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Abstract

Pneumonia remains a major global health concern, particularly among pediatric popula-
tions in low-resource settings where radiological expertise is limited. This study inves-
tigates the enhancement of deep convolutional neural networks (CNNs) for automated
pneumonia diagnosis from chest X-ray images through the integration of a novel mod-
ule combining Inception blocks, Mish activation, and Batch Normalization (IncMB). Four
state-of-the-art transfer learning models—InceptionV3, InceptionResNetV2, MobileNetV2,
and DenseNet201—were evaluated in their base form and with the proposed IncMB exten-
sion. Comparative analysis based on standardized classification metrics reveals consistent
performance improvements across all models with the addition of the IncMB module.
The most notable improvement was observed in InceptionResNetV2, where the IncMB-
enhanced model achieved the highest accuracy of 0.9812, F1-score of 0.9761, precision of
0.9781, recall of 0.9742, and strong specificity of 0.9590. Other models also demonstrated
similar trends, confirming that the IncMB module contributes to better generalization and
discriminative capability. These enhancements were achieved while reducing the total
number of parameters, indicating improved computational efficiency. In conclusion, the
integration of IncMB significantly boosts the performance of CNN-based pneumonia classi-
fiers, offering a promising direction for the development of lightweight, high-performing
diagnostic tools suitable for real-world clinical application, particularly in underserved
healthcare environments.

Keywords: deep learning; convolutional neural network; medical imaging; image analysis;
feature extraction; Mish activation function; optimization

1. Introduction

Pneumonia is an acute infection affecting the alveolar regions of the lungs and repre-
sents a leading cause of childhood morbidity and mortality worldwide [1,2]. It is typically
caused by bacterial, viral, or fungal pathogens and manifests clinically with fever, cough,
tachypnea, chest retractions, pleuritic pain, and abnormal breath sounds such as crackles or
wheezing [3-5]. The severity of pneumonia in children can vary significantly, ranging from
mild and self-limiting to life-threatening conditions involving respiratory failure and acute
respiratory distress syndrome [6]. Prompt diagnosis and timely intervention are therefore
essential for reducing complications and improving clinical outcomes [7]. Statistical data
highlights the ongoing burden of pediatric pneumonia on global health systems. In 2019
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alone, pneumonia accounted for approximately 740,000 deaths among children under five,
representing 14% of all under-five mortality [8], and disproportionately affecting regions
such as South Asia and sub-Saharan Africa [6,9]. Pneumonia remains a major cause of
pediatric hospitalizations, contributing significantly to healthcare utilization and child mor-
tality [10]. Risk factors that predispose children to pneumonia include malnutrition, incom-
plete immunization coverage, indoor air pollution, and limited access to quality healthcare
services [11]. Treatment strategies for pediatric pneumonia mainly depend on the underly-
ing etiology. Bacterial infections typically require antimicrobial therapy, with macrolides
or beta-lactam antibiotics frequently used [12], depending on the age of the patient and
the likely causative organism [13]. For example, macrolides are preferred in school-aged
children when atypical pathogens such as Mycoplasma pneumoniae are suspected [14].
In contrast, viral pneumonia is managed primarily with supportive care, including oxy-
gen therapy, hydration, and antiviral agents when appropriate [15,16]. Severe cases may
necessitate hospitalization and intensive care support, including mechanical ventilation.

Radiological imaging is considered essential for the diagnosis of pneumonia, with
chest radiography (CXR) recognized as the gold standard imaging modality [17]. The
presence of new pulmonary infiltrates on a chest X-ray provides objective evidence of
alveolar involvement and supports a definitive pneumonia diagnosis. Although limited
in sensitivity and specificity, chest radiography is the most common instrument because
of availability, speed, and the relative affordability to perform [18,19]. It enables differ-
entiation between pneumonia and other respiratory conditions, and plays a central role
in clinical decision-making, particularly in acute care settings [2]. While computed to-
mography (CT) of the chest offers higher sensitivity for detecting parenchymal changes,
it is rarely employed in pediatric practice due to concerns about ionizing radiation and
limited accessibility [17]. Lung ultrasound (LUS) has emerged as a potential alternative,
offering the advantages of portability, absence of radiation, and suitability for point-of-care
use [13,20]. However, despite its high sensitivity, LUS suffers from relatively low specificity
and limited negative predictive value, making it unreliable as a standalone diagnostic tool.
Studies have shown that although a positive LUS finding strongly suggests pneumonia, a
negative result does not reliably exclude the disease [21,22]. Therefore, in cases with high
clinical suspicion and negative ultrasound findings, additional imaging with CXR or CT
is often warranted [17]. As such, chest radiography remains the reference standard for
confirming pneumonia, especially in pediatric patients [23].

Because pneumonia diagnosis relies heavily on imaging, researchers have explored au-
tomating chest X-ray interpretation using artificial intelligence, particularly deep learning
approaches. The CNNs have demonstrated great performance in the classification of tho-
racic pathologies such as pneumonia [24-26]. These models have demonstrated the ability
to extract hierarchical image features that may not be apparent to human observers, facili-
tating more accurate and efficient diagnosis [27,28]. The application of CNNs in pediatric
imaging has the potential to enhance diagnostic accuracy, reduce interpretation time, and
alleviate the workload on radiologists [29,30]. In addition, deep learning has shown a pow-
erful performance of processing high-dimensional data, noisy data, and non-stationary data
in a wide range of fields. Multi-scale architectures are robust and generalizable as adaptive
neural structures have been used in structural health monitoring to adapt to environmental
variability and signal distortions using hierarchical feature optimization [31]. Despite no-
table progress, the broader clinical adoption of Al-driven models for pediatric pneumonia
diagnosis remains constrained by several persistent limitations [32]. One primary concern
is computational complexity. Advanced hybrid frameworks and transformer-based archi-
tectures, while delivering strong diagnostic performance, often rely on resource-intensive
components such as fuzzy inference systems, multi-head attention mechanisms, or en-
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semble learning strategies [24,33,34]. These introduce significant latency and memory
consumption, which can limit deployment in low-resource clinical environments [35]. Even
relatively streamlined models require sophisticated fine-tuning procedures and optimized
activation functions, further complicating their practical implementation. Equally critical is
the limited adaptability of many models to pediatric-specific imaging features [36,37]. Deep
learning architectures trained predominantly on adult datasets may not generalize well to
pediatric chest radiographs, which differ in anatomical scale, developmental variability, and
disease manifestation patterns [34]. Pediatric pneumonia often presents with viral features
that are more diffuse and less radiographically distinct, making the recognition task inher-
ently more challenging [18]. Consequently, models optimized on adult populations may
exhibit reduced sensitivity or specificity when applied to pediatric cases [34]. Furthermore,
structural features of the medical imaging data present further complications. Unlike the
natural RGB images, chest radiography is a monochromatic image with diagnostically valu-
able information encoded into subtle shades of grayscale level differences [38,39]. Many
existing CNN-based solutions, including architectures like Inception and EfficientNet, were
originally tailored for color image recognition and thus do not inherently accommodate
the lower-dimensional and contrast-dependent nature of grayscale medical data [40]. This
mismatch can diminish feature extraction efficiency, particularly in subtle or small lesion
recognition scenarios. Furthermore, current models often fail to leverage the statistical and
textural signatures that distinguish radiographic findings in pediatric pneumonia. Lesions
in this population are frequently small, ill-defined, and distributed heterogeneously across
the lung fields [41]. Standard modules lack adaptive mechanisms to integrate multi-scale
contextual information from such complex grayscale inputs [42]. This gap suggests an un-
derexplored need for architectural components specifically designed to enhance multi-scale
feature learning in monochromatic images.

