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Abstract

Getting chest X-ray images classified quickly and accurately is vital for spotting
COVID-19, viral pneumonia, and lung opacity, especially in places where medical
resources are tight. In this study, we put together a solid system using the open-
source EfficientNet-B7 model, tweaked on a public dataset with 21,165 X-ray
images covering COVID-19, lung opacity, normal cases, and viral pneumonia. We
used 5-fold cross-validation, data augmentation via Albumentations, and test-time
augmentation with rotations, hitting an average test accuracy of 96.21% and an
ensemble accuracy of 98.22%, plus a macro F1-score of 98.48% for all classes. Grad-
CAM heatmaps help explain what the model focuses on, like opacities, making it
more useful for doctors, while Monte Carlo Dropout gives uncertainty estimates
(standard deviation between 0.0055 and 0.0076) for trustworthy results. We also
pruned and quantized the model to make it work on edge devices. Built in PyTorch,
this open-source solution offers a scalable, interpretable tool for multi-class chest
radiography, with future validation planned on external datasets.
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Chapter 1

Introduction

This chapter provides a comprehensive overview of the background, motivation,
objectives, methodology, anticipated outcomes, and organizational structure of the
research focused on developing an ensemble EfficientNet-B7 model for multi-class chest
X-ray classification. It underscores the critical diagnosis for COVID-19, viral pneumonia,
lung opacity, and normal cases using the COVID-19 Radiography Dataset (21,165
images). By addressing pressing challenges in medical imaging such as class imbalance,
limited interpretability for clinical trust, and deployment on resource-constrained devices
this study introduces innovative deep learning solutions, including Grad-CAM
visualization through pruning and quantization, to enhance diagnostic accuracy and
clinical utility in resource-limited settings like Bangladesh.

1.1 Introduction

The COVID-19 pandemic exposed the critical demand for rapid, accurate diagnostic tools
to differentiate COVID-19 from similar pulmonary conditions like viral pneumonia and
lung opacity, especially in resource-limited settings where access to advanced imaging or
testing is restricted M. I. Daoud et al [1], A. U. Berliana and A. Bustamam [2]. Chest X-
rays are cheap and common, but checking them by hand takes time and can lead to
mistakes because the signs are often subtle radiographic differences M. J. Hasan et al [3].
Deep learning, especially CNNs, has been promising, with accuracies around 94-99% on
public data T. Chakravorti et al [4], S. Bekhet et al [6]. Still, problems like imbalanced
data, unclear model decisions that doctors don't trust, and getting it to work on basic
devices hold it back N. Hilmizen et al [7], Z. Karhan and F. Akal [8]. Our project sets out
to create a strong, explainable, and deployable deep learning setup to sort chest X-rays
into COVID-19, lung opacity, normal, and viral pneumonia, making diagnosis better and
more practical.

1.2 Motivation

Dealing with imbalanced X-ray datasets where viral pneumonia makes up just about 6%
of the 21,165 images is a tough computational puzzle. That's why we turned to advanced
CNNs like EfficientNet-B7, which scales smartly for top performance I. Mporas and P.
Naronglerdrit [9]. Adding explainability with Grad-CAM and uncertainty checks with
Monte Carlo Dropout meets the real-world need for clear, dependable predictions, while
tweaking for edge devices makes it usable where resources are scarce A. M. Fangoh and
S. Selim [10], Z. Lianget et al [11]. Solving this could mean earlier catches of serious
issues, saving lives, and building our skills in medical imaging and deep learning to push
forward automated diagnostics.

©Ddffodil International University 1



1.3 Objectives

Our aims include:

e Building an open-source deep learning model with EfficientNet-B7 for multi-class
chest X-ray sorting, aiming for over 99% accuracy on the COVID-19 Radiography
Dataset.

e Using Grad-CAM to spotlight key features like opacities for better clinical
understanding.

e Adding Monte Carlo Dropout for uncertainty measures (targeting low std like
0.0055—0.0076) to spot tricky cases.

e Streamlining the model with pruning and quantization for edge device use.

e Checking how well it generalizes on an outside dataset like CheXpert.

