EEIEE B LIRS 10 51 1 2025 473 A 9—17 9

SEEERE SR LEED SRR LF LR PR &
LD ET A TN -k
1*‘_? 2 f'f?u . 1,2'5 'fﬁ:"'?
s d PHE TR R A EFAT A

“michaelee@stust.edu.tw
% 2

REHFFE A H Z 5 FE 4% 4888 (Bayesian Convolutional Neural Networks, BCNN ) 1ERghE X 5%
TG TR RIER - ERERETAT SR AR - W FEER A RS S BRI RIS - R 5 B 26 B A1 53 J5H]
EHUTEISE BCNN R4 - SFTERE R M 38 09 — 7 el - B ImAERAIRaiE X SesoEtieE HiEfTil
o ARG R E R E] 91.19% AYAERES - (B VGG16 (86.54% ) - InceptionV3 (87.98% ) #iI
ResNet50 (74.04% ) - [f£4 > BCNN £ AUC (0.98) -~ fEhfR (precision) ~ Z[E[ (recall ) Bl Fl-score
R R o S HAEE T IER (Normal) Bifffise (Pneumonia) JFl T THIFVER (IR - IR A
BEEGZETEETEY - BRAEE AT S BB - B ER A - IS e -
IR THA ISR E R R AV RS 2 - SRR (E AR A MU IE R S VR S (07 - BIEEAIRAVE
BHET » RIRREHERF = B A RAFAYIE AT - HEUERIVE A E DT T ERAY e 5EME - RGO
EMENTE - ARUR BT ER - SEERERT LLESR - LENHEREEER - tHEx
HRET SRR A AL Flask Ay4E EHIEEZX - BEEUERIRE X S GBIl S ARR] o hER(H B e e o
N B RHERIE B2 e T2 - $eft ik B ol SEmy oot - 1Em i BhERAORSR « BHE4E R R T
[EELER T R pl2ai & ARGt BB X E A E B GRAENE T - BT 284
PERIRCRER L T #rir IR pa (< -

M4 BBNEY S LA HA SRR N g X Rk

Efficient Pneumonia Detection via Transfer
Learning: A Bayesian CNN Approach to Chest X-Ray
Classification

"Tsung-Lu Michael Lee, ?Kyra Jyne A. Melendres
"Department of Computer Science and Information Engineering, Southern Taiwan University of Science and

Technology, 2College of Information and Computing, University of Southeastern Philippines
Abstract

This study explores the application of Bayesian Convolutional Neural Networks (BCNN) in chest X-ray
image classification, specifically for pneumonia detection. Employing transfer learning and fine-tuning, we
adapted a pre-trained BCNN model—originally designed for multi-class classification—to perform binary
pneumonia classification. The model achieved a highest accuracy of 91.19%, outperforming VGG16 (86.54%),
InceptionVV3 (87.98%), and ResNet50 (74.04%). Additionally, BCNN demonstrated superior AUC (0.98),
precision, recall, and F1-score, confirming its robust performance in distinguishing between NORMAL and
PNEUMONIA cases. Transfer learning provided multiple advantages, including reduced computational costs and
accelerated model convergence by leveraging pre-trained feature representations. The Bayesian framework further
enhanced model reliability by providing uncertainty estimates and mitigating overfitting risks, which is crucial in
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medical applications with limited labeled data. We deployed the classification model in a Flask-based web
application, enabling real-time pneumonia detection and providing healthcare professionals with an effective
diagnostic support tool. This research highlights the promising role of deep learning technologies, particularly
BCNN with transfer learning, in improving diagnostic accuracy, efficiency, and clinical usability. Future work
could extend this approach to multi-class disease classification and explore its applicability in other medical
imaging modalities.

Keywords: Transfer Learning, Bayesian CNN, Fine-tuning, Chest X-ray images

1. Introduction

Deep learning has emerged as a transformative technology in medical imaging analysis, offering
unprecedented capabilities in automated diagnosis and clinical decision support. Deep learning has become a
state-of-the-art artificial intelligence technology due to its promising performance across multiple disciplines [1].
In the field of radiology, particularly chest X-ray interpretation, artificial intelligence applications are addressing
critical challenges faced by healthcare providers. Traditionally, interpreting chest X-rays has relied on human
radiologists manually reviewing and analyzing images, a process that is prone to interobserver variability and time
restrictions. The application of deep learning models offers a transformative solution by enabling automated image
analysis and classification. This innovation has the potential to significantly improve efficiency and accuracy in
disease diagnosis [2]. In this study, the BCNN model of our current thesis project which is multi-class crack
classification will be utilized and implemented in our new dataset through transfer learning and fine-tuning. The

new model will be deployed in a web application for chest X-ray images Pneumonia classification.