These challenges highlight the need for deep learning frameworks that are diagnosti-
cally accurate, computationally efficient, and specifically adapted to pediatric and grayscale
imaging characteristics. In response to these challenges, we investigate the adaptation of the
IncMB (Inception-Mish activation function-Batch Normalization) module—a lightweight
and scalable architectural block originally designed for color image classification, in the
context of pediatric pneumonia recognition using chest radiographs. The key contributions
of this paper are as follows:

e  This study adapts the IncMB module for grayscale pediatric chest X-ray analysis, over-
coming the limitations of traditional CNNs designed for RGB images. By leveraging
the Mish activation function for smoother gradients and Batch Normalization for
robust regularization, the module achieves enhanced feature extraction in monochro-
matic medical images, improving pneumonia classification accuracy.

o  This study rigorously evaluates the IncMB module’s integration into established CNN
architectures on a publicly available pediatric CXR dataset, demonstrating its balanced
trade-off between computational efficiency and diagnostic performance. The module’s
design inherently reduces parameter growth compared to conventional multi-branch
architectures while maintaining competitive accuracy.

e  This work bridges the gap between adult-trained deep learning models and pediatric-
specific diagnostic needs by optimizing feature learning for subtle, diffuse radio-
graphic patterns unique to children. The adapted IncMB module enhances sensitivity
to small lesions and viral pneumonia manifestations, supporting more accurate and
accessible Al-driven diagnosis in pediatric healthcare.

This paper is organized into distinct sections. Section 2 surveys existing literature
concerning deep learning approaches for diagnosing pediatric pneumonia. Section 3 details
our proposed model and its methodologies. Subsequently, Section 4 presents experimental
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findings and a comparative analysis of the model’s performance. The paper concludes in
Section 5 with a summary of our findings and suggestions for future research.

2. Related Works

Advances in deep learning have significantly enhanced the diagnostic performance
of CNNs in the analysis of pediatric chest radiographs, particularly for pneumonia recog-
nition. These models have demonstrated promising results in terms of accuracy and
sensitivity; however, the challenge of balancing diagnostic robustness, interpretability, and
computational efficiency continues to hinder real-world deployment, especially in resource-
constrained clinical environments that demand rapid and reliable diagnostic support.

Numerous innovative approaches have been proposed to address the challenges
inherent in pediatric chest X-ray analysis. Sotirov et al. [43] introduced a hybrid framework
that integrates CNNs with intuitionistic fuzzy estimators (IFEs) to improve robustness
against data ambiguity and noise. By leveraging CNNss for feature extraction and IFEs for
uncertainty modeling, their system achieved a classification accuracy of 0.9493, surpassing
traditional CNNs in both sensitivity and specificity. Despite achieving higher accuracy, the
inclusion of fuzzy inference layers increases computational cost, introducing latency and
memory overhead that limit real-time clinical use. Ensemble learning approaches have
also shown considerable promise. Prakash et al. [44] developed a stacking ensemble model
incorporating five channel-attention-based CNNs—ResNetV2, Xception, and DenseNet169
among them. These feature representations were refined using kernel principal component
analysis, with classification performed via support vector machines and XGBoost. The
architecture yielded a high classification accuracy of 0.9615 and an AUC of 0.9624. However,
the operational complexity associated with deploying multiple CNNs concurrently, along
with the overhead from feature fusion and dimensionality reduction, imposes significant
constraints on clinical integration, particularly in settings where computational resources
and inference time are limited. Transfer learning has emerged as a viable strategy for
improving diagnostic performance, particularly when pediatric data is scarce. Lan et al. [45]
conducted a comparative analysis of ResNet50, DenseNet121, and EfficientNetV2-S for
Mycoplasma pneumonia detection, finding ResNet50 to be the most effective with an
accuracy of 0.8265. Their study highlighted the critical role of domain-specific pretraining
on pediatric datasets over generic datasets such as ImageNet, underscoring the importance
of contextual feature learning in medical imaging. However, the moderate AUC scores
ranging from 0.822 to 0.758, and specificity ranging from 0.655 to 0.814 suggest ongoing
difficulties in accurately distinguishing between different pneumonia subtypes and other
thoracic pathologies. Further optimization of transfer learning was demonstrated by Khan
et al. [46], who refined the EfficientNetB1 architecture through three principal innovations:
the replacement of ReLU with Swish activation, extensive hyperparameter tuning, and
classification head regularization. This approach yielded a 0.9613 accuracy in a four-class
classification task involving COVID-19, viral pneumonia, lung opacity, and normal cases.
Importantly, the regularization strategy effectively mitigated overfitting—a common issue
in pediatric imaging due to limited dataset sizes. However, continuing to use RGB-based
architectures for grayscale chest X-rays may constrain performance, suggesting potential
benefits from grayscale-optimized designs. Architectural enhancements were also explored
by Wang et al. [47], who improved DenseNet by integrating Squeeze-and-Excitation (SE)
blocks, replacing average pooling with max-pooling to preserve lesion-level detail, and
employing PReLU activation to address neuron deactivation. Their modifications resulted
in a 2.4% increase in accuracy over baseline DenseNet, reaching 0.928 with high precision of
0.926 and recall of 0.962. Nevertheless, their validation was limited to adult CXR datasets,
raising concerns about direct applicability to pediatric cases due to notable anatomical
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and pathological differences. More recently, transformer-based models have pushed the
boundaries of diagnostic performance. Chen et al. [33] introduced a Mixed-Scale Dynamic
Attention Transformer for pediatric pneumonia diagnosis, incorporating dynamic local
attention, hierarchical multi-scale feature integration, and large language model (LLM)-
driven attention amplification. This architecture achieved state-of-the-art performance with
0.952 accuracy and 0.990 AUC. Despite these impressive metrics, the integration of LLMs
and advanced attention mechanisms necessitates substantial computational resources,
limiting deployment in real-world healthcare settings, particularly in low- and middle-
income regions where pediatric pneumonia is most prevalent.

