(a) sup-
ports these findings, with 191 true positives and
43 false negatives for the NORMAL class, and
371 true positives and only 19 false negatives for
PNEUMONIA. This highlights the model’s par-
ticular strength in detecting pneumonia cases cor-
rectly, which is critical in clinical diagnostics to re-
duce the risk of missed diagnoses.



Class Precision Recall F1-score Support
NORMAL 0.91 0.82 0.86 234

PNEUMONIA 0.90 0.95 0.92 390
Accuracy 0.90 624

Macro Avg 0.90 0.88 0.89 624
Weighted Avg 0.90 0.90 0.90 624

Table 3: Performance Metrics

(a) All models training and validation loss comparison

(b) All models training and validation accuracy compar-
ison

Figure 11: Training and validation loss and accuracy com-
parison bar graph of all models

The above bar chart figure11 presents a com-
parative analysis of the test loss values across four
models: CNN, VGG16, MobileNetV2, and a Hy-
brid model combining CNN and MobileNetV2.

From the comparison, the Hybrid model ex-
hibits the lowest loss (0.2529), indicating better
generalization. In contrast, MobileNetV2 shows
the highest loss (0.4396), suggesting relatively
lower performance. VGG16 and CNN models per-
form moderately, with losses of 0.2915 and 0.3949,

respectively.

5 Conclusion

This study evaluated the performance of four
deep learning architecturesâCNN, VGG16, Mo-
bileNetV2, and a Hybrid model combining CNN
and MobileNetV2âfor the detection of pneumonia
from chest X-ray images. Comprehensive assess-
ment was conducted using metrics such as accu-
racy, loss, confusion matrices, and classification re-
ports. Among the models, the Hybrid architec-
ture outperformed others with a test accuracy of
90.06%, the lowest observed loss at 0.2529, and high
precision and recall across both classes. VGG16
demonstrated competitive performance, though it
slightly lagged in recall and exhibited a marginally
higher loss. The CNN model achieved strong re-
call for pneumonia cases but struggled in classify-
ing normal images accurately. MobileNetV2, while
computationally efficient, showed the highest test
loss and variability during validation, indicating re-
duced generalization capability.

To support model interpretability, Grad-CAM
visualization was implemented using VGG16,
which confirmed that the model accurately focused
on key thoracic regions, particularly the lungs,
where pneumonia indicators typically appear. This
reinforces confidence in the modelâs predictions
and adds explainability for potential clinical inte-
gration.

However, limitations include the moderate
dataset size and possible class imbalance, which
may affect model robustness in broader clinical
environments. Despite this, the Hybrid model
presents a well-rounded, effective solution for au-
tomated pneumonia diagnosis.
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