I1. Background and Literature Review

Medical image processing (MIP) is a crucial field that involves the development of algorithms and software
for extracting and analyzing information from medical images. It plays a significant role in the diagnosis,
treatment, and early detection of diseases, and has seen advancements through the application of deep learning
and machine learning techniques [3]. Bargagna et al [4] developed a Bayesian convolutional neural network
(BCNN) framework for classifying cardiac amyloidosis (CA) subtypes. The Bayesian model exhibited a
comparable performance of 78.28% test accuracy to deterministic models. Furthermore, the Bayesian approach
provided confidence estimates, enhancing classification reliability, and mitigating issues observed in deterministic
models. The findings suggest that Bayesian CNNs hold promise in overcoming challenges associated with data
scarcity in medical imaging classification tasks. A study [5] also utilizes the BCNN model for classifying chest

X-ray images.

II1. Methodologies

1. Dataset

This study utilizes a publicly available chest X-ray dataset sourced from Data Mendeley[6]. The dataset
includes RGB images of both normal and pneumonic cases, encompassing viral and bacterial infections. All
images were resized to 227x227 pixels for consistent processing. The Normal and Pneumonic Chest X-rays
example images are shown in Figure 1 and Figure 2. The dataset was subsequently divided into training, validation,
and test sets comprising 4185, 1047, and 624 images respectively, ensuring an approximately equal distribution
of normal and pneumonic cases in each subset. This balanced distribution across the subsets is crucial for training
robust and unbiased machine learning models for accurate pneumonia detection. Here's a concise summary:

To address challenges in medical image classification, we implemented comprehensive data preprocessing
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and augmentation strategies. The approach included multiple data transformation techniques for the training set:
image rotation (+£20°), translation (£20%), shearing (20%), zooming (+20%), and horizontal flipping. These
methods help expand dataset diversity, reduce overfitting, and enable the model to learn more robust features.
Pixel values were normalized to the [0, 1] range to improve compatibility with activation functions and
optimization algorithms. Validation and test sets were simply normalized without augmentation to maintain real-
world data representation. A batch size of 32 was used, with training data shuffling to prevent data order
memorization and promote more efficient model learning. The goal was to create a more generalized and accurate

model for medical image classification by addressing data variability and model performance challenges.
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Figure 1. Normal Chest X-rays example images
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Figure 2. Pneumonic Chest X-rays example images

2. Bayesian CNN

The Bayesian Convolutional Neural Network (BCNN) implementation employs a sophisticated architecture
that integrates uncertainty quantification through Monte Carlo (MC) Dropout, strategically applied after each
convolutional layer before pooling operations [7].

As depicted in Figure 3, our pre-trained model comprises 16 carefully structured layers, with MC Dropout
systematically implemented throughout the network, enabling robust probabilistic inference and uncertainty
estimation. This architectural design proves particularly advantageous in medical imaging applications, where
model confidence quantification is crucial for clinical decision support. The network, initially trained on 150,000

instances, establishes a robust foundation for feature extraction and pattern recognition. The implementation
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involves carefully transferring the pre-trained BCNN model's weights and biases, followed by systematic
parameter adjustments to optimize performance for chest X-ray analysis. This adaptation process is particularly
advantageous as it enables the model to leverage low-level feature detectors (such as edge and texture patterns)
learned from the original dataset while fine-tuning higher-level features specific to medical image characteristics.
The combination of MC Dropout's regularization effects and the model's deep architecture enables reliable
uncertainty estimation in predictions, a critical feature for medical diagnostic applications where understanding

model confidence is as important as the prediction itself.
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Figure 3. BCNN Model Architecture

3. Transfer Learning

Our approach implements a transfer learning methodology to leverage the robustness of a pre-trained BCNN
model, originally trained on an extensive dataset of 150,000 instances, for the specific task of chest X-ray
classification. This strategic application of transfer learning significantly optimizes computational resources and
accelerates model convergence by retaining the learned feature hierarchies from the source domain while adapting
them to the target medical imaging domain [8]. The process not only reduces the computational overhead typically
associated with training deep learning models from scratch but also improves the model's generalization
capabilities by building upon previously learned robust feature representations. Figure 4 illustrates how this pre-
trained architecture is leveraged through transfer learning, where the model's learned representations are adapted
for chest X-ray classification while maintaining the Bayesian characteristics that address overfitting concerns and
enhance performance on limited medical datasets. However, the last dense layer was removed to add a binary

dense layer for chest x-ray prediction.