Studies have further explored the impact of domain-specific pretraining and foun-
dation models on medical imaging performance. Models trained on large-scale radiol-
ogy datasets such as RadiologyNET have demonstrated slightly higher accuracy than
ImageNet-pretrained counterparts, particularly in data-limited scenarios [48]. Similarly,
the RadImageNet initiative, trained on 1.35 million annotated medical images, reported
measurable AUC gains across multiple classification tasks, including thyroid, breast, and
pulmonary conditions [49]. Despite these improvements, both approaches remain limited
by their high computational demands and reliance on extremely large pretraining datasets,
which restricts their practical reproducibility and accessibility. In parallel, foundation
models like BiomedCLIP have achieved state-of-the-art few-shot classification results in
pediatric and thoracic imaging; however, their vast parameter counts and dependence on
multimodal training data render them impractical for real-time clinical deployment [50].

Across approaches, several critical limitations persist. High computational complexity
continues to hinder the integration of state-of-the-art models into real-time clinical work-
flows. Moreover, many architectures are not optimally tailored to the unique challenges
of pediatric imaging, including subtle lesion presentation and age-dependent anatomical
variability. In addition, a large proportion of existing models were originally developed
for color image classification and may insufficiently exploit the structural and textural
properties of grayscale chest radiographs, potentially limiting their diagnostic effectiveness
in medical imaging contexts. In response to these challenges, the present study investigates
the adaptation of the IncMB module, originally developed for color image classification,
for application in pediatric chest radiograph analysis. This module integrates components
from the Inception architecture, the Mish activation function, and Batch Normalization,
all tailored to leverage the statistical and spatial properties of grayscale medical imaging.
The proposed framework evaluates the incorporation of IncMB within standard CNN
pipelines to enhance feature extraction and classification accuracy in pediatric pneumonia
recognition, while maintaining computational efficiency suitable for potential integration
into real-world diagnostic systems.

3. Materials and Methods

In this study, we evaluate the feasibility of adapting the IncMB module for grayscale
chest radiographs to support pediatric pneumonia classification. Although originally
developed for RGB image processing [51], we integrate IncMB into medical deep learning
workflows and assess its effectiveness in enhancing feature extraction from monochromatic
data. Our goal is to determine whether this lightweight, multi-scale module can improve
diagnostic accuracy and efficiency when applied to pediatric chest X-rays.

To achieve this, we employ four widely used CNN architectures—InceptionV3,
InceptionResNetV2, DenseNet201, and MobileNetV2—as both baseline models and modi-
fied versions incorporating the IncMB module. This dual evaluation allows us to directly
compare performance gains introduced by IncMB. The module of IncMB is appended
directly to backbone convolutional feature maps and precedes the classification head. This
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Step 1.
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Step 2.
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learning models

Step 3.
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position enables the module to boost multi-scale properties without compromising the
ability to extract features in the backbone network that is pretrained. The experimental
workflow consists of three main stages, as illustrated in Figure 1: (1) Data preprocessing
and preparation, using the publicly available Chest X-ray Images (Pneumonia) dataset to
classify images into two categories: pneumonia and healthy. We apply preprocessing tech-
niques and data augmentation to improve generalization and mitigate overfitting; (2) Model
implementation, where we integrate the IncMB module into the selected CNN architectures
and fine-tune both the base and modified models using transfer learning; (3) Performance
evaluation, where we assess and compare both baseline and IncMB-enhanced models using
classification metrics such as accuracy, precision, recall (sensitivity), F1 score and specificity.

RSNA pneumonia dataset Data augmentation Stratified random

- : sampling
(n = 4273) Healthy 80 %
Viral (n = 1583) i Horizontal Validation data
Bacterial flip 20 %

Approach 1

Base CNN
model

IncMB module Approach 2

Accuracy assessment metrics Epoch analysis

Pneumonia F1-score
classification Accuracy Accuracy
models Recall after after

10 epochs 20 epochs
Specificity

Figure 1. Comprehensive methodology for deep learning pneumonia classification: (1) Initial data
preparation, encompassing augmentation techniques and the division of the dataset into training and
validation subsets via stratified random sampling; (2) Development of deep learning models utilizing
established architectures such as InceptionV3, InceptionResNetV2, DenseNet201, and MobileNetV2,
integrated into two distinct modeling strategies, including an IncMB module; (3) Evaluation of
pneumonia classification performance through various accuracy metrics and an analysis of model
behavior across different training epochs.

3.1. Data Preparation and Experimental Setup

In the given study, we used publicly available Chest X-ray Images (Pneumonia)
dataset [52], which consists of 5856 chest X-rays taken of pediatric patients (one to five years
old) in Guangzhou Woman and Children Hospital. There are 4273 cases of pneumonia and
1583 healthy controls in this data [52]. While the dataset includes both viral and bacterial
pneumonia labels, these were combined into a single pneumonia class, and all models
were trained using binary cross-entropy loss to distinguish pneumonia from healthy cases.
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Figure 2 shows some of the samples. The quality of the data and reliability of the diagnosis
has been considered by screening of all X-ray images prior to their use to extract low-quality
scans or those that are unreadable. Two expert physicians made the diagnoses, and a third
expert would confirm the check to reduce the possibility of errors.

Pnuemonia (n = 4273)

Figure 2. Examples of chest X-ray images from the RSNA pneumonia dataset.

The dataset was partitioned using a stratified random split method at an 80:20 ratio
for training and validation, thereby preserving the original class distribution. Despite
the inherent class imbalance, several strategies were implemented to mitigate its impact.
Firstly, extensive data augmentation techniques, including rotation (£30°), width and
height shifts (£10%), zooming (up to 20%), and horizontal flipping, were applied equally
across both classes. This artificially expanded the training set and reduced overfitting,
particularly benefiting the minority (healthy) class. Secondly, evaluation focused on met-
rics sensitive to class imbalance, such as precision, recall, and F1-score, rather than solely
accuracy, providing a more reliable assessment of model performance across both classes.
Thirdly, stratified splitting ensured consistent representation of the imbalance in both
sets, preventing bias toward the majority class during evaluation. Due to computational
resource limitations and the dataset’s scale, a single 80:20 split was chosen over k-fold
cross-validation, which would have significantly increased training time without propor-
tional benefits. All chest X-ray images were resized to 224 x 224 pixels, matching the
input dimensions commonly used by convolutional neural networks such as InceptionV3,
DenseNet201, and MobileNetV2. This resizing provides a standardized input for deep
learning models, while retaining sufficient detail for the detection of radiographic findings
relevant to pneumonia. Although fine interstitial changes may be partially blurred at this
resolution, larger opacities and consolidations, which are typically the focus of pneumonia
diagnosis, remain discernible [9,18].

