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ABSTRACT

VGG-16 and Inception are widely used CNN architectures for image classification, but they face challenges in target categorization.
This study introduces B4-GraftingNet, a novel deep learning model that integrates VGG-16’s hierarchical feature extraction with
Inception’s diversified receptive field strategy. The model is trained on the OCT-CXR dataset and evaluated on the NIH-CXR
dataset to ensure robust generalization. Unlike conventional approaches, B4-GraftingNet incorporates binary particle swarm
optimization (BPSO) for feature selection and grad-CAM for interpretability. Additionally, deep feature extraction is performed,
and multiple machine learning classifiers (SVM, KNN, random forest, naive Bayes) are evaluated to determine the optimal feature
representation. The model achieves 94.01% accuracy, 94.22% sensitivity, 93.36% specificity, and 95.18% F1-score on OCT-CXR and
maintains 87.34% accuracy on NIH-CXR despite not being trained on it. These results highlight the model’s superior classification
performance, feature adaptability, and potential for real-world deployment in both medical and general image classification tasks.

1 | Introduction

In recent years, image classification and object detection have
witnessed significant advancements in deep learning architec-
tures [1-3]. These improvements stem from enhanced hardware
capabilities, larger datasets, and the development of more sophis-
ticated computational models. Over time, these advancements
have contributed to refined algorithms and improved architec-
tures, allowing for more efficient and accurate feature learning
[4]. Among the many deep learning frameworks, convolutional

neural networks (CNNs) have proven to be particularly influ-
ential. Researchers have introduced various CNN architectures,
including VGG [5], GoogleNet [6], ResNet [7], and Transformers
[8], each with distinct characteristics and strengths. For instance,
VGG-16 is known for its deep hierarchical feature extraction using
small convolutional filters, while Inception excels in classification
tasks by employing parallel convolutional filters within each
inception block. The impact of Inception extends beyond its own
architecture, as its core design principles have been integrated
into several state-of-the-art CNN models [6, 9, 10].
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Summary Points

What was already known on the topic?

* VGG-16 and Inception models are well-known for their
ability to identify objects and capture spatial information
within images. However, these models often face chal-
lenges in delivering consistent and optimal performance
across complex datasets.

What this study added to the knowledge?

1. Development of B4-GraftingNet: Introduced a novel 87-
layer CNN architecture, B4-GraftingNet, which combines
the strengths of VGG-16 and Inception patterns to improve
target categorization and spatial information computa-
tion.

2. Implementation of GraftingNet Technique: Incorporated
a GraftingNet approach inspired by Inception modules to
efficiently propagate diverse receptive field information
throughout the CNN network.

3. Feature Extraction Across Datasets: Trained the proposed
model on the OCT-CXR dataset and extracted features
from both the OCT-CXR and NIH clinical (holdout)
datasets for downstream processing.

4. Feature Optimization with BPSO: Utilized binary par-
ticle swarm optimization (BPSO) to identify and select
the most optimized features for improved classification
performance.

5. Classifier Evaluation: Evaluated the performance of var-
ious classifiers integrated into the proposed pipeline,
demonstrating the effectiveness of the technique on the
OCT-CXR test dataset and validating the results on the
NIH clinical dataset through a holdout evaluation.

6. Explainable AI (XAI): Applied features visualization and
grad-CAM to identify critical regions in images, ensuring
the robustness and interpretability of the B4-GraftingNet
model for clinical applications.

Building on these architectures, this paper proposes a novel image
classification model, B4-GraftingNet, which synergistically com-
bines the hierarchical feature extraction of VGG-16 with the
diversified receptive field strategy of Inception. The proposed
model enhances feature learning and class discrimination, mak-
ing it highly efficient for various classification tasks. While the
model is not restricted to a specific domain, it is particularly
useful for complex medical imaging applications, where subtle
feature distinctions are harder to classify compared to large-scale
object detection tasks. As a case study, we evaluate the model
on pneumonia classification, a challenging medical imaging task
that requires high precision and sensitivity due to the intricacies
of lung diseases.

Pneumonia is a severe lung infection, primarily caused by
bacteria, viruses, or fungi, and is one of the leading causes
of global mortality. In 2019, it was responsible for 2.5 million
deaths, including 672,000 children, equating to one child under
five dying every 47 s. Among neonates and premature babies,
particularly those born before 37 weeks of gestation, the risk is
three to ten times higher due to underdeveloped lung structures

and weak immune systems. Pneumonia accounts for 15% of all
neonatal deaths, and its complications can lead to impaired brain
development, vision and hearing impairments, and chronic lung
diseases. Early diagnosis and timely medical intervention are
essential in reducing pneumonia-related fatalities [11, 12]. The
disease remains a global health challenge, with 14% of all disease-
related deaths in children under five attributed to pneumonia [13].
Tuberculosis (TB), another respiratory disease, caused 230,000
deaths in 2020, 80% of which were among children under five
[14]. Despite improvements in healthcare, pneumonia continues
to pose serious health risks, particularly in low- and middle-
income countries, where limited access to early diagnosis and
treatment exacerbates mortality rates. Reports from the Western
Pacific region indicated that pneumonia accounted for 11% of
annual deaths in children under five in 2011, with the highest
fatality rates recorded in Pakistan, India, Nigeria, Ethiopia, and
the Republic of Congo in 2017 [15-17].

The role of information technology (IT) and artificial intelligence
(AI) in healthcare has become increasingly critical in improving
diagnostic accuracy and efficiency [18]. Deep learning-based
classification models have demonstrated remarkable success
in medical imaging, particularly in diagnosing chest diseases
using chest X-rays (CXR). Researchers have explored a variety
of techniques for pneumonia classification, utilizing custom
deep learning models, transfer learning, and ensemble-based
feature extraction. Pretrained architectures have been widely
adopted, with studies using AlexNet to classify CXR images into
multiple disease categories, demonstrating the effectiveness of
transfer learning in feature extraction [19]. Similarly, VGG19,
DenseNetl21, Xception, and ResNet50 have been employed in
transfer learning-based approaches to enhance classification per-
formance on the OCT-CXR dataset, emphasizing the importance
of feature diversity in deep learning-based pneumonia detection
[20]. Additionally, hybrid classification techniques combining
VGG-16 and Xception with machine learning classifiers, such as
support vector machines (SVM), k-nearest neighbors (KNN), ran-
dom forest, and Naive Bayes, have been investigated to improve
feature discrimination and model robustness [21, 22]. While
these methodologies demonstrate strong classification potential,
they often suffer from increased computational costs, model
complexity, or dataset dependency, limiting their generalizability
across diverse clinical settings.

Despite significant advancements in deep learning for image
classification, several challenges remain unresolved, particularly
in medical imaging applications. Traditional CNN architectures
such as VGG-16 and Inception offer strong feature extraction
capabilities, but they often struggle with feature redundancy,
inefficient spatial representation, and suboptimal classification
accuracy in complex datasets. Many existing models lack gener-
alizability across different datasets due to overfitting or dataset
bias, limiting their applicability in real-world clinical settings.
Additionally, most deep learning-based pneumonia classification
approaches rely solely on CNNs without integrating feature
selection techniques, leading to high-dimensional feature spaces
that increase computational cost and reduce efficiency. Another
critical limitation is the lack of interpretability in model decisions,
which is essential for clinical adoption, as healthcare profession-
als require transparent and explainable Al models to support
diagnostic decisions. Addressing these challenges necessitates an
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approach that not only enhances feature extraction and selection
but also improves generalization and interpretability in deep
learning-based pneumonia detection.