1.4 Methodology

We built this around the open-source EfficientNet-B7, fine-tuned on a Kaggle dataset of
21,165 images split into four classes, with 5-fold cross-validation for solid checks V. N. M.
Aradhya et al [12]. Augmentation through Albumentations (like CoarseDropout and
rotations) and test-time tweaks improve how well it handles new data, while class weights
fix imbalances A. Jain et al [13]. Trained in PyTorch with weighted Cross-Entropy loss
and Adam optimizer, we got an ensemble accuracy of 98.22% and macro F1l-score of
98.48% I. Mporas and P. Naronglerdrit [9]. Grad-CAM shows decision areas, Monte Carlo
Dropout handles uncertainty, and pruning/quantization preps it for deployment, drawing
from earlier hybrid work E. Khan et al [14].

1.5 Project Outcome

We expect a model with over 99% accuracy that's explainable for classifying COVID-19,
viral pneumonia, lung opacity, and normal X-rays, beating current standards (like 99.1%
A. M. Fangoh and S. Selim [10). Grad-CAM maps give doctors visual clues, and low
uncertainty (std 0.0055 to 0.0076) highlights cases for double-checking. The optimized
version should run on edge devices, making it handy in clinics. Trying out our model on
new, external datasets will show how robust it really is, potentially helping catch diseases
early and boosting responses during health crises.

1.6 Organization of the Report

Chapter 1 lays the foundation, painting a clear picture of the study’s background, what
drove us to take it on, our objectives, the approach we followed, what we hope to
accomplish, and how the report is organized. Chapter 2 dives deep into the background,
sifting through prior work on deep learning for chest X-rays, checking out similar projects,
spotting gaps in the research, and pulling out the most important takeaways. Chapter 3
walks you through our approach, detailing the requirements, system design, what the
system needs to do (and how it should perform), data flows, rough UI sketches, step by
step plans, project timeline, task breakdowns, and a quick summary. Chapter 4 takes you
through the hands-on work setting everything up, running tests, measuring performance,
comparing models, sharing results, discussing what we found, and wrapping it up.
Chapter 5 gets into the nitty-gritty of engineering standards, ensuring we meet software,
hardware, and communication rules, while also exploring how our work impacts society
and the environment, addressing ethical concerns, planning for sustainability, managing

©Ddffodil International University 2



the project, budgeting, tackling complex engineering challenges, and summarizing it all.
Chapter 6 brings it all together, reflecting on what we accomplished, pointing out
limitations, and suggesting where to go next. References are included at the end,
formatted in IEEE style.

©Ddffodil International University 3



Chapter 2

Background

This chapter provides the foundational knowledge and context for multi-class chest X-ray
classification, reviewing existing literature, analyzing similar applications, identifying
research gaps, and summarizing key insights. It establishes the significance of deep
learning in diagnosing COVID-19, viral pneumonia, lung opacity, and normal cases,
setting the stage for the proposed framework.

2.1 Introduction

The COVID-19 crisis underlined how important chest X-rays are for diagnosing lung
issues they're affordable and everywhere M. I. Daoudet al [1], A. U. Berliana and A.
Bustamam [2]. Deep learning, like CNNs, has changed medical imaging by automating
checks with 94% to 99% accuracy on public sets M. J. Hasan et al [3], S. D. Deb and R. K.
Jha [5]. But hurdles such as uneven classes, hard-to-understand results, and edge device
limits call for better systems that mix precision, doctor trust, and real-world use S. Bekhet
et al [6], N. Hilmizen et al [7]. We review key papers, explore related tools, and highlight
gaps to frame our EfficientNet-B7 approach.

2.2 Literature Review

Here are some of existing research on deep learning for chest X-ray classification, focusing
on methodologies, performance, and limitations. Table 2.1 sums up 10 important ones
from our references, noting what they added to detecting COVID-19 and similar lung
problems.

Table 2.1° Summary of Literature Reviewed.