We developed and trained the deep learning models in a Python environment (Python
3.10; Python Software Foundation, Wilmington, DE, USA), leveraging the Keras-GPU [53]
and TensorFlow-GPU [54] frameworks on the Google Colab platform. Google Colab
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facilitated efficient training through its NVIDIA Tesla K80 GPUs (NVIDIA Corporation,
Santa Clara, CA, USA) with 12 GB of memory. Training details, optimizer, loss function,
and other hyperparameters are summarized in Table 1.

Table 1. Summary of model hyperparameters.

Hyperparameter Value
Number of epochs 20
Batch size 32
Optimizer Adam
Adam By, B2, € 0.9,0.999,1 x 10~7
Initial learning rate 0.001
Minimum learning rate 0.5 x 107
Learning rate scheduler Reduce on plateau

3.2. Model Architecture and Adapted IncMB Module

CNNs have been established as foundational in medical image analysis, primarily
because of their capacity to hierarchically extract spatial and contextual features from input
data [24,43,44]. In this study, four CNN architectures—InceptionV3, InceptionResNetV2,
DenseNet201, and MobileNetV2—were adopted through transfer learning, utilizing pre-
trained ImageNet weights. Instead of the fine-tuning of the entire layers, the pre-trained
convolutional bases were left as fixed feature extraction modules, but custom classification
heads were added and learnt on the pediatric pneumonia data. Although domain-specific
pretraining can be beneficial, using ImageNet-pretrained models offers several advantages:
they are extensively validated, widely available, and provide rich low-level visual rep-
resentations that generalize well to medical imaging tasks. This approach also ensures
methodological consistency and comparability across related studies [36,37].

A critical challenge arises from the fundamental difference between the grayscale
nature of CXRs and the color RGB images on which traditional CNNs are typically trained.
This distinction manifests in terms of dimensionality (single channel for grayscale vs. three
channels for RGB), contrast sensitivity, and the intricate representation of texture. Conse-
quently, directly applying CNNs trained on color images often leads to suboptimal feature
extraction when confronted with grayscale medical images [38,39]. Pediatric CXRs present
further complexities, including age-related anatomical variability, inherently lower contrast
in pathological regions, and the subtle, diffuse, and often small-scale lesion presentations
that are less radiographically distinct compared to those commonly observed in adult
populations [34].

To address these challenges, we introduce the IncMB module, a lightweight architec-
tural unit specifically designed to enhance multi-scale feature learning in grayscale medical
images. Overall architecture is shown in Figure 3.

e  The Inception architecture: This foundational design enables efficient multi-branch
processing, allowing the network to concurrently extract features at different spatial
scales. This is achieved through parallel convolutions employing various kernel sizes
and a pooling branch [55,56]. Moreover, its inherent multi-scale capacity is particularly
well-suited for pediatric pneumonia recognition, where pathologies can manifest as
small, poorly defined opacities or as broader, more diffuse patterns [28].

e  The Mish activation function: To further adapt the module for grayscale image pro-
cessing, Mish is employed as the activation function. Mish is a non-monotonic, self-
regularizing activation function [57,58] as mathematically defined in Equation (1):



Appl. Sci. 2025, 15, 11824

90f23

Input dataset

Pneumonia

Viral

P8 o
Bacterial %

.......................................

........................................................................................
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Figure 3. Overview of the proposed framework for pediatric pneumonia classification, highlighting
the integration and role of the IncMB module.

Unlike traditional activation functions such as ReLU, Mish maintains a smooth, contin-
uous gradient flow, even for negative input values, thereby preventing abrupt transitions
that could impede network convergence [57]. Its formulation fosters better feature repre-
sentation by enabling richer information propagation across layers, especially in deeper
networks or when the input features contain subtle grayscale variations, as is characteristic
of chest radiographs. Studies have compellingly demonstrated that Mish activation signifi-
cantly outperforms both ReLU and Swish in tasks demanding the capture of fine-grained
patterns, such as grayscale medical image classification [26,58]. Its smooth curvature and
non-zero gradient across all real inputs contribute to more stable optimization and ulti-
mately, higher classification accuracy. In the specific context of pediatric CXR analysis,
where abnormalities may reside in low-contrast or texturally ambiguous regions, Mish
ensures that these subtle diagnostic cues are meticulously preserved and amplified across
convolutional layers, rather than being clipped or nullified as might occur with ReLU-based
activations [58]. This property is particularly advantageous when combined with multi-
scale feature extraction, as it empowers the network to retain crucial diagnostic details that
might otherwise be lost through shallower or narrower activations.

e  Batch Normalization: The IncMB module also incorporates Batch Normalization after
the convolution and activation stages. This crucial regularization mechanism ensures
that internal covariate shift is minimized and that feature distributions remain stable
throughout the training process [59]. This leads to faster convergence, the ability to uti-
lize higher learning rates, and a reduced risk of overfitting—all critical considerations
when working with relatively small and potentially imbalanced pediatric datasets.

Structurally, the IncMB module comprises four distinct branches: a1 x 1 convolutional
pathway, a 1 x 1 followed by 3 x 3 convolutional pathway, a 1 x 1 followed by 5 x 5
convolutional pathway, and a 3 x 3 max-pooling followed by a 1 x 1 convolution. Each
of these branches captures features at distinct receptive fields, which are subsequently
concatenated to form a rich, multi-scale representation of the input image [55]. This
composite feature map is then passed through the Mish activation function and Batch
Normalization before being processed by the downstream CNN layers. A single IncMB
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module is positioned after the backbone feature extraction layers and before the global
pooling and classification layers.

In adapting the IncMB module to the grayscale pediatric pneumonia dataset, it is
strategically inserted into the selected CNN backbone, either replacing or complementing
traditional convolutional blocks. This deliberate integration allows the network to more
effectively accommodate the unique radiological characteristics of pediatric CXRs, includ-
ing heterogeneous lesion distribution and the often-subtle textural differences between
pathological and healthy tissues. The overall methodology is outlined in Appendix A.

3.3. Pediatric Pneumonia Performance Evaluation

The assessment of deep learning model efficacy in the classification of pediatric pneu-
monia from chest radiographs necessitated the application of a comprehensive set of
quantitative metrics. These indicators, including precision, recall (sensitivity), specificity,
Fl-score, and overall accuracy, were systematically derived from the confusion matrix
to facilitate a granular evaluation of the models” diagnostic capabilities, as defined in
Equations (2)—-(6) [60,61].