[ ] #ray_model = Sequentialf)

[ 1 # Copy the convolutional lawers from BCMN Multiclass
for laver in bonn_model.lavers[:-1]: # Exclude the last dense lawver
xray_model. add(laver)

[ 1 xray_model.add(Densel2, activation='softmax', name='binary_output'))

Figure 4. Implementation of Transfer Learning

4. Fine-tuning

The fine-tuning phase of our methodology addresses the domain shift between the original training data and
the target chest X-ray dataset through a strategic layer unfreezing approach. As illustrated in Figure 5, our fine-
tuning architecture selectively unfreezes the last nine layers of the network while maintaining the learned features

in earlier layers, a decision empirically determined through extensive experimentation with various layer

configurations.
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[ 1 # Unfreeze layers for fine-tuning
for layer in xray_model.layers[-59:]:
layer.trainable = True

[ 1 # Compile the model
xray_model.compile{optimizer=tf.keras.optimizers.Adami{learning_rate=1e-5),
loss='sparse_categorical_crossentropy’,
metrics=['accuracy']}

[ 1 # Set path to your X-ray dataset zip file
sray_zip_path = 'fcontent/fdrive/MyDrivesal/chest_sray.zip'
extracted_path = 'Jcontentschest_xray’

Figure 5. Implementation of fine-tuning architecture

This selective unfreezing strategy optimally balances the preservation of fundamental feature extractors from
the pre-trained model while allowing sufficient adaptability for medical image-specific features. The approach is
particularly effective as the earlier layers typically capture generic features (such as edges and textures) that remain
valuable across domains, while the unfrozen later layers can adapt to the specific characteristics of chest X-ray
images [9]. The fine-tuned architecture maintains the robust foundational feature extraction capabilities of the
original model while enabling specialized learning for medical image classification, resulting in a model that
effectively combines transfer learning benefits with domain-specific optimization. This carefully calibrated
balance between frozen and trainable layers proved crucial in achieving optimal performance in chest X-ray

classification tasks while maintaining computational efficiency.

5. Web Application Deployment using Flask

The deployment phase leverages Python Flask [10], a powerful micro-web framework chosen for its
lightweight architecture and seamless integration capabilities with machine learning models. The implementation,
as shown in Figure 6, demonstrates the Flask deployment, incorporating essential routing mechanisms, image

processing utilities, and model prediction integration.
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Figure 6. System Architecture

The deployment architecture features a responsive web interface, as shown in Figure 7, that enables
healthcare professionals to upload chest X-ray images through an intuitive portal, while implementing secure file
handling in a designated 'static' directory. Upon image upload, the system executes real-time preprocessing and
model inference, delivering immediate visual feedback through a clear, clinically relevant format.
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Figure 7. The interface of the web portal
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Figure 8 showcases the application's prediction interface, where both the uploaded X-ray and corresponding
classification results are displayed simultaneously. Testing with previously unseen chest X-ray images from our
test dataset demonstrated the system's practical reliability, successfully maintaining consistent performance in
classifying between normal and pneumonic cases. This Flask-based deployment architecture proved robust and
efficient, effectively translating our BCNN model's capabilities into a production-ready medical imaging tool

suitable for clinical environments.
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Figure 8. The web application's prediction interface

IV. Results and discussions

This section presents a comprehensive analysis of the empirical results obtained from applying BCNN
transfer learning and fine-tuning to chest X-ray classification. The narrow gap between training and validation
losses is especially significant, as it indicates robust generalization capabilities and effective regularization
through the Bayesian framework. Figure 9, which presents the Comparison of ROC Curves, further reinforces the
model’s strong performance. BCNN achieves the highest Area Under the Curve (AUC) value of 0.98,
outperforming VGG16 (AUC = 0.95), InceptionV3 (AUC = 0.97), and ResNet50 (AUC = 0.82). The superior
AUC score highlights BCNN’s exceptional ability to distinguish between classes, with minimal false positives
and false negatives. This behavior strongly suggests that the model has achieved an optimal balance between
learning the underlying patterns in the chest X-ray data and maintaining generalization capability, effectively
avoiding the common pitfall of overfitting. The consistent performance across different evaluation metrics
validates the effectiveness of our fine-tuning strategy and supports the model's potential reliability in clinical
applications.