Author (s) Yea | Title Methodology Key Findings
r

Mohamad I. 2021 |[COVID-19 Transfer learning |Achieved high

Daoud et al.[1] Diagnosis in Chest with ResNet on X- |accuracy (96%) for
X-ray Images by ray/CT datasets. COVID-19
Combining Pre- detection, but
trained CNN lacked
Models with Flat interpretability
and Hierarchical tools.
Classification
IApproaches.

lAnnisa Utama 2021 Implementation of DarkCovidNet Reported 97%

Berliana et al. [2] Stacking Ensemble (custom CNN) with laccuracy, effective
Learning for augmentation. for binary

Classification of
COVID-19 using
Image Dataset CT
Scan and Lung X-

Ray.

classification, less
robust for multi-
class.
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Md Jahid Hasan|
et al. [3]

2021

Deep Learning
based Detection

and Segmentation
of COVID-19 &

DenseNet with
transfer learning
and augmentation.

Achieved 96%
accuracy, strong
feature
extraction, but no

Pneumonia on uncertainty

Chest X-ray Image. quantification.
Tatiana 2021 Detection and ResNet50 with 5-  |Obtained 95%
Chakrav-orti et Classification of fold CV. accuracy,

al. [4]

COVID 19 using
Convolutional

Neural Network

effective for
multi-class,

from Chest X-ray hml‘ted by I?Ck
" of visualizations.
mages.
Sagar Deep Deb | 2021 |[COVID-19 EfficientNet Reached 85%
, Rajib Kumar detection from variants with accuracy,
Jha. [5] chgst X-Ray images  |ensemble. efficient scaling,
using ensemble of but no
CNN models. deployment
optimization.
Saddam Bekhet | 2020 |An Artificial VGG16 with Achieved 95%
et al. [6] Intelligence Based transfer learning. |accuracy,
Technique for computationally
COVID-19 heavy, no
Diagnosis from interpretability
Chest X-Ray.
Naufal 2020 {The Multimodal MobileNet with Reported 94%
Hilmizen Deep Learning for transfer learning. |accuracy,
Diagnosing lightweight but
et al. [7] COVID-19 lower
Pneumonia from performance.
Chest CT-Scan and
X-Ray Images.
Zehra Karhan 2020 |Covid-19 InceptionV3 with | Achieved 96%
and Fuat Classification augmentation. accuracy, robust
Akal.[8] Using Deep but no clinical
Learning in Chest interpretability.
X-Ray Images.
©Daffodil International University 5




learning approach
for COVID-19
detection and
exploring a sense of
belonging with

Diabetes.

Tosif Mporas 2020 |COVID-19 VGG19 and Obtained 95%
et al. [9] Identification from ResNet50 hybrid. | accuracy, hybrid
Chest X-Rays. approach
promising, no
uncertainty
analysis
Ijaz Ahmad 2023 CIDICXR-Net50 | Achieved 99.15%
et al. [10] A deep transfer accuracy on X-ray

dataset
Generalizability,
limited dataset
diversity, no
XAl/explain
ability, lack of
deployment data.

Enas M. F. El Houby
Etal. [15]

2024

COVID-19
Detection from
Chest X-ray Images

Using Transfer

Learning.

VGG19, EfficientN
etBO

achieved accuracy
95.5%

2.1 Gap Analysis

Previous studies on sorting chest X-rays into COVID-19, viral pneumonia, lung opacity,
and normal cases often come up short. By looking closely at key aspects of those works,
we show where they miss the mark and explain how our EfficientNet-B7 framework steps
up with better accuracy, clearer explanations, reliable uncertainty measures, and smarter
deployment options. Table 2.2 Gap Analysis of Chest X-ray Classification Systems shown

bellow.
Table 2.2: Gap Analysis of Chest X-ray Classification Systems
Features COVID- [CheXNetDeepCOVID-Xception [ResNet- Proposed
Net [2] [4] XR [5] (8] DenseNet [system
[9]

Grad-CAM No No No No No Yes
interpretability
Uncertainty No No No No No 'Yes
quantification
Data augmentation [Yes Yes Yes Yes Yes 'Yes
(e.g., Albumentations)

©Ddffodil International University 6




Test-time No No No No No 'Yes
augmentation (TTA)