Precision = TPTi—il—)FP' 2)
Recall = TPZiPFN' ©)
Specificity = TNTifFP' (4)

5
Accuracy = 757 1];1193 i ]Tg +FN’ ©)

The model’s classifications were precisely compared against the established ground
truth. True Positives (TP) denoted instances where the presence of pneumonia was correctly
identified. Conversely, True Negatives (TN) represented accurate determinations of the
absence of pneumonia. Errors in classification were delineated as False Positives (FP),
occurring when a non-pneumonic condition was erroneously assigned the pneumonia
label, and False Negatives (FN), signifying a failure to detect actual pneumonia cases.

4. Results and Discussion

This section presents a comprehensive evaluation of the proposed pneumonia classi-
fication models using multiple transfer learning backbones—InceptionV3, InceptionRes-
NetV2, MobileNetV2, and DenseNet201—under two approaches: a base model and the
base model with the IncMB.

Across all networks, the integration of the IncMB module led to a consistent and
notable improvement in classification performance metrics, underscoring its effectiveness
in enhancing deep learning models for pneumonia recognition as detailed in Table 2.
Among the evaluated models, InceptionResNetV2 with IncMB achieved the highest
scores across several key metrics—accuracy of 0.9812, F1-score of 0.9761, and recall of
0.9742—demonstrating its superior ability to generalize and accurately classify pneumonia
cases. These results highlight the synergy between the deep architecture of InceptionRes-
NetV2 and the feature-enriching capabilities of IncMB. In addition to absolute performance
gains, IncMB integration significantly boosted performance for lighter models. Notably,
MobileNetV2 with IncMB exhibited the largest improvement in accuracy, with a jump
of +4.69% from its base model from 0.9113 to 0.9582. This substantial gain reinforces the
utility of IncMB, especially for resource-constrained settings where lightweight models
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are preferred. Moreover, improvements in precision and Fl-score were consistently ob-
served across all models with IncMB. However, some trade-offs became apparent. For
instance, MobileNetV2 with IncMB experienced a decrease in specificity from 0.9779 to
0.8675. Despite this, its recall increased significantly from 0.8865 to 0.9918, which is a
desirable outcome in clinical scenarios where minimizing false negatives is paramount. In
such contexts, especially in pneumonia diagnosis, capturing as many true cases as possible
is often more critical than avoiding false positives [62]. Overall, the inclusion of IncMB led
to improved robustness and diagnostic value across various deep learning backbones.

Table 2. Performance evaluation of the proposed pneumonia classification approaches based on
overall accuracy metrics.

Transfer Deep Learning Model Classification Approach Accuracy  F1-Score  Precision Recall Specificity

InceptionV3

Base model 0.9633 0.9529 0.9592 0.9471 0.9117
Base model with IncMB 0.9710 0.9630 0.9659 0.9603 0.9369

InceptionResNetV2

Base model 0.9676 0.9595 0.9536 0.9659 0.9621
Base model with IncMB 0.9812 0.9761 0.9781 0.9742 0.9590

MobileNetV2

Base model 0.9113 0.8961 0.8763 0.9322 0.9779
Base model with IncMB 0.9582 0.9451 0.9640 0.9297 0.8675

DenseNet201

Base model 0.9676 0.9579 0.9704 0.9470 0.9022
Base model with IncMB 0.9727 0.9656 0.9629 0.9684 0.9590

The highest assessment metrics are bolded.

As detailed in Table 3, the base models generally demonstrated higher recall for the
pneumonia class compared to the healthy class, indicating a tendency to better identify
diseased cases while occasionally misclassifying healthy ones. This imbalance poses a
challenge in clinical settings, where both false negatives and false positives can have serious
implications. After incorporating the IncMB, recall for the healthy class improved notably
across most models, suggesting enhanced discrimination between the two classes. For ex-
ample, InceptionV3'’s healthy class recall increased from 0.9117 to 0.9369, and DenseNet201
saw a significant jump from 0.9022 to 0.9590. These improvements reflect a reduction in
false positives—healthy patients incorrectly flagged as having pneumonia. The pneumonia
class also showed improvements or maintained high recall values after IncMB integration.
MobileNetV2 with IncMB achieved the highest pneumonia recall of 0.9918, marking a
substantial improvement from its base recall of 0.8865. Interestingly, DenseNet201’s base
model already exhibited a high pneumonia recall of 0.9918, which remained robust after
IncMB inclusion. These results suggest that IncMB not only improves the network’s ability
to detect healthy cases but also maintains or enhances its strength in identifying pneumonia.
Overall, the IncMB contributes to a more balanced classification performance, reducing bias
toward one class and improving the model’s reliability for real-world clinical applications
where accurate identification of both healthy and diseased cases is essential.

Table 3. Detailed recall scores for pneumonia classification for each CNN within the evaluated approaches.

Transfer Deep Learning Model Classification Approach Healthy Pneumonia

InceptionV3

Base model 0.9117 0.9825
Base model with IncMB 0.9369 0.9836

InceptionResNetV2

Base model 0.9621 0.9696
Base model with IncMB 0.9590 0.9895

MobileNetV2

Base model 0.9779 0.8865
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Table 3. Cont.
Transfer Deep Learning Model Classification Approach Healthy Pneumonia
MobileNetV Base model with IncMB 0.8675 0.9918
Base model 0.9022 0.9918
DenseNet201 Base model with IncMB 0.9590 0.9778

The highest assessment metrics are bolded.

Training and validation trends over 10 and 20 epochs demonstrated smoother conver-
gence and lower validation loss for all IncMB-enhanced models as presented in Table 4. A
key observation is the marked reduction in validation loss, an indicator of improved model
generalization and reduced overfitting. Most notably, InceptionResNetV2 with IncMB
achieved the lowest validation loss of 0.0547 after 20 epochs, significantly outperforming
its base counterpart, which recorded a validation loss of 0.0665. This suggests that the
model not only converged more effectively but also retained better generalization capacity
on unseen data. Similar positive trends were observed in InceptionV3 and DenseNet201.
For instance, InceptionV3’s validation loss dropped from 0.1235 for base model to 0.0739
for base model with IncMB after 20 epochs, reflecting more efficient learning and better
representation of data distributions. DenseNet201 with IncMB also exhibited enhanced
performance, with its validation loss reducing from 0.0857 to 0.0794, while validation accu-
racy increased from 0.9679 to 0.9731. Even for lightweight architectures like MobileNetV2,
IncMB contributed to meaningful improvements. Validation loss decreased from 0.2459 to
0.1610 over 20 epochs, and validation accuracy improved from 0.9288 to 0.9601, demonstrat-
ing that IncMB facilitates more robust learning dynamics even in computationally efficient
models. Overall, these results demonstrate that IncMB positively influences the training
trajectory, enabling faster convergence, lower validation error, and higher validation accu-
racy across varying architectures. This enhanced training behavior positions IncMB as a
valuable module for improving both performance and reliability in deep learning-based
medical image classification tasks.