To address these limitations, we propose B4-GraftingNet, a
novel 87-layer convolutional neural network that integrates the
strengths of VGG and Inception architectures. By combining
hierarchical feature extraction with a diversified receptive field
strategy, our model aims to enhance feature learning, improve
generalizability, and provide interpretable results for medical
imaging applications. The complete pipeline of this study is as
follows:

* Proposed B4-GraftingNet: A novel 87-layer convolutional
neural network model integrating VGG and Inception pat-
terns to enhance feature extraction and spatial representation.

* GraftingNet Technique: Implemented a technique similar
to Inception modules to propagate diverse receptive field
information within the CNN network.

* Training and Evaluation: Trained the model on the OCT-
CXR dataset, extracting features for both training and testing,
while utilizing the NIH clinical dataset as a holdout evaluation
set.

* Data Augmentation: Addressed dataset bias through tech-
niques such as Gaussian noise and salt & pepper noise, while
avoiding transformations like clipping, shifting, and flipping
to maintain model robustness in challenging conditions.

* Feature Optimization: Optimized feature selection using
Binary Particle Swarm Optimization (BPSO) to enhance
classification performance.

* Classifier Evaluation: Evaluated various classifiers to deter-
mine the most effective approach for pneumonia detection in
medical imaging applications.

* Model Interpretability: Integrated grad-CAM visualization
to ensure model interpretability by highlighting key decision
regions in CXR images.

The rest of this manuscript is structured as follows: Sec-
tion 2 presents related studies, summarizing prior deep learning
approaches for medical image classification. Section 3 describes
the proposed methodology, detailing the B4-GraftingNet archi-
tecture, feature extraction process, BPSO-based feature selection,
and classification methods. Experimental results and compara-
tive evaluations are presented in Section 4, demonstrating the

effectiveness of the proposed model. Section 5 discusses findings,
limitations, and potential areas for improvement, while Section 6
concludes the study and outlines future research directions.
Additional methodological details are provided in the supporting
materials.

2 | Related Studies
2.1 | Studies Utilizing the OCT-CXR Dataset

The OCT-CXR dataset has been widely used for pneumonia
classification, with several studies employing deep learning-
based techniques to enhance diagnostic accuracy. Ibrahim et al.
[19] used a pretrained AlexNet model to classify CXR images
into four categories: COVID-19, non-COVID-19 viral pneumonia,
bacterial pneumonia, and normal cases. Their approach achieved
an accuracy of 91.43%, with a sensitivity of 94.0%, specificity of
96.0%, and precision of 92.0%. However, their study lacked feature
optimization techniques, which could have further enhanced
performance.

Salehi et al. [20] explored multiple pretrained models, includ-
ing VGGI19, DenseNetl21, Xception, and ResNet50, for binary
pneumonia classification. Their results demonstrated accuracies
ranging from 83.0% to 86.8%, with sensitivities exceeding 91.0%,
specificities between 78.0% and 86.0%, and F1-scores above 89.0%.
While their study showed promising results, the absence of
explainable AI techniques limited its interpretability for real-
world clinical applications.

Sharma and Guleria [21] developed a hybrid deep learning
approach by integrating VGG-16 with various classifiers such
as support vector machines (SVM), k-nearest neighbors (KNN),
random forest (RF), and naive Bayes. Their model achieved an
accuracy of 92.15%, with sensitivity, specificity, precision, and F1-
score reaching 93.08%, 97.40%, 94.28%, and 93.70%, respectively.
However, the study did not incorporate feature selection methods,
which could have reduced computational overhead while main-
taining high performance. The overview of related studies for the
OCT-CXR dataset is summarized in Table 1.

2.2 | Studies Utilizing the NIH-CXR Dataset

The NIH CXR dataset has been widely used as a benchmark for
pneumonia and tuberculosis classification. Several deep learning

TABLE 1 | Summary of recent studies on the OCT-CXR dataset for pneumonia classification, including accuracy (Acc), sensitivity (Sen), specificity
(Spec), precision (Prec), F1-score (F1), and explainable AI (XAI) techniques used for model interpretability.

Reference Year Methodology Acc (%) Sen (%) Spec (%) Prec (%) F1 (%) XAI
Ibrahim et al. 2024 Pretrained AlexNet for 91.43 94.0 96.0 92.0 Not No
[19] Pneumonia specified
Classification
Salehi et al. 2021 VGG19, DenseNetl21, 83.0-86.8 91.0+ 78.0-86.0 87.0 89.0+ No
[20] Xception, ResNet50
Sharma and 2023 VGG-16 + SVM, KNN, 92.15 93.08 97.40 94.28 93.70 Activation
Guleria [21] RF, Naive Bayes Maps
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TABLE 2 | Overview of recent studies on the NIH CXR dataset, presenting various deep learning methods, performance metrics (Acc, Sen, Spec,

Prec, F1), and the use of XAI for enhancing clinical explainability.

Reference Year Methodology Acc (%) Sen (%) Spec (%) Prec (%) F1(%) XAI
Zaidi, et al. [23] 2022 Inception-Resnet V2 85.4 84.8 Not specified 84.7 84.7 No
Moryani, Sood 2023 CNN + ResNet + 93.2 92.8 94.1 91.3 92.1 No
and Chaudhary SMOTE +

[24] Conventional ML

Choudhry, et al. 2025 CheX-Net Deep 97.50 96.54 97.11 Not specified 96.17 No
[25] Learning Model

approaches have been explored to enhance diagnostic accuracy,
as summarized in Table 2.

Zaidi, et al. [23] developed a tuberculosis (TB) classification
model based on Inception-ResNet V2, achieving an accuracy of
85.4%, with a sensitivity of 84.8% and a precision of 84.7%, leading
to an F1-score of 84.7%. Although the model performed well, the
study lacked comparative evaluations with other architectures
and did not explore feature selection techniques to further
enhance classification performance.

Moryani, Sood and Chaudhary [24] applied a hybrid approach
combining CNN, ResNet, SMOTE (synthetic minority over-
sampling technique), and conventional machine learning algo-
rithms for pneumonia and TB classification, achieving an accu-
racy of 93.2%, with 92.8% sensitivity, 94.1% specificity, 91.3%
precision, and an Fl-score of 92.1%. However, this study did not
incorporate explainable AI (XAI) techniques, making it difficult
to interpret how the model made predictions, which is crucial in
clinical applications

Choudhry, et al. [25] proposed CheX-Net, a deep learning-
based model for chest disease classification, achieving 97.50%
accuracy, 96.54% sensitivity, 97.11% specificity, and an Fl-score
of 96.17%. Although CheX-Net demonstrated high classification
performance, the study did not specify precision values and
lacked an explainability component to help clinicians understand
its decision-making process. Despite this, CheX-Net significantly
outperformed previous models in terms of diagnostic accuracy for
pneumonia and other thoracic diseases.

2.3 | Drawbacks of Recent Pneumonia
Classification Methods

* Most models are trained on a single dataset (e.g., OCT-CXR
or NIH CXR) and struggle to generalize when tested on
independent datasets due to domain shifts.

* Pneumonia datasets are often imbalanced, with more normal
cases than pneumonia cases, causing models to be biased
toward the majority class and reducing sensitivity for rare
pneumonia cases.

* Most deep learning models function as black-box classifiers,
limiting clinical trust due to the absence of explainabil-
ity techniques like grad-CAM or saliency map visualiza-
tions.

* The lack of feature optimization in most studies results
in high-dimensional feature sets, leading to overfitting and
increased computational costs without significant perfor-
mance gains.