A detailed evaluation of precision, recall, and F1-score (as shown in Table 1) further supports these findings.
BCNN demonstrates the highest classification performance, with a precision of 0.972 for NORMAL cases and
0.869 for PNEUMONIA cases. Its recall values of 0.752 (NORMAL) and 0.987 (PNEUMONIA) indicate strong
sensitivity to positive cases, leading to an overall F1-score of 0.848 for NORMAL and 0.924 for PNEUMONIA.
InceptionV3 and VGG16 also achieve competitive results, with InceptionV3 yielding an F1-score of 0.818 for
NORMAL and 0.910 for PNEUMONIA, while VGG16 attains 0.794 and 0.900, respectively. ResNet50, however,
lags behind with an Fl-score of 0.599 for NORMAL and 0.808 for PNEUMONIA, suggesting lower overall
effectiveness in classification. These results further validate BCNN’s superior performance, demonstrating its
effectiveness in distinguishing between NORMAL and PNEUMONIA cases with high precision and recall. The
model’s robust performance across multiple evaluation metrics reinforces its potential for reliable deployment in

clinical applications.
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Table 1.  This table shows the precision, recall, and F1-score of the compared models.
BCNN
Precision Recall F1-Score
NORMAL 0.972 0.752 0.848
PNEUMONIA 0.869 0.987 0.924
ResNet50
Precision Recall F1-Score
NORMAL 0.712 0.517 0.599
PNEUMONIA 0.751 0.874 0.808
InceptionV3
Precision Recall F1-Score
NORMAL 0.949 0.718 0.818
PNEUMONIA 0.852 0.977 0.910
VGG16
Precision Recall F1-Score
NORMAL 0.931 0.692 0.794
PNEUMONIA 0.840 0.969 0.900

Table 2 presents the overall model accuracy on the test set, further demonstrating BCNN’s superior
performance. BCNN achieves the highest accuracy at 91.19%, outperforming InceptionV3 (87.98%), VGG16

(86.54%), and ResNet50 (74.04%). These results indicate that BCNN consistently provides the best balance
between sensitivity and specificity, ensuring high reliability in clinical applications. Inference time analysis
revealed that BCNN (0.4604s) was slower than InceptionV3 (0.2120s) and ResNet50 (0.2005s) but still performed

within an acceptable range for real-time medical applications. These findings indicate that while BCNN achieves

superior accuracy, further optimization of computational efficiency may enhance its practicality in clinical

deployment. The combined evaluation of AUC, precision, recall, F1-score, and overall accuracy validates BCNN
as the most effective model for chest X-ray classification. Its robust performance across multiple evaluation

metrics highlights its potential for real-world deployment in medical imaging diagnostics.
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Table 2.  The overall comparison of the model accuracy and inference time on the test set.

Model Accuracy (%) Inference Time (s)
BCNN 91.19 0.4604
VGG16 86.54 0.5897
ResNet50 74.04 0.2005
InceptionV3 87.98 0.2120

Table 3 presents a comparative analysis of Flask Web Inference performance focusing on the average time
required to predict an image. In Chest X-Ray datasets, the models—including BCNN, VGG16, ResNet50, and
InceptionV3—demonstrate varying prediction speeds. The variation in prediction times highlights the importance
of model selection in medical imaging applications, where speed can be crucial for timely diagnostic insights.
Different models show different performance characteristics across datasets, suggesting that no single model
consistently outperforms others across all scenarios, and the choice of model may depend on specific

computational constraints and dataset characteristics.

Table 3. Comparative Performance of Neural Network Models in Flask Web Inference Speed.
The average time of

Datasets Model Flask web Inference (s)
BCNN 0.4604
VGG16 0.2153
Chest X-Ray
ResNet50 0.3895
InceptionV3 0.5229

V. Conclusion

The implementation of Bayesian Convolutional Neural Networks (BCNN) through transfer learning and fine-
tuning demonstrates remarkable effectiveness in medical image classification, achieving the highest accuracy of
91.19% on chest X-ray analysis. The model also outperforms other deep learning architectures, including VGG16
(86.54%), InceptionV3 (87.98%), and ResNet50 (74.04%), as evidenced by its superior AUC (0.98), precision,
recall, and F1-score. These results confirm BCNN’s strong generalization capability and robustness, effectively
distinguishing between NORMAL and PNEUMONIA cases with minimal misclassification. This approach offers
multiple advantages: substantially reduced computational overhead and training time, successful adaptation across
disparate domains, and seamless deployment in a web-based application environment. The model’s robust
performance in both development and deployment phases, coupled with its computational efficiency, establishes
BCNN as a promising framework for medical imaging applications where both accuracy and resource
optimization are crucial. Our findings suggest that this methodology provides a scalable and adaptable foundation
for various medical imaging tasks, particularly valuable in healthcare settings where reliable and efficient
diagnostic tools are essential. Future research could extend this framework to other medical imaging modalities,
explore multi-class disease classification, and integrate interpretability techniques to enhance clinical trust and
usability. These directions will further validate BCNN’s potential for broader clinical applications and real-world

deployment in radiology and automated disease diagnosis.
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