Table 4. Training dynamics illustrating the progression of accuracy and validation loss over 10 and
20 epochs for the different proposed classification approaches.

Classification 10 Epochs 20 Epochs
Transfer Deep Learning Model
P & Approach TA VA VL TA VA VL

) Base model 0.9438 09479 0.1508 0.9640 0.9618 0.1235

InceptionV3 .
Base model with IncMB ~ 0.9700  0.9679 0.0910 0.9688 0.9740 0.0739
InceptionResNetV2 Base model 09811 09505 0.1287 0.9809 0.9766 0.0665
p Base model with IncMB ~ 0.9688  0.9679 0.0887 0.9688 0.9818  0.0547
MobileNetva Base model 09619 09392 02619 0.9616 0.9288 0.2459
obileNet Base model with IncMB ~ 0.9656  0.9523  0.2056 0.9758 0.9601 0.1610
DenseNet201 Base model 09540 09340 0.1590 0.9688 0.9679 0.0857

Base model with IncMB  0.9588  0.9609 0.1176 0.9375 0.9731 0.0794

The highest assessment metrics are bolded.

As demonstrated in Figure 4, IncMB significantly decreased the number of pneumonia
cases misclassified as healthy across all networks, for example, InceptionResNetV2’s FNs
dropped from 26 to 9, and MobileNetV2’s from 97 to just 7, showing over 90% improvement
in FN rate for the latter. True negative counts also improved for most models with IncMB,
especially for DenseNet201 from 286 to 304 and InceptionV3 from 289 to 297, resulting in
improved specificity. While some models experienced a slight increase in false positives,
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this was often accompanied by a more clinically acceptable reduction in false negatives.
For instance, MobileNetV2 with IncMB improved pneumonia recall from 0.8865 to 0.9918
at the cost of a moderate drop in healthy recall. Overall, the confusion matrices clearly
demonstrate that the proposed IncMB module not only boosts aggregate performance
metrics but also leads to a clinically meaningful redistribution of errors—favoring the
reduction in false negatives, which is critical in pneumonia recognition.

InceptionV3 InceptionResNetV2 MobileNetV2 DenseNet201

Pneumonia Healthy Pneumonia Healthy Pneumonia Healthy Pneumonia

Healthy

[2ge| anJy

Predicted label

Figure 4. Confusion matrices illustrating the performance of different CNN models (InceptionV3,
InceptionResNetV2, MobileNetV2, and DenseNet201) for pediatric pneumonia classification. Within
each cell, the top number indicates the count of classified instances, while the lower number presents
the corresponding percentage for that specific class.

Incorporating the IncMB module across different CNN architectures produced consis-
tent improvements in accuracy, generalization, and computational efficiency. The observed
gains are attributable to the synergistic interaction of three architectural enhancements:
multi-branch Inception-style convolutions, Batch Normalization, and the Mish activation
function. Together, these components provide a more expressive, stable, and general-
izable feature extraction framework, particularly well-suited for the heterogeneous and
fine-grained visual patterns encountered in pediatric chest radiographs. The Inception
component of IncMB employs parallel convolutional paths with varying kernel sizes, allow-
ing the network to simultaneously capture features at multiple spatial resolutions [55,63].
This capacity for multi-scale representation is critical in medical imaging, where patho-
logical features such as infiltrates or consolidations may present with variable size, shape,
and intensity. Furthermore, the use of 1 x 1 convolutions as bottleneck layers enables
dimensionality reduction prior to computationally intensive operations, thereby lowering
the total number of parameters without compromising feature richness [64]. Batch Nor-
malization contributes to both training stability and generalization. By normalizing the
intermediate feature distributions, Batch Normalization reduces internal covariate shift
and smooths the loss landscape, which facilitates faster convergence and allows for the use
of higher learning rates [65,66]. Moreover, its implicit regularization effect helps prevent
overfitting, particularly in smaller or imbalanced datasets common in medical imaging [65].
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The Mish activation function complements these benefits by introducing a smooth, non-
monotonic, and self-regularizing nonlinearity [57]. Unlike traditional ReLU, Mish retains
negative information while preserving gradient flow across layers. Its continuous dif-
ferentiability and curvature near zero enable improved learning dynamics, particularly
in deep architectures [57]. These properties have been shown to enhance representation
learning in vision tasks and are reflected in the improved recall and specificity achieved
across all IncMB-augmented models in the present study. The performance metrics support
these architectural improvements. Models incorporating IncMB consistently demonstrated
higher recall and specificity relative to their baseline counterparts, indicating improved
sensitivity to pneumonia cases and enhanced discrimination of healthy instances. Such
balanced performance is essential for clinical applicability, where both false negatives and
false positives carry significant consequences [28,41]. Furthermore, training trajectories
showed smooth and consistent convergence, with validation performance closely tracking
training accuracy and loss. This behavior suggests an absence of significant overfitting and
indicates that the models learned robust, generalizable features. The regularizing effects of
Batch Normalization, the smoother optimization facilitated by Mish, and the use of data
augmentation collectively contributed to this outcome.

The integration of the IncMB module resulted in more parameter-efficient network ar-
chitectures across all evaluated models. As summarized in Table 5, each base convolutional
neural network exhibited a modest reduction in total parameter count when modified
with the IncMB block. For instance, the InceptionV3 model decreased from approxi-
mately 22.98 million parameters (87.67 MB) to 22.30 million parameters (85.09 MB). The
MobileNetV2 architecture demonstrated a more substantial reduction, from 2.99 million pa-
rameters (11.43 MB) to 2.60 million (9.93 MB), representing a decrease of approximately 13%.
InceptionResNetV2 and DenseNet201 also showed reductions of about 0.87% and 3.2%,
respectively. These reductions can be attributed to the architectural design of the IncMB
module, particularly the use of 1 x 1 bottleneck convolutions and efficient feature compres-
sion strategies characteristic of Inception-style modules [55]. Such mechanisms effectively
reduce the number of trainable parameters while preserving the network’s representational
capacity. Importantly, this finding confirms that the improved classification performance
observed with IncMB-enhanced models does not stem from increased model capacity or
a higher number of trainable parameters. Instead, the gains primarily result from the
module’s multi-scale feature extraction, grayscale-adaptive processing, and refined feature
re-encoding capabilities. Moreover, these gains in compactness were achieved without any
degradation in classification performance. On the contrary, accuracy and other performance
metrics consistently improved with the IncMB-enhanced models. This demonstrates that
the IncMB contributes meaningful architectural efficiency and feature-level adaptability
rather than serving as a source of additional trainable complexity. From a deployment per-
spective, the reduced parameter count implies lower memory requirements and potentially
faster inference times, facilitating integration into real-time or resource-constrained clinical
environments [67,68]. Additionally, the decreased model complexity may help mitigate
overfitting, contributing to improved generalization in unseen data settings.