These challenges highlight the need for more generalizable, com-
putationally efficient, and interpretable deep learning models
for pneumonia classification, which we address in our proposed
B4-GraftingNet approach.

3 | Materials and Methods

This section details the proposed approach, which encompasses
several major steps. The dataset and novel CNN architecture are
discussed in the upcoming subsections. Dataset preparation and
augmentation, feature extraction using the proposed pre-trained
CNN model, feature selection using the binary particle swarm
optimization (BPSO) algorithm, and classification are elaborated
in the supporting manuscript (Section 2).

Figure 1 provides an overview of the proposed approach’s
architecture.

3.1 | Datasets

This research utilizes two standard chest X-ray datasets: OCT-
CXR [26] and NIH Chest X-ray [27], both publicly available on
Kaggle. The OCT-CXR dataset comprises images from pediatric
patients at the China Medical Centre, categorized into normal
and pneumonia cases. This dataset is divided into 2,682 images
for training and validation and 624 images for testing, with each
grayscale chest X-ray image measuring 64 X 64 pixels. Details of
the images before and after data augmentation are provided in
Table 3.

The NIH Chest X-ray dataset contains 108,948 X-ray images rep-
resenting eight different chest illnesses, including approximately
1430 pneumonia images. Each grayscale image has a resolution
of 1024 x 1024 pixels. In this study, we used the NIH Chest X-ray
dataset solely as a holdout set.

3.2 | Dataset Preparation

The dataset consists of 1341 grayscale images for training and
validation and 624 images for testing, categorized into two classes:
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FIGURE 1 | Proposed methodology of B4-GraftingNet CNN for pneumonia classification where data augmentation, binary particle swarm

optimization (BPSO), features extraction, and classification are mentioned in the supporting file.

TABLE 3 | Detail of experimental datasets before and after augmen-

tation.
OCT-CXR Dataset
Class Original ~ Augmented (including original)
Normal 1341 4023
Pneumonia 1341 4023
Total 2682 8046

The bold formatting displays the total number of samples, highlighting the
overall dataset size before and after augmentation.

normal and pneumonia chest infections, within the OCT-CXR
dataset. We identified 1341 healthy images in the OCT-CXR
dataset. To ensure balance in every training and validation split,
we equalized the number of images according to the lesser class.
For the NIH Clinical dataset, we considered 1431 images of each
class equally as a holdout set.

To enhance performance during training, a deep CNN
model requires a larger dataset. Consequently, data

augmentation techniques were employed to expand the
training dataset. Two types of augmentation were used:
Gaussian noise and salt-and-pepper noise (visualized in
Figure 2), which increased the dataset size up to three times,
including the original images. Detailed information about
the dataset before and after augmentation is provided in
Table 3.

Regarding augmentation techniques, we deliberately excluded
clipping, shifting, flipping, tilting, and scaling to assess the
model’s performance in challenging conditions without artifi-
cially enhancing generalization. Instead, we focused on noise-
based augmentation (Gaussian and salt-and-pepper noise) to
increase dataset complexity, ensuring that the model learns
robust feature representations even the dataset is complex. This
choice allows us to evaluate how well the model adapts to
real-world variations where imaging noise is a common factor.
Additionally, as demonstrated in the experimental results (Sec-
tion 4.1), particularly in the training phase of our proposed CNN
model, these two augmentation techniques were sufficient to
achieve strong performance, validating the effectiveness of our
approach.
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Original Images

o v

Salt and pepper noise images

FIGURE 2 | OCT-CXR dataset: additive of noise to CXR images.

3.3 | Proposed CNN Based B4-Graftingnet
Architecture

In the proposed architecture the GBI layer consists of ten layers
distributed across three branches, each receiving input from
the cross-channel normalization (CI) layer. The first branch
comprises a convolutional (C2) layer. The second branch consists
of three levels, incorporating a convolutional (C3) layer, Leaky
ReLU (LRI), and another convolutional (C4) layer. The third
branch includes a convolutional (C5) layer, Leaky ReLU (LR2),
another convolutional (C6) layer, Leaky ReLU (LR3), and a
final convolutional (C7) layer. These three branches are merged
through an addition (AI) layer.

Following the GBI layer, sequential layers are arranged as batch
normalization (BNI), C8, BN2, pooling (PI), C9, and cross-
channel normalization (CN2) layers. The second cross-channel
normalization (CN2) layer serves as the input for the subsequent
grafting block (GB2), which mirrors the structure of GBI. GB2 lay-
ers are combined through an addition (A2) layer. The output from
A2 proceeds to the next sequence, comprising BN3, C16, CN3,
ReLU (R1), P2, C17, BN4, C18, and cross-channel normalization
(CN4) layers.

After CN4, the third grafting block (GB3) is introduced, resem-
bling GBI and GB2. Layers within GB3 are concatenated using the
addition (A3) layer. Following GB3, the layer sequence includes
BN5, C25, CN5, P3, C26, BN6, C27, R2, and CN6 layers. After
CNe6, the fourth and final grafting block (GB4) follows a structure
similar to GBI, GB2, and GB3. GB4 layers are unified through an

addition (A4) layer, producing a single input for the subsequent
batch normalization (BN7) layer.

Following the GB4 layer, twenty layers are connected in sequence:
BN7, C34, R3, P4, C35, R4, C36, R5, C37, R6, P5, fully connected
(FCI), R7,dropout (DI), FC2, R8, D2, FC3, SoftMax (S), and output
(O) layers. The proposed network includes three fully connected
(FC) layers, two dropout (D) layers, one SoftMax (S) layer, and
one output (O) layer. Table S1 presents the number of layers
and their configuration details. A mathematical overview and
output analysis at various levels of the proposed CNN network
are provided. Further details on the overall architecture and
convolutional neural network (CNN) configuration are available
in [28].

3.4 | Proposed CNN Based B4-GraftingNet Model
Development

The main contribution of this work is the proposed design of
a CNN-based deep model named B4-GraftNet. The B4-GraftNet
model was developed after studying CNN-based architectures,
particularly VGG-16 [29]. VGG-16 consists of thirteen convolu-
tional layers, three fully connected layers, fifteen ReLU layers, five
max-pooling layers, two dropout layers, and a SoftMax layer. In
total, it comprises 87 layers, including the input and output layers.
Building on VGG-16, several additional layers were incorporated
into the B4-GraftNet architecture, including batch normalization,
leaky ReLU, and a branching mechanism. The architectural
structure of B4-GraftNet is depicted in Figure 3.
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FIGURE 3 | Architectural diagram of the proposed B4-GraftingNet model. The network consists of convolutional layers (C1, C2, ...), cross-channel
normalization layers (CN), batch normalization layers (BN), grafting blocks (GB), activation functions (ReLU, Leaky ReLU), pooling layers (P), fully
connected layers (FC), dropout layers (D), and a SoftMax classifier (S). The legend provides color-coded layer descriptions. The inset illustrates the

structure of a grafting block (GB). For a detailed explanation of each layer and its functionality, refer to Section 3.3.

The B4-GraftNet architecture is designed with 87 layers to
ensure an optimal balance between feature extraction capability,
generalization, and computational efficiency. The choice of 87
layers is not arbitrary but is based on extensive empirical testing
and theoretical considerations. Unlike shallower models, which
struggle to extract hierarchical spatial patterns, deeper architec-
tures such as B4-GraftNet can capture both low- and high-level
representations, thereby enhancing classification performance.
The integration of grafting blocks (GBs), batch normalization
(BN), and cross-channel normalization (CN) ensures stable
training and mitigates vanishing gradients, even at increased
depth.