Class imbalance No Yes Yes No Yes 'Yes
handling (weights)

Open-source Yes Yes Yes Yes No 'Yes
implementation

External dataset No Yes No No No Planned
validation

Edge device No No No No No Yes
deployment

Ensemble learning  [No No Yes No No Yes
Multi-class No Yes Yes No Yes No
classification

The research on robust multi-class classification is limited, with only a few studies, such
as those by T. Chakravorti and colleagues [4], S. D. Deb and R. K. Jha [5], and I. Mporas
and P. Naronglerdrit [9], exploring four-class problems. However, these studies don’t use
ensemble methods, which are known to improve performance. None of the studies we
reviewed used Grad-CAM to make their models easier to understand or Monte Carlo
Dropout to gauge uncertainty (with standard deviations between 0.0055 and 0.0076).
There’s also a noticeable lack of effort to run these models on edge devices, as pointed out
in research by S. Bekhet and team [6] and N. Hilmizen and team [7]. Our framework takes
these challenges head-on, hitting a strong 98.22% accuracy with ensemble techniques.
We've added Grad-CAM to shine a light on what the model’s focusing on, included
uncertainty estimates to flag tricky predictions, and optimized it for edge devices using
open-source PyTorch. This approach directly tackles the weaknesses seen in earlier work,
like those by M. I. Daoud and colleagues [1] and M. J. Hasan and colleagues [3], making
our solution more practical and reliable.

2.2 Summary

From the studies, one can observe that deep learning really excels at classifying chest X-
rays, achieving astonishing accuracies up to 99% due to strong models suchBut there are
some big limitations. For this our model comes in by combining the power of EfficientNet-
B7 and ensemble models with Grad-CAM for easy-to-interpret visuals, and uncertainty
tracking to tackle these directly. Developed based on the COVID-19 Radiography Dataset
(21,165 images), our framework deals with four important classes COVID-19, viral
pneumonia, lung opacity, and normal and achieves an ensemble accuracy of 98.22% and
a macro F1-score of 0.9848 under 5-fold cross-validation. We further enable it to quantify
uncertainty using Monte Carlo Dropout (std 0.0055 to 0.0076), which can provide doctors
with a trustworthy means to identify ambiguous cases, and prune and quantize the model
with the size reduced by approximately 50% for edge deployment in resource-constrained
areas such as the clinics. This open-source system, driven by PyTorch and
Albumentations, outperforms existing baseline models, such as ResNet50 (94.83%) and
VGG16 (96.41%), and does so while providing an immediate and practical user-friendly
tool for making chest X-ray diagnosis more readily available and dependable to
practitioners than ever before.

©Ddffodil International University 7



Chapter 3
Research Methodology

This chapter outlines the research methodology for developing a high-accuracy,
interpretable deep learning framework for multi-class chest X-ray classification, covering
requirement analysis, proposed methodology, detailed design, project plan, task
allocation, and a summary. It details the use of EfficientNet-B7, 5-fold cross-validation,
Grad-CAM, and uncertainty quantification to achieve robust performance on the COVID-
19 Radiography Dataset.

3.1 Methodology

This chapter walks through how we tackled creating a highly accurate and
understandable deep learning system for sorting chest X-rays into multiple categories. It
covers requirement checks, proposed methods, design details, project timeline, task splits,
and a recap. We detail EfficientNet-B7, 5-fold cross-validation, Grad-CAM, and
uncertainty to deliver strong results on the COVID-19 Radiography Dataset.

3.1.1 Overview

Here's the big picture of our research method, key steps, and goals for a tough,
expandable, explainable deep learning tool for sorting chest X-rays. We used the open-
source EfficientNet-B7 (63.8 million parameters), tuned on Kaggle's COVID-19
Radiography Dataset (21,165 images) to sort four classes COVID-19, viral pneumonia,
lung opacity, normal reaching 98.22% ensemble accuracy and 0.9848 macro F1-score.
With 5-fold cross-validation (13,545 train, 3,387 valid, 4,233 test per fold) and class
weights [1.4633, 0.8801, 0.5192, 3.9340] to balance things, we boosted generalization via
Albumentations augmentation (CoarseDropout with 8x322 holes, £10° rotations) and test-
time augmentation. Grad-CAM spots features like opacities for doctor trust, Monte Carlo
Dropout (30 passes, std 0.0055 to 0.0076) flags unsure cases. L1 pruning (30% sparsity)
and INT8 quantization cut size by 50% for edge devices in low-resource spots like
Bangladesh. Drawing from past deep learning this uses open tools (PyTorch,
Albumentations) for easy replication and growth, advancing auto-diagnostics for health
challenges.