Table 5. Total parameters for transfer deep learning models across different classification approaches.

Transfer Deep Learning Model Classification Approach Total Parameters Model Size (MB)
InceptionV3 Base model 22,982,561 87.67
P Base model with IncMB 22,304,653 85.09
InceptionResNetV2 Base model 55,221,601 210.65

Base model with IncMB 54,734,157 208.79
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Table 5. Cont.
Transfer Deep Learning Model Classification Approach Total Parameters Model Size (MB)
. Base model 2,995,393 11.43
MobileNetV2 Base model with IncMB 2,603,181 9.93
Base model 19,428,033 74.11
DenseNet201 Base model with IncMB 18,797,741 71.71

The technical enhancements introduced by the IncMB module hold practical relevance
for pediatric pneumonia screening. High recall ensures that true pneumonia cases are
reliably identified, reducing the risk of missed diagnoses, while high specificity minimizes
false positives, preventing unnecessary interventions [69]. This balanced performance
supports the use of IncMB-enhanced models as effective triage tools. Additionally, the
reduction in model parameters enables deployment on resource-constrained devices, such
as portable systems in rural or low-resource settings. These lightweight yet accurate
models could facilitate faster, automated chest X-ray interpretation, assisting clinicians in
prioritizing cases and improving diagnostic efficiency.

In comparative analysis with prior state-of-the-art approaches, the proposed IncMB-
augmented models demonstrate performance that is both competitive and methodologi-
cally robust. Barakat et al. [70] evaluated a Quadratic SVM-based framework on a pediatric
chest X-ray dataset comprising approximately 5856 images, achieving an accuracy of 0.9758.
Although several performance measures were reported, the study emphasized accuracy
as the primary indicator of model quality, without providing a deeper per-class break-
down or confusion matrix analysis to elucidate diagnostic trade-offs. Furthermore, no
training—validation progression curves were presented, limiting the ability to assess po-
tential overfitting or the stability of convergence. Similarly, Alsharif et al. [71] employed a
deep learning-based model on 5852 pediatric X-ray images, attaining an accuracy of 0.9970,
sensitivity of 0.9974, and an AUC of 0.9812. While Alsharif et al. reported marginally higher
overall accuracy and sensitivity than our best-performing InceptionResNetV2 + IncMB
configuration, its lower specificity and the absence of per-class recall metrics or confusion
matrix analysis hinder a nuanced evaluation of diagnostic trade-offs [71]. Notably, neither
Barakat et al. nor Alsharif et al. presented epoch-wise validation trends, whereas our
results explicitly document smooth and stable convergence across training and valida-
tion values, with no evidence of significant overfitting [70,71]. These findings underscore
that the observed performance gains in our models are not attributable to instability or
over-optimization, but rather to the multi-scale, grayscale-adaptive feature enhancement
capabilities introduced by the IncMB module. In addition to the aforementioned studies,
several recent deep learning methodologies have reported commendable performance in
pediatric pneumonia classification, employing diverse architectural and training paradigms.
Ha Pham and Tran [72] implemented an ensemble of three pre-trained convolutional neural
networks: InceptionResNetV2, DenseNet201, and VGG16, achieving an accuracy of ap-
proximately 95% and a 3% enhancement in the Fl-score relative to single-model baselines.
Their ensemble strategy effectively integrates complementary representational features,
whereas the proposed IncMB-augmented InceptionResNetV2 architecture attains superior
overall accuracy while preserving an equitable sensitivity—specificity balance, thereby ex-
emplifying an alternative yet methodologically robust design approach. Kareem et al. [73]
investigated a federated learning framework encompassing multiple pre-trained CNN
architectures (AlexNet, DenseNet, ResNet50, Inception, and VGG19) trained on distributed
pediatric chest X-ray datasets. The ResNet-50 model within their study achieved an ac-
curacy of approximately 93%, highlighting both the potential and inherent complexities
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of decentralized medical data learning. In contrast, the present centralized IncMB-based
configuration exhibits marginally higher accuracy under controlled conditions, suggest-
ing that multi-scale feature enrichment could serve as a complementary mechanism in
prospective federated or hybrid learning paradigms. Patidar et al. [74] introduced a hy-
brid ensemble model combining MobileNetV2, ResNet152, and DenseNet169 for pediatric
pneumonia detection, achieving 95.03% classification accuracy. Their results demonstrate
the effectiveness of ensemble strategies in leveraging complementary network features.
In comparison, our IncMB-augmented InceptionResNetV2 model attains 98.12% accuracy
with stable convergence and detailed per-class evaluation, reflecting the complementary
strengths of ensemble-based and feature-enhancement approaches.

As demonstrated in Figure 5, Grad-CAM visualizations illustrating the attention maps
of four convolutional neural network architectures—InceptionV3, InceptionResNetV2,
MobileNetV2, and DenseNet201—under two approaches: the base model and the base
model augmented with the adaptive IncMB module. The example shown corresponds to
a confirmed case of bacterial pneumonia, which on pediatric chest radiographs typically
manifests as focal or lobar consolidation with increased opacity, often localized to one lung
zone and associated with air bronchograms. In the base configurations, several models,
particularly InceptionV3, MobileNetV2, and DenseNet201, exhibit partial or peripheral
focus on non-pathological regions, such as the upper thoracic border and areas outside
the lung fields. This misdirected attention is especially evident in MobileNetV2, where the
heatmap concentrates along the image margins, suggesting suboptimal feature localization.
Following the integration of IncMB, all four architectures demonstrate markedly improved
focus, with activation maps more precisely covering the lung parenchyma and the re-
gion of consolidation, reflecting better alignment with radiological markers of bacterial
pneumonia. This shift indicates that the IncMB module enhances the network’s ability to
attend to clinically relevant structures, reducing reliance on extraneous image features. The
refined attention is consistent with the observed improvements in recall, specificity, and
overall accuracy reported in Tables 1-3 and supports the hypothesis that IncMB facilitates
more discriminative and pathology-centered feature extraction in pediatric pneumonia
classification tasks.