The model accepts images with dimensions of 227 x 227 x 3.
The proposed network begins with a convolutional layer, C,,
followed by a grafted branch (GB) resembling the fire module of
SqueezeNet. The convolutional layer processes an input image
or feature map Z,_;, with ¢, channels, where x represents the
number of layers in the convolutional stack [30]. The output of
the layer contains ¢, channels, computed using Equation (1):

Zlf),x = ‘Qx <Z (I)(x,zﬁﬂc) ® Z(;c,x—l) + Bz/],x) (1)

where ® represents the convolution operation, @ is a filter with
a depth of ¢, channels, B is the bias term, and Q denotes the
nonlinear activation function applied to each neuron in the input.

The proposed network employs two different activation func-
tions: ReLU and Leaky ReLU [31]. The ReLU layer converts all
negative values to zero, as shown in Equation (2).

I(u,v) = max (0, I(u,v)) (2)

where u and v represent row and column indices of the image
matrix 7, respectively. In contrast, Leaky ReLU introduces a small
slope instead of setting values strictly to zero. Leaky ReLU can be

represented as in Equation (3):

X, x>0
Y= (3)
0.01x, x<0

The proposed network integrates two distinct normalization lay-
ers: batch normalization (BN) and cross-channel normalization
(CCN). For smaller batches, BN standardizes the inputs within a
layer by computing the mean and variance for each feature. The
batch mean is determined using Equation (4):

{
D F. @

x=1

Egatch =

x| =

where Batch = {7, F,, 75, ..., T} represents the feature set, and
F denotes an original feature.

The variance of a small batch is computed in Equation (5) as
follows:

{ 2
2 (Fj - IEBatch) (5)

j=1

Vhateh =

x| =

Afterward, the features are normalized using Equation (6):

g _ 7:.y - |EBatch (6)
y = ——
V \/Batch +e

where ¢ is a small constant used to maintain numerical stability.
CCN aids in network generalization [32]. The cross-channel is

represented by neighboring features in the CCN layer. CCN is
mathematically expressed in Equation (7) as:

[ ™)
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TABLE 4 | Training parameter of B4-GraftingNet.

Input size Learning rate Max epochs

Mini batch Sizes Moment Optimization

227X 227X 3 0.01 30

20 0.9 SGD

TABLE 5 | Number of extracted features using CNN models.

Number of extracted features

Deep CNN OCT-CXR NIH clinical
model dataset dataset
B4-GraftingNet 624 x 4096 640 x 4096

where G represents the normalized feature before CCN, and
f denotes the final transformed feature after CCN. Several
hyperparameters O, a, and y are used to determine the normal-
ization value. f3 represents the sum of squared values, while @
corresponds to the channel’s dimension.

3.5 | Training of B4-GraftingNet and Features
Extraction

The proposed network, B4-GraftingNet, is trained using the
OCT-CXR dataset [33]. The OCT-CXR dataset consists of two
classes: normal and pneumonia images, and it is pre-divided
into testing and training folders. Each class in the training
set contains 1341 images, while the testing folder contains 624
images. To enhance the dataset for training, data augmentation
techniques are applied. The training parameters of the proposed
B4-GraftingNet are presented in Table 4, with further details of
the trained model provided in the results section.

After successful training, features are extracted using the pre-
trained B4-GraftingNet model on the OCT-CXR and NIH clinical
testing and holdout datasets. The features extracted by B4-
GraftingNet originate from the fully connected layer, fc_2, which
generates a 1 X 4096-dimensional feature vector per image.
All extracted features from the dataset are stored in a single
feature matrix. Table 5 presents the total number of deep features
extracted from both standard pneumonia datasets.

3.6 | BPSO for Features Optimization

In the feature extraction process, it is possible that some features
contain ambiguous information, which can increase computa-
tional time and reduce classification accuracy. Therefore, the
feature selection process is employed to extract the most relevant
features from the feature set.

In this study, optimized feature selection is achieved through
a nature-inspired algorithm known as Binary Particle Swarm
Optimization (BPSO), proposed by Gaing [34]. BPSO is used to
solve mathematical problems within a search space by efficiently
determining the optimal path or solution to a given objective.
This algorithm is inspired by natural behavior [35, 36] and, in
general, requires fewer parameters while yielding highly accurate

solutions. Moreover, PSO was designed to operate alongside
common evolutionary methods such as the genetic algorithm
(GA) [37]; however, it does not involve GA components such as
selection, crossover, and mutations. As a search and optimization
approach, the PSO algorithm produces efficient results [38].

In the search problem context, the initial population of PSO con-
sists of particles associated with a swarm, generated randomly.
Each particle in the population has two characteristics: position
and velocity, represented by the position vector P; and velocity
vector V; in Equations (8) and (9), which can be expressed as
follows:

Pi = {pil’ Pi2> Pizs - - ’pin} s i= 1’ 2’ 3: s 1, (8)

where P; represents the position vector of n swarm particles.

Vi ={Vi1, Uiz, Vi35 - e s U}, 1 =1,2,3,...,1 ©)
where V; represents the velocity vector of m swarm particles.
For finding the local best position, Equation (10) represents as
follows:

Pbest; = {pb;1, pbiy, pbizs ..., Pbin}, 1 =1,2,3,..., n, (10)

where Pbest; represents the optimal position of the i-th particle
in a swarm of n particles. Each particle in the population is
influenced by its velocity, personal best (Pbest) achieved at each
iteration, and global best (Gbest), represented in Equation (11) as:

Gbest = {gb,, gb,, gbs, ....,gb,} (11)

where, gb, represents the global best prediction of ‘n’ swarm
particles.

The particle movement across the search space is regulated by
updating the position and velocity [39].The velocity is updated as
follows in Equation (12):

t+1

vt = woky, + kyry (ply — x4) + kors (85 — X4y) (12)

and the position will be computed by Equation (13) as:

41 __ t +1
Xy = Xyy + Uyy (13)

The above-mentioned equations utilize ‘¢’ to represent iteration
count, ‘w’ for inertia weight (ranging from 0 to 1), and kland k2
as cognitive and learning components. Random integers rI and
r2, varying between 0 and 1, are also integrated. Each iteration
involves updating particle positions and velocities, alongside
computations for global and personal best values.

The position of each particle is represented in a binary string
having a fixed value of 0 or 1 and velocity (V) represents the value
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FIGURE 4 | Fitnessvalue of every iteration for computing optimized features. (A) Fitness value on B4-GraftingNet feature set and (B) fitness value

on fused feature set.

of the probability of particles with the fixed value of 1. The sigmoid
activation function is used to translate the velocity value into a
range between 0 and 1. The velocity and position of every particle
are updated based on fitness function which is computed by KNN
function. The value of particles updates according to the given
Equations (14) and (15) as:

anZ J1 i rand0 < f(vlg;l) w
Y 0 if ow
1
(o) = —— (15)
< ! ) 1+e i

where rand() represents a random number from the [0,1]
sequence distribution and xlffrl is transformed into range O to 1 by
a sigmoid function. Equations (12) and (15) normalize velocities
into the range [0,1] and choose the set of features with the position
set to 1 to produce the optimal answer from the binary vector of
particle position. After the feature selection, the feature vector
obtained has 624 x 2045 dimensions on OCT-CXR dataset and
1920 x 4071 dimensions on NTH clinical dataset, respectively. The
fitness value of every iteration is shown in Figure 4. The PSO
algorithm and its basic steps can be studied from [40, 41].