©Ddffodil International University 8



3.1.2 Proposed Methodology

P‘H Normalize
—o[eieniny » e Initialize

ez ‘
- Image & Details
ir F 1 2wz = EfficenNet 87
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L | [rma) s gy
__‘ | >;>:1 |
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welghts [ Folds Model per fold
 Prepossesing |  Model Training |

Figure 3.1: EfficientNet-B7 Multi-Class Classification methodology diagram.

3.2 Detailed Methodology and Design

We started with the pretrained EfficientNet-B7, which has 63.8 million parameters and
uses compound scaling to balance depth, width, and resolution for efficiency T.
Chakravorti et al [4]. It relies on mobile inverted bottleneck convolutions (MBConv) with
squeeze-and-excitation, swish activations, and drop connect to pull out features from
images, catching subtle X-ray patterns like opacities.

The full workflow: (1) Preprocess To begin, we resize all 21,165 images from the COVID-
19 Radiography Dataset to a sharp 224x224. This gives them a consistent appearance,
and we normalize the colors using mean [0.485, 0.456, 0.406] and standard deviation
[0.229, 0.224, 0.225]. To simulate real world variations and strengthen the model against
anomalies in the data, we then add Albumentations, which include random rotations of
+10° and CoarseDropout with 8 holes (max 32x32 each, probability 0.2). (2) 5-fold CV
splits with class weights; (3) This is where the magic takes place! Using the Adam
optimizer with a learning rate of 1e-4, a weighted Cross-Entropy loss to respect those class
weights, and mixed precision (thanks to torch.amp) to speed up without sacrificing
accuracy, we train EfficientNet-B7 on our H100 GPU. With early stopping (patience=3) to
prevent overtraining, we allowed it to run for up to 50 epochs per fold, giving us validation
accuracies between 0.9622 and 0.9705 a strong base. (4) TTA (£10° rotations) for inference;
(5) Ensemble averages for 98.22% accuracy; (6) To help doctors trust our results, we layer
on Grad-CAM, focusing on the last convolutional layer to highlight decision regions like
those telltale opacities taking just about 0.2 seconds per fold to generate those handy
heatmaps(7) MC Dropout (30 passes) for uncertainty; (8) Finally, we slim down the model
with L1 pruning (cutting 30% sparsity) and int8 quantization, shrinking its size by about
50% so it can run smoothly on edge devices in clinics perfect for places where heavy
hardware isn’t an option S. D. Deb and R. K. Jha [5].

©Ddffodil International University 9



3.3 Project Plan

A simple yet practical, roadmap to our project is depicted in table 3.3, outlining each of
the steps in the process from obtaining the COVID-19 Radiography Dataset, right though
to the delivery of the final polished thesis. What it does instead is track its every phase
from the data collected way back in February 2024, to the preprocessing, model training
with EfficientNet-B7, evaluation with that remarkable 98.22% accuracy, and optimization
for edge devices, to visualize how we've tackled everything progress-wise. The fine-tuning
tasks were also performed on our H100 GPU, including the plotting of Grad-CAM visuals
that was one of my and Abdul's to-do tasks, so it’s this week's team spirit reflection today,
that and the documentation phase which continues as last week and will also continue for
the next, final submission a stone’s throw away in October 2025.

Table 3.3 - Project plan

Phase

What We Did

Time
Taken

Start

Finish

Progress

Handled
By

Data
Collection

Collected the
COVID-19
Radiography
Dataset (21,165
images) and
checked labels.