As demonstrated in Figure 6, Grad-CAM visualizations for a representative healthy
pediatric chest radiograph provide a comparative perspective on the distribution of model
attention in non-pathological versus pathological cases. In the base configurations, several
architectures display dispersed and irregular activation patterns, with emphasis along
the lung apices and peripheral thoracic margins, suggesting nonspecific or contextually
irrelevant feature attribution. After the integration of the adaptive IncMB module, the
overall activation intensity markedly decreases and becomes confined to anatomically
plausible pulmonary regions, with minimal focus on extraneous structures. Although
IncMB-based activation maps may appear to encompass broader areas of the lung fields, this
behavior reflects the module’s multi-scale receptive design, which encourages contextual
integration of bilateral and parenchymal patterns rather than a loss of spatial precision. This
results in anatomically coherent, context-aware attention that enhances lesion localization
in abnormal images (Figure 5) while concurrently suppressing false-positive responses in
normal radiographs. Collectively, the comparison between Figures 5 and 6 demonstrates
that the IncMB module promotes balanced and semantically meaningful feature attention
across distinct clinical categories.

While our findings are promising, a significant limitation of this study is the dataset’s
scope. The chest X-ray images were sourced exclusively from a single publicly available
pediatric dataset collected at one hospital. Although the dataset is extensive, it does not fully
represent the demographic, geographic, and clinical diversity found in real-world medical
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practice. The lack of variability in imaging equipment, patient populations, and acquisition
settings may constrain the model’s generalizability to different clinical environments.
To improve robustness and applicability, future work should focus on evaluating these
models using larger, multi-center datasets that include a wider range of age groups, disease
presentations, and imaging protocols.
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Figure 5. Grad-CAM visualizations highlighting areas of attention in images of bacterial pneumonia.
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Figure 6. Grad-CAM visualizations highlighting areas of attention in images of healthy lungs.
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5. Conclusions

In this study, we proposed an improved pneumonia classification framework based
on transfer learning models enhanced with a custom IncMB module, which integrates
Inception blocks, the Mish activation function, and Batch Normalization. Among the
evaluated architectures, the InceptionResNetV2 model with IncMB achieved the highest
performance, recording an accuracy of 0.9812 and F1-score of 0.9761, outperforming all
baseline counterparts. Additionally, the IncMB module consistently improved model
generalization while reducing the number of parameters across all tested networks—for
instance, lowering InceptionResNetV2’s parameter counts by nearly half a million—thus
contributing to computational efficiency without compromising predictive accuracy. These
advances support the use of this approach in low-resource and point-of-care settings where
compact, reliable diagnostic tools are required.

Despite these promising outcomes, several limitations must be acknowledged. The
dataset, while sizable, may not fully capture the diversity encountered in global clinical
practice, potentially limiting the generalizability of the models across different demographic,
geographic, or equipment-specific contexts. In addition, the experimental design employed
a single train—validation split without additional repetitions or cross-validation, which may
limit the assessment of statistical variability and model stability. Nevertheless, consistent
settings, standardized hyperparameters, and extensive data augmentation were applied to
enhance reliability and mitigate potential bias.

Future research should focus on validating the proposed models using multi-center
datasets that capture broader demographic, geographic, and equipment variability, en-
suring robust generalization across different clinical settings. Beyond retrospective eval-
uation, prospective clinical trials are needed to assess real-world performance, including
workflow integration and diagnostic impact in routine practice. Integrating additional
imaging modalities, such as lung ultrasound, may further enhance clinical applicabil-
ity by enabling multimodal diagnosis. Furthermore, integration with clinical decision
support systems could facilitate seamless adoption into clinical workflows, improving
interpretability and user trust. From a deployment perspective, efforts should include edge
computing solutions and mobile platforms equipped with intuitive user interfaces tailored
for healthcare professionals, allowing for real-time decision support in both hospital and
resource-limited environments.
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Appendix A. Detailed Pseudocode for CNN Training and Evaluation

with Adapted IncMB Module

Algorithm A1: Training and Evaluation of CNN with Adapted IncMB Module

1
2
3
4.
5.
6
7
8
9

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.
45.

begin

Input:
- train_dir <— Path to training dataset
- valid_dir < Path to validation dataset
- batch_size <— Mini-batch size for training
- epochs <~ Number of training epochs
- Inception module parameters:
f1, f2_in, f2_out, £f3_in, f3_out, f4 out
Output:
- Trained CNN model with IncMB module
- Classification metrics: Accuracy, Precision, Recall, F1-score, Specificity
- Confusion matrix and classification report
- Heatmap visualization of confusion matrix
Step 1: Configure Environment
Import required libraries (TensorFlow, Keras, NumPy, etc.);
Set hyperparameters;
Step 2: Define Activation Function and Metrics
Define softplus(x) < log(1 + exp(x));
Define tanh(x) < (exp(x) — exp(—x))/(exp(x) + exp(—Xx));
Define mish(x) <— x x tanh(softplus(x));
Register mish as a custom activation function;
Define evaluation metrics using standard definitions;
Step 3: Compute Dataset Properties
nb_train_samples < Count of images in train_dir;
nb_val_samples < Count of images in valid_dir;
num_classes <— Count of distinct folders (class labels) in train_dir;
Step 4: Data Preprocessing and Augmentation
Define data preprocessing function;
Initialize data generators with augmentation:
- Rotation, zoom, shift, horizontal flip;
Create train_generator and valid_generator with image resizing (224 x 224);
Step 5: Define Inception Module
Function Inception_Module (input, f1, £2_in, £2_out, {3_in, £3_out, f4_out):
branch_1 +- 1 x 1 convolution with f1 filters;
branch_2 < 1 x 1 convolution (f2_in) — 3 x 3 convolution (f2_out);
branch_3 < 1 x 1 convolution (f3_in) — 5 x 5 convolution (f3_out);
branch_4 < 3 x 3 max pooling — 1 x 1 convolution (f4_out);
return concatenation of all branches;
Step 6: Construct CNN Model
Initialize base CNN model with pretrained weights (excluding top layers);
Apply Inception_Module with specified parameters;
Apply Mish activation;
Apply batch normalization;
Apply global max pooling;
Add fully connected layer with sigmoid activation for binary classification;
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Algorithm A1: Cont.

46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
6l.
62.
63.
64.
65.
66.
67.
68.

Define model from base input to final output;
Step 7: Compile CNN Model
Use optimization algorithm;
Set loss function as binary cross-entropy;
Set evaluation metrics;
Step 8: Train the Model
Calculate steps_per_epoch = nb_train_samples/batch_size;
Calculate validation_steps = nb_val_samples/batch_size;
Initialize learning rate scheduler and training logger;
Train model with data generators and callbacks;
Step 9: Save the Trained Model
Save model architecture and weights to storage;
Step 10: Evaluate Model Performance
Generate predictions on validation set;
Round predicted probabilities to binary labels;
Calculate confusion matrix and classification report;
Compute metrics;
Step 11: Visualize Results
Normalize confusion matrix values;
Create labeled matrix for plotting;
Generate annotated heatmap of confusion matrix;
Label axes with class names (e.g., ‘pneumonia’, healthy);
end
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