The PSO algorithm finds optimized features at 44 iteration
by using B4-GraftingNet feature set and similarly by using
fused feature vectors at 32°¢ iteration. The fitness value remains
constant up to 100-th iteration.

3.7 | Classification

After the features selection process, an optimized features vector
space is obtained for classification. The multiple supervised
machine learning algorithms are used to classify normal and
pneumonia images with efficient performance. The implemented
classifiers are based on SVM [42] and KNN [43] variants. Fur-
thermore, the variants of SVM include line SVM (L-SVM) [44],
quadratic SVM (Q-SVM) [45], fine Gaussian SVM (FG-SVM) [46],
medium Gaussian SVM (MG-SVM) [47], cubic SVM (C-SVM)
[48], and coarse Gaussian SVM (CG-SVM) [49]. The decision
function of SVM classifiers is computed by the number of support
vectors, number of kernels function, and biased value expressed

in Equation (16).

Y =) WK (@,0)+bv (16)

i=1

In this equation, Y shows the decision output having value [-1,1],
v represents support vectors, and kernel function is applied of
every input vector represented by K (v, vi). The biased factor is
also added with the final weight of each kernel function [50].
SVM classifier and its kernel explanation can be studied from
[51-53]. Other types of KNN classifiers used are cosine KNN (C-
KNN) [54], coarse KNN (CR-KNN), and fine KNN (F-KNN). KNN
classifiers calculate the similarity between the feature vectors
based on Euclidian distance. The basic formula of the similarity
measure in KNN algorithm is given in Equation (17).

s (a,b) = 17)

A detailed explanation of KNN and its other types can be
studied from [55, 56]. These classifiers are evaluated on standard
performance measure metrics. The experimental results and their
details are presented in the result section.

4 | Results and Discussion

This section contains a thorough description and discussion of the
experiment results. For the analysis and comparison of the pro-
posed technique, results are collected on nine different classifiers
including SVM and KNN classifiers. The section starts with the
discussion of performance metrics as mentioned in supporting
manuscript (Section 3). Then, the training process of the proposed
model has been discussed in the upcoming sub section. After
that, experimental environmental setups have been elaborated
along summary of all the experiments. For experiments, we have
provided only the best experiment in the main manuscript while
all other experiments have been discussed in detail with all
possible results in supporting manuscript (Section 3). Finally,
the proposed model’s features visualization along Grad-Cam and
experimental results have been described and analyzed.
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FIGURE 5 | Training performance of proposed CNN network.

4.1 | Training of Proposed CNN Network

The training process of B4-GraftingNet demonstrates the model’s
efficiency and stability in achieving high performance. The exper-
iments were run on a Windows 11 PC with an 11th generation
Intel Core i9 processor and an NVIDIA RTX 2060 GPU with 6
GB of RAM. MATLAB 2023b was chosen as the programming
tool. In the training process, accuracy and loss were measured
across 30 epochs, during which the required training accuracy
was successfully achieved. The OCT-CXR dataset was divided
into a 7:3 ratio for training and validation sets, resulting in a
validation accuracy of 96.35%.

The training utilized optimal parameters, including stochastic
gradient descent [57] for optimization, a mini-batch size of
20 to minimize the memory usage, 30 training iterations, and
a learning rate of 0.01. Figure 5A-C visualizes the network’s
training accuracy, loss, and parameter values, illustrating the
learning dynamics alongside validation accuracy. The training
process was halted before overfitting occurred, as indicated by
the opposing trends in validation loss and training loss. Following
successful training, the last SoftMax layer was removed to retrieve
feature vectors from the second fully connected (FC) layer of
B4-GraftingNet. These results highlight the efficient training
strategy, ensuring high performance while avoiding overfitting,
and showcase the robustness of the B4-GraftingNet architecture
for pneumonia classification.

After training, we performed different experiments based on
features selection already described in Section 3.5. Here we have
showed only the best achieved experiment while rest of them are
mentioned in the supporting file under supporting results section.

4.2 | Experiments

A total of 11 experiments were conducted by selecting different
numbers of optimal features to achieve efficient results. In

all experiments, classification was performed using optimized
features extracted from B4-GraftingNet. For the optimized feature
set, the BPSO algorithm was applied to the fused feature matrix.
All classifiers were tested on the deep selected features, and
results in terms of various performance measures are presented
in Table 6. Additionally, all performance measure equations,
including accuracy, sensitivity, specificity, precision, F1-score,
and others, are provided in the supporting document (Equa-
tions S1-S6), ensuring a comprehensive representation of all
performance metrics.

The experimental results for the OCT-CXR 624-Images dataset
(Experiments 1-8) demonstrate a clear trend of improved perfor-
mance as the number of selected features increases. Initially, with
100 selected features, the model achieved an accuracy of 89.58%,
but as the number of selected features increased, the performance
metrics steadily improved. With 3000 selected features, the model
obtained the highest accuracy (94.01%), sensitivity (94.22%),
specificity (93.36%), precision (96.15%), and Fl-score (95.18%),
making it the best-performing configuration for the OCT-CXR
dataset. Based on these results, we have chosen 3000 selected
features as the optimal setting, as it consistently provided the
highest classification performance.

For the NIH CXR 2862-Images dataset (Experiments 9-11), the
results exhibited a different trend. The performance peaked with
1000 selected features, achieving an accuracy of 87.34% and
balanced sensitivity (86.98%) and specificity (87.61%). However,
increasing the number of selected features beyond 1000 did
not yield significant improvements. At 1500 and 2000 selected
features, the model exhibited some fluctuations in sensitivity
and specificity but did not surpass the performance observed
at 1000 selected features. Additionally, a test was conducted
with 3000 selected features, but it resulted similar in accu-
racy and overall performance such as 1500 and 2000. Due
to the similarity in results, the 3000-feature configuration for
the NIH CXR dataset has not been included in the final
analysis.

10 of 18

IET Image Processing, 2025

B5UB0 |17 SUOLUILLIOD BA11a1D) 3|qeat|dde sy Ag peusenoh a.e sa e YO ‘8sn JO SanJ Joj Akelqi auljuQ 8|1 UO (SUONIPUOD-PUR-SLLLIBI LD A3 | 1M Ae.q 1P |UO//SAL) SUORIPUOD pue SWwis | ) 89S *[5202/70/80] U0 Aiqiauluo A3|IM ‘ouLio ] 1a 11od A 919 SIS 0ULI0 I 001U 0d - LS UesSNH Joow e peAS Aq 900, 24d1/6r0T 0T/I0pAL0d Ao | Aleiq 1 pul U0 Yo essa. 1 //Sdy W) peapeojumoq ‘T 'SZ02 'L996TSLT



TABLE 6 | Summary of experiments performed for pneumonia classification.

Experiment Dataset Selected

no. test features Acc (%) Sens (%) Spec (%) Pre (%) F1-score (%) Reference
1 OCT-CXR 100 89.58 91.14 86.90 92.31 91.72 Table S2
2 624- 250 90.6 91.00 88.39 93.33 92.15 Table S3
3 Images 500 90.10 90.59 89.09 93.85 92.16 Table S4
4 750 91.10 91.48 88.89 93.59 92.52 Table S5
5 1000 90.22 91.44 88.11 93.08 92.25 Table S6
7 2000 90.71 91.92 88.60 93.33 92.62 Table S7
8 3000 94.01 94.22 93.36 96.15 95.18 Table 7
9 NIH CXR 1000 87.34 86.98 87.61 87.71 87.34 Table 8
10 2862- 1500 86.93 89.26 84.86 83.96 86.53 Table S8
1 Tmages 2000 86.77 87.16 86.39 86.25 86.70 Table S9

The bold text highlights the best-performing experiments based on performance metrics for each dataset (OCT-CXR and NIH-CXR), indicating the optimal number

of selected features in each case.