2 weeks

Feb 01,
2025

Feb 14,
2025

Completed

Abdul
Ahad

Preprocessing

Resize to
224x224,
normalize,
apply
Albumentations
(CoarseDropout,
+£10°); compute
class weights
[1.4633, 0.8801,
0.5192, 3.93401.

3 weeks

Feb 15,
2025

Mar 07,
2025

Completed

Md
Tahmid
Hasan

Model

Training

Fine-tune
EfficientNet-B7
(63.8M params)
with 5-fold CV
(13,545 train,
3,387 val, 4,233
test); use Adam
(Ir=1e-4), mixed
precision, 50
epochs, early
stopping.

10 weeks

Mar 08,
2025

May 16,
2025

Completed

Both
(Tahmid,
Ahad)

Evaluation

Apply TTA
(£10°),
ensemble for
98.22%
accuracy;

generate Grad-
CAM, MC

4 weeks

May 17,
2025

Jun 13,
2025

Completed

Both
(Tahmid,
Ahad)
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Dropout (std
0.0055-0.0076)
Optimization Implement L1 | 2 weeks Jun 14, | Jul 05, Completed | Both
pruning (30% 2025 2025 (Tahmid,
sparsity), INT8 Ahad)
quantization
(50% size
reduction); test
edge
deployment
Documentation | Draft report, 6 weeks Jun 06, | Aug 19, | Completed | Both
& Review integrate 2025 2025 (Tahmid,
results, prepare Ahad)
for pre-defense
Final Finalize thesis, | 2 weeks Aug 20, | Sep 9, In Both
Submission submit to 2025 2025 Progress (Tahmid,
Daffodil Ahad)
International
University

3.4 Task Allocation

This table depicts the timeline of the principal activities in each period of the project,
from week 12 to week 48. Table 3.4 task allocation table for all the task we have done.

Table 3.4 - Task Allocation

Tasks

Weeks

Data
collection
phase

Preprocess
all the

20

22 | 24 | 26

28 | 30

32

34 | 36

38 | 40 | 42

44 | 46 | 48

data

Model
training

Evaluation
and
ensemble,
Grad-CAM

and
uncertainty
analysis,
Model
comparison
and
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analysis
,reporting

3.5 Summary

This section dives into the heart of our research approach, outlining the planning and
fresh ideas behind building a reliable, scalable, and easy to understand deep learning
system. Our work centers on the open-source EfficientNet-B7 model, with its 63.8 million
parameters, fine-tuned on the Kaggle COVID-19 Radiography Dataset of 21,165 images.
We achieved a strong ensemble accuracy of 98.22% and a macro F1-score of 0.9848, sorting
chest X-rays into COVID-19, viral pneumonia, lung opacity, and normal cases with great
precision. We used 5-fold cross-validation, splitting the data into roughly 13,545 training,
3,387 validation, and 4,233 test images per fold, and applied class weights [1.4633, 0.8801,
0.5192, 3.9340] to tackle uneven class distribution. To toughen up our model, we turned
to Albumentations for data augmentation, using tricks like CoarseDropout with 8x322
holes and +10° rotations, along with test-time augmentation to make predictions more
dependable. For doctors, we added Grad-CAM visuals to highlight critical signs like
ground-glass opacities, helping build confidence in what the model is picking up. Monte
Carlo Dropout, with 30 forward passes and a standard deviation of 0.0055 to 0.0076, helps
flag uncertain cases, making diagnoses more dependable. We also trimmed the model with
L1 pruning (30% sparsity) and INTS8 quantization, cutting its size by about 50% so it can
run on low-resource edge devices in places like Bangladesh, helping make healthcare more
accessible. Our carefully laid-out project plan, with clear tasks, timelines, and strict
requirements, kept everything on track. By building with open-source tools like PyTorch
and Albumentations, we’ve made it easy for others to recreate and expand on our work,
positioning this framework as a real game-changer for automated diagnostics in global
health.
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Chapter 4

Implementation and Results

This chapter details the implementation, testing, evaluation, and comparative analysis of
the EfficientNet-B7-based framework for multi-class chest X-ray classification,
presenting results, visualizations, and a discussion of findings. It covers the environment
setup, performance metrics, comparisons with other models, and implications for clinical
and computational applications.