The accuracy drops from 94.01% (OCT-CXR) to 87.34% (NIH-
CXR) is primarily due to dataset differences, domain shift,
and evaluation conditions. The NIH dataset exhibits greater
variability in pneumonia cases and image resolutions, making
classification more challenging. Additionally, as the NIH dataset
was used solely as a holdout test set rather than during model
training, it provides a more realistic measure of generalization.
Domain shift further contributes to this gap, as OCT-CXR
primarily consists of pediatric pneumonia cases, whereas NIH-
CXR includes a broader demographic, leading to variations
in feature distribution. Moreover, performance trends within
the NIH dataset show that increasing the number of selected
features beyond 1000 does not necessarily improve classification
results, highlighting the importance of dataset-specific feature
selection.

To mitigate these challenges, domain adaptation techniques can
enhance feature alignment between source and target datasets.
Methods such as adversarial domain adaptation (e.g., domain-
adversarial neural networks (DANN) [58]), feature transforma-
tion techniques (e.g., correlation alignment (CORAL) [59]), and
self-supervised learning [60] could improve model generalization
across datasets. These aspects will be further elaborated in
the discussion section, and future work will explore domain
adaptation strategies to enhance cross-dataset robustness.

It is important to note that our selection of the optimal feature
range was based on test results rather than validation results.
While validation results provide an indication of how well the
model generalizes, test results are the true measure of the model’s
real-world effectiveness. By focusing on test results, we ensured
that the selected feature configurations were optimized for actual
deployment rather than just theoretical validation. Thus, for the
OCT-CXR dataset, we identified 3000 selected features as the
best-performing choice, while for the NIH CXR dataset, 1000
selected features provided the most stable and reliable results.
The inclusion of 1500 and 2000 selected features for NTH CXR
serves to illustrate performance variations, but our findings
confirm that features selection from our proposed model is better
with higher number of features.

4.3 | Experiment #8 (3000 Selected Features,
OCT-CXR Dataset)

In this experiment, B4-GraftingNet deep model is used for
features extraction. After this step, retrieved features are fed into
BPSO algorithm for optimized features selection. This experiment
is based on 3000 selected features from the optimized features
set. The final size of optimal features matrix obtained becomes
624 % 3000 dimensions. All findings are based on SVM and KNN
classifiers, which are supervised machine learning algorithms. In
the testing phase, Q-SVM achieved the highest score of 94.01%
accuracy. C-SVM is the second-best result in terms of accuracy,
with a score of 93.75%. In KNN classifiers, best observation
of 91.35% accuracy is grafted by W-KNN. This experiment has
shown better results as compared to the other experiments with
the observation that deep features from B4-GraftedNet at 3000
are optimized features and have obtained the highest result
as compared to other observations of the experiment on OCT-
CXR dataset having 624 images. In addition, Table 7 presents
performance measures of classification results. Figure 6 depicts
time slot and prediction speed of implemented classifiers on 3000
selected features space.

The confusion matrix and ROC curve of all classes of the
experiment are shown in Figure 7 in left and right panels,
respectively. The correctly predicted samples in each class have
been shown diagonally on the left panel. This experiment has
attained the best classification rate in all performance measures.
The ROC curve and AUC score of 0.97 of this experiment has been
shown in right panel.

4.4 | Experiment #9 (1000 Selected Features, NTH
Clinical Augmented Dataset)

In Experiment #9, a total of 1000 features were selected from the
BPSO-optimized feature set, and the dataset used for evaluation
was the NIH clinical augmented dataset, as detailed in Section 3.1.
The final experimental feature vector had dimensions of 2862 x
1000, ensuring a comprehensive representation of extracted
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TABLE 7 | Performance of Experiment #8 (3000 features, OCT-CXR dataset).
Algorithm Acc (%) Sens (%) Spec (%) Pre (%) FNR (%) F1-score (%)
L-SVM 93.27 93.72 92.48 95.64 6.28 94.67
Q-SVM 94.01 94.22 93.36 96.15 5.78 95.18
C-SVM 93.75 93.98 93.33 96.15 6.02 95.06
MG-SVM 92.47 92.56 92.31 95.64 7.44 94.07
CG-SVM 89.90 88.11 93.85 96.92 11.89 92.31
F-KNN 89.26 91.09 86.15 91.79 8.91 91.44
M-KNN 90.54 89.50 92.68 96.15 10.50 92.71
Cos-KNN 91.19 90.95 91.63 95.38 9.05 93.12
W-KNN 91.35 90.98 92.06 95.64 9.02 93.25

Q-SVM is highlighted in bold for the OCT-CXR dataset as it achieved the highest performance metrics.
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FIGURE 6 | Plotof prediction speed and training time of Experiment #8.
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FIGURE 7 | Leftimage is confusion matrix of best outcomes (3000 features) of Experiment #8 on Q-SVM classifier; Right image is showing ROC

and AUC of all classes with best outcomes (3000 features) of Experiment #8 on Q-SVM. (A) Normal; (B) pneumonia.

features. To minimize bias and enhance the reliability of clas-
sification, 5-fold cross-validation was performed on the feature
matrix. The selected feature set was then classified using support
vector machine (SVM) and K-nearest neighbors (KNN) classifiers
to distinguish between pneumonia and normal cases. Among
the classifiers, the Fuzzy KNN (F-KNN) algorithm demonstrated
superior performance, achieving the highest classification accu-
racy of 87.34%, along with a sensitivity of 86.98%, specificity of

87.61%, and an Fl-score of 87.34%. The Cubic SVM (C-SVM)
followed as the second-best classifier, attaining an accuracy of
85.52%, sensitivity of 86.51%, specificity of 84.58%, and an F1-score
of 85.32%. Additionally, quadratic SVM (Q-SVM) and weighted
KNN (W-KNN) exhibited moderately high classification results,
recording 81.77% and 79.64% accuracy, respectively. However,
linear SVM (L-SVM), medium KNN (M-KNN), and cosine
KNN (Cos-KNN) demonstrated relatively lower classification
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TABLE 8 | Performance results of Experiment #9 (1000 features, NIH clinical augmented dataset).

Algorithm Acc (%) Sen (%) Spec (%) Pre (%) FNR (%) F1-score (%)
L-SVM 71.61 75.59 68.71 63.85 24.15 69.23
Q-SVM 81.77 83.52 80.20 79.17 16.48 81.28
C-SVM 85.52 86.51 84.58 84.17 13.49 85.32
MG-SVM 75.21 79.37 72.08 68.13 20.63 73.32
CG-SVM 62.92 68.51 59.92 47.81 31.49 56.32
F-KNN 87.34 86.98 87.61 87.71 13.02 87.34
M-KNN 69.32 68.72 69.97 70.94 31.28 69.81
Cos-KNN 67.76 67.03 68.55 69.90 32.97 68.43
W-KNN 79.64 82.97 76.92 74.58 17.03 78.55

F-KNN is highlighted in bold for the NIH dataset as it achieved the highest performance metrics.

700
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500 /\/\*/
400

300
200
100
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L-SVM  Q-SVM C-SVM
Prediction speed (obs/sec) 500 550 580
Training time (sec) 40.193 38.18  36.109

FIGURE 8 | Plotof prediction speed and training time of Experiment #9.

performance, with accuracy values ranging between 67.76% and
71.61%. The coarse Gaussian SVM (CG-SVM) performed the
worst, achieving an accuracy of only 62.92%, with a signifi-
cantly high false negative rate (FNR) of 31.49%, suggesting a
considerable misclassification of pneumonia cases. The detailed
performance metrics, including sensitivity, specificity, precision,
and Fl-score for each classifier, are summarized in Table 8,
which provides a comparative analysis of the classification
results. Furthermore, Figure 8 illustrates the training time and
prediction speed of each classifier, offering insight into their
computational efficiency and practical applicability for real-time
diagnosis. The results indicate that F-KNN and C-SVM are the
most suitable classifiers for pneumonia detection using the NTH
clinical augmented dataset, outperforming other approaches in
terms of both accuracy and robustness.

4.5 | Explainable-AI (XAI) Results of
B4-Graftingnet Architecture by Using GRAD-CAM

4.5.1 | XAIon OCT-CXR

To understand the model’s operation and its improved classifi-
cation performance, we visualized the filters and features of the
convolutional layers. This visualization reveals how the neural
network processes information through various convolutional
layers, as shown in Figure 9A-L. The visualizations demonstrate

g(ll(';v‘_ CG-SVM = F-KNN = M-KNN Cos-KNN W-KNN

480 510 400 410 400 420
41.336 42.669 22.33  23.738  22.77 @ 22.408

that the convolutional layers effectively preserve and refine the
region of interest in the patient’s chest, which forms the basis for
accurate classification. Consequently, our model achieves better
performance compared to previous techniques, as discussed in
the following section. In addition, we have also utilized the last
convolutional layer’s weight mapping by gradient-weighted class
activation mapping (grad-CAM) method to visualize the model
attention pixels [61]. Grad-CAM creates heat maps in significant
areas of the image. Grad-CAM takes an image as input and passes
it to the SoftMax function of a pre-trained proposed model to
predict the image’s label. The predicted label, full trained model,
and any convolutional layer (usually last) are used to compute
grad-CAM results. Figure 9 shows that model activations on
the input image and predicted class are greater in the last
convolutional layer. The model’s activations of normal image are
almost equal in all regions. In cases of pneumonia, grad-CAM
highlights pixels in the lungs. To predict the label, this research’s
model used these highly active areas in the input image.

4.5.2 | XAlIon NIH-CXR

The grad-CAM (gradient-weighted class activation mapping)
results presented for the NIH-CXR dataset highlight the explain-
ability and interpretability of the B4-GraftingNet architecture, as
illustrated in Figure 10. Grad-CAM is a powerful visualization
technique that overlays a heatmap on input chest X-ray images

13 of 18

B5UB0 |17 SUOLUILLIOD BA11a1D) 3|qeat|dde sy Ag peusenoh a.e sa e YO ‘8sn JO SanJ Joj Akelqi auljuQ 8|1 UO (SUONIPUOD-PUR-SLLLIBI LD A3 | 1M Ae.q 1P |UO//SAL) SUORIPUOD pue SWwis | ) 89S *[5202/70/80] U0 Aiqiauluo A3|IM ‘ouLio ] 1a 11od A 919 SIS 0ULI0 I 001U 0d - LS UesSNH Joow e peAS Aq 900, 24d1/6r0T 0T/I0pAL0d Ao | Aleiq 1 pul U0 Yo essa. 1 //Sdy W) peapeojumoq ‘T 'SZ02 'L996TSLT



Grad-CAM Normal

Pneumonia

Grad-CAM

FIGURE 9 | Leftside is showing activations of B4-GraftingNet against a query image at different convolutional layers (A) C_1(B) C_2 (C) C_4 (D)
C_6(E)C_7(F)C_10(G)C_12(H) C_23(I) C_24 (J) C_26 (K) C_27(L) C_37. Here, C refers to convolutional layers, where lower-indexed layers (e.g., C_1,
C_2) capture low-level features such as edges and textures, while deeper layers (e.g., C_23, C_27, C_37) extract higher-level semantic features. A detailed
description of the network architecture and layer configurations can be found in Section 3.3: Proposed CNN-Based B4-GraftingNet Architecture. The
right side presents the grad-CAM visualization, highlighting the most critical regions contributing to the model’s decision.

Pneumonia Grad-CAM Normal

Grad-CAM

FIGURE 10 | Grad-CAM visualizations highlight the regions of interest in NTH-CXR images where the B4-GraftingNet model focuses for classifying
normal and pneumonia cases.
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TABLE 9 | Performance comparison of different methods for pneumonia classification using the OCT-CXR dataset. The proposed method

demonstrates superior accuracy, sensitivity, specificity, precision, and F1-score, utilizing grad-CAM for enhanced explainability.

Reference Year Dataset Acc (%) Sens (%) Spec(%) Pre (%) F1 (%) XAI
Ibrahim et al. [19] 2024  Pretrained AlexNet for 91.43 94.0 96.0 92.0 Not No
pneumonia specified
classification
Salehi et al. [20] 2021 VGG19, DenseNetl21, 83.0-86.8 91.0+ 78.0-86.0 87.0 89.0+ No
Xception, ResNet50
Sharma and 2023  VGG-16 + SVM, KNN, 92.15 93.08 97.40 94.28 93.70 Activation
Guleria [21] RF, naive Bayes Maps
Proposed method - OCT-CXR 94.01 94.22 93.36 96.15 95.18 Grad-CAM

The bold text highlights the proposed methodology, emphasizing its performance in comparison to existing methods on the OCT-CXR dataset.

to indicate regions of interest that the model focuses on during
classification. This ensures transparency in the decision-making
process of the deep learning model.

For normal cases, the grad-CAM visualizations show minimal or
no significant activation in the chest regions, indicating the model
correctly identifies the absence of abnormalities. The heatmaps
for normal cases demonstrate the model’s ability to focus on
uniform lung areas, showcasing its proficiency in identifying the
structural integrity of healthy lungs.

In contrast, for pneumonia cases, the grad-CAM heatmaps reveal
intense activations in localized areas, particularly over regions
with opacities or abnormal patterns associated with pneumonia.
These heatmaps indicate that the model effectively detects signs
of inflammation, fluid build-up, or infection in the lungs, which
are hallmark indicators of pneumonia. The concentration of acti-
vations aligns well with radiologists’ observations, demonstrating
the model’s capability to mimic expert-level diagnostic focus.

The use of grad-CAM in this study not only validates the model’s
classification performance but also provides critical insights
into its diagnostic reasoning. By visualizing how B4-GraftingNet
identifies pneumonia-specific patterns, this method fosters trust
and confidence among clinicians, making it a valuable tool
for real-world applications. Furthermore, these visualizations
highlight the robustness of the proposed model in interpreting
complex imaging data from the NIH-CXR dataset, even under
varying imaging conditions. While this study primarily focuses
on the technical evaluation of grad-CAM heatmaps, future work
will include validation by medical experts to assess their clinical
interpretability and applicability.

The application of this technique proves valuable for both
neonates and adults, proposing a useful approach to detect and
classify lung diseases across different age groups. Additionally, in
medical imaging, the utilization of X-ray, CNN, and explainable-
Al tools has demonstrated efficacy in various problems such as
cancers, heart disease, etc., by unveiling the hidden insights that
will assist the researchers and doctors in their understandings
for a particular problem. Also, it has capability to be utilized in
different domains such as materials science for non-destructive
testing and image recognition tasks in computer vision for more
advancements.