4.1 Environment Setup

We carried out our research using PyTorch 2.5.1 and CUDA 12.4 on a robust NVIDIA
H100 GPU, which has 80 GiB of VRAM (about 13.6 GB used and 26.9 GB cached). It was
backed by 28 vCores and a hefty 350 GiB of RAM, giving us the power needed for smooth
processing. We worked with the open-source Kaggle COVID-19 Radiography Dataset,
containing 21,165 images split into 3,616 COVID-19, 6,012 Lung Opacity, 10,192 Normal,
and 1,345 Viral Pneumonia cases, loaded in just under 27 seconds. For boosting our data,
we tapped into Albumentations, using tricks like CoarseDropout and +10° rotations, and
sorted out any parameter hiccups as we went. Python libraries like torchvision, scikit-
learn, and matplotlib kept things simple for training, evaluating, and showing off our
results, making it a breeze for others to follow our steps.

4.2 Comparative Analysis

The EfficientNet-B7 model (63.8M parameters) was trained using 5-fold cross-validation
(CV) on the dataset, split into 13,545 training, 3,387 validation, and 4,233 test images per
fold. Training used Adam optimizer (Ir=1e-4), weighted Cross-Entropy loss with class
weights ([1.4633, 0.8801, 0.5192, 3.9340]), mixed precision (torch.amp), and early stopping
(patience=3) for up to 50 epochs per fold (45.26 to 109.49 min) M. I. Daoud et al [1]. Test-
time augmentation (TTA, +10° rotations) enhanced inference robustness. Monte Carlo
Dropout (30 forward passes) quantified uncertainty (std 0.0055 to 0.0076), and Grad-CAM
generated heatmaps (0.2s/fold) for interpretability M. J. Hasan et al [3], T. Chakravorti
et al [4]. Pruning (30% sparsity) and quantization (int8) optimized the model for edge
devices S. D. Deb and R. K. Jha [5]. Performance metrics include per-fold test accuracies
(0.9568 to 0.9657), macro F1-scores (0.9619 to 0.9712), and ensemble accuracy of 98.22%
with a macro Fl-score of 98.48%. Comparative analysis with other models (from
model_comparison.csv) is shown in Table 4.1. EfficientNet-B7 outperforms all models in
ensemble accuracy and macro F1, surpassing state-of-the-art benchmarks (e.g., 98 to 99%
N. Hilmizen et al [7], 98.71% Z. Karhan and F. Akal [8]). Uncertainty analysis shows low
std (0.0055 to 0.0076), indicating high confidence, particularly for COVID-19 (F1 0.99 to
1.00) and Viral Pneumonia (F1 0.96 to 0.98) M. J. Hasan et al [3].
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Table 4.1 Comparative Analysis of Models

Model | Parameters Test F1-Score (Avg) Training
(M) Accuracy Time(min)
EfficientN 4.0 0.9591 0.9588(Weighted) 5.8
et-BO [6]
VGG16 [6] 134.3 0.9641 0.9640(Weighted) 10.1
ResNet50 [6] 23.5 0.9483 0.9483(Weighted) 6.4
DenseNet 7.0 0.9584 0.9582(Weighted) 9.6
121[6]
EfficientN 63.8 0.9621(Avg) 0.9663(Macro -  |66.64(avg per fold)
et-B7 0.9822 Avg)0.9848(Ensembl
(Proposed) (Ensemble) e macro)

4.3 Results and Discussion

The EfficientNet-B7 model achieved robust performance across 5 folds, with test
accuracies of 0.9568 to 0.9657 and macro F1-scores of 0.9619 to 0.9712, culminating in an
ensemble accuracy of 98.22% and macro F1 of 0.9848%. Per-class performance (Fold 2
example) shows strong results: COVID-19 (F1 1.00), Viral Pneumonia (F1 0.98), Normal
(F1 0.97), and Lung Opacity (F1 0.95), though Lung Opacity’s lower recall (0.93) indicates
occasional confusion with Normal, as illustrated in Figure 4.3 (Average Confusion Matrix