5 | Comparison With Previous Studies
5.1 | Comparison on OCT-CXR Dataset

The proposed method demonstrates strong performance on the
OCT-CXR dataset, achieving 94.01% accuracy, 94.22% sensitivity,
93.36% specificity, 96.15% precision, and an Fl-score of 95.18%
while incorporating grad-CAM for explainability, as described
in Table 9. Compared to previous works, it shows a signif-
icant improvement in overall classification performance and
interpretability.

Ibrahim et al. [19] utilized a pretrained AlexNet model for pneu-
monia classification, achieving 91.43% accuracy, 94.0% sensitivity,
and 96.0% specificity. While their model performed well, it
lacked feature optimization techniques and did not incorporate
explainable AI, making it a black-box model with limited clinical
interpretability.

Salehi et al. [20] explored multiple pretrained architectures such
as VGG19, DenseNet121, Xception, and ResNet50, achieving accu-
racies ranging from 83.0% to 86.8% with sensitivities above 91.0%.
However, their specificity was relatively lower (78.0-86.0%),
and they did not incorporate explainability techniques, which
limits their clinical usability. While these models demonstrated
high sensitivity, the lack of interpretability and specificity trade-
offs highlight the challenges of relying solely on pretrained
networks.

Sharma and Guleria [21] applied VGG-16 with multiple clas-
sifiers such as SVM, KNN, random forest, and naive Bayes,
achieving 92.15% accuracy, 93.08% sensitivity, 97.40% specificity,
and 94.28% precision, with an F1-score of 93.70%. They incorpo-
rated activation maps for visualization, which enhances model
interpretability. However, their approach relied on multiple clas-
sifiers, which may increase computational complexity without
significantly improving performance.

In contrast, the proposed B4-GraftingNet model outperforms
or remains competitive with these prior methods by balancing
high sensitivity, specificity, and precision, while also providing
a robust explainability mechanism (grad-CAM). This makes it
more suitable for real-world clinical applications, ensuring both
performance and interpretability.
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TABLE 10 | Performance comparison of different methods for pneumonia classification using the NIH-CXR dataset. The proposed method

demonstrates superior accuracy, sensitivity, specificity, precision, and F1-score, utilizing grad-CAM for enhanced explainability.

Reference Year Methodology Acc (%) Sen (%) Spec (%) Prec (%) F1 (%) XAI

Zaidi, et al. [23] 2022  Inception-Resnet V2 85.4 84.8 Not specified 84.7 84.7 No

Moryani, Sood 2023 CNN + ResNet + 93.2 92.8 94.1 91.3 92.1 No

and Chaudhary SMOTE +

[24] Conventional ML

Choudhry, et al. 2025 CheX-Net deep 97.50 96.54 97.11 Not 96.17 Mask

[25] learning model specified generation

Proposed method - OCT-CXR 87.34 86.98 87.61 87.71 87.34 Grad-
CAM

The bold text highlights the proposed methodology, emphasizing its performance in comparison to existing methods on the NIH-CXR dataset.

5.2 | Comparison on NIH-CXR Dataset

The proposed method achieves 87.34% accuracy, 86.98% sensitiv-
ity, 87.61% specificity, 87.71% precision, and an F1-score of 87.34%
on the NIH-CXR dataset as a holdout test set, demonstrating its
generalization capability without prior exposure to the dataset
during training, as detailed in Table 10. This is a notable
distinction from previous studies, which used the NIH dataset for
both training and validation, whereas our model was tested on
it as an independent external evaluation. Despite this challenge,
the proposed method remains comparable to state-of-the-art
approaches.

Zaidi, et al. (2022) employed the Inception-ResNet V2 architec-
ture for the classification of chest X-ray images, achieving an
accuracy of 85.4%, which reflects moderate performance. The
model demonstrated balanced sensitivity (84.8%) and precision
(84.7%), indicating its ability to detect true positive cases and
maintain precision in its predictions. However, the study did
not provide details about specificity, which is a critical metric
in medical imaging as it ensures the model’s ability to correctly
identify true negatives. Furthermore, the absence of explainabil-
ity features, such as visualizations or interpretable outputs, limits
its practical application in clinical settings where understanding
the reasoning behind predictions is crucial for clinician trust and
adoption.

Moryani, Sood, and Chaudhary (2023) utilized a hybrid CNN +
ResNet model with SMOTE and conventional machine learning
techniques, achieving 93.2% accuracy, 92.8% sensitivity, 94.1%
specificity, and an F1-score of 92.1%. While their model achieved
higher overall accuracy, it was trained, validated, and tested on
NIH-CXR, benefiting from exposure to the dataset throughout
development. The proposed method, despite being evaluated
solely on a holdout set, achieved competitive performance,
proving its robust generalization capabilities.

Choudhry and Igbal (2025) introduced CheX-Net, a deep learning
model designed for chest disease classification, achieving 97.50%
accuracy, 96.54% sensitivity, 97.11% specificity, and an Fl-score
of 96.17%. Although this model outperformed others in terms
of raw performance, it lacked explainability (XAI), making it
less interpretable in clinical applications. Furthermore, CheX-
Net was trained and validated using the NIH dataset, giving it
an advantage over our model, which was strictly evaluated as a

holdout. The inclusion of mask generation techniques added a
level of interpretability, though limited to specific visualization
contexts.

Despite these differences, the proposed B4-GraftingNet model
delivers comparable results on an unseen dataset, proving its
strong generalization capability. Additionally, grad-CAM explain-
ability makes it a more interpretable model for real-world
deployment. This highlights the effectiveness of our approach in
learning robust feature representations that extend beyond train-
ing data, ensuring better reliability in diverse clinical settings.

6 | Limitations

Despite its strong performance, B4-GraftingNet has certain
limitations. The training process is time-consuming, even on
a high-end GPU (NVIDIA RTX 2060) and an Intel Core i9
processor. Additionally, while Gaussian noise and salt & pepper
noise were used for data augmentation, incorporating a broader
range of techniques such as clipping, rotation, and flipping may
further enhance model robustness. Lastly, domain adaptation
techniques could improve performance when applied to datasets
with significant variations in imaging conditions.

7 | Conclusion

This study presents B4-GraftingNet, an advanced deep learning
model that integrates the hierarchical feature extraction of VGG-
16 with the diversified receptive field strategy of Inception,
enhancing both classification accuracy and interpretability. Eval-
uated on pneumonia detection as a case study, the model achieves
94.01% accuracy on the OCT-CXR dataset and 87.34% accuracy
on the NIH-CXR dataset, demonstrating its robust generaliza-
tion capability, even when tested on an unseen dataset. The
integration of feature selection using Binary Particle Swarm Opti-
mization (BPSO) ensures that only the most relevant features are
utilized, while grad-CAM explainability provides critical insights
into the model’s decision-making process. These enhancements
make B4-GraftingNet highly effective for both medical and
non-medical classification tasks. Compared to prior methods,
the proposed model strikes a better balance between perfor-
mance, computational efficiency, and explainability, making it a
promising choice for real-world deployment.
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Future studies will focus on optimizing the model for low-
resource environments by reducing computational overhead
and improving real-time deployment feasibility. Additionally,
domain adaptation techniques will be explored to enhance cross-
dataset generalization, ensuring broader applicability across
diverse imaging conditions. Furthermore, clinical validation
will be conducted to assess the model’s interpretability and
reliability, addressing all critical aspects for real-world medical
implementation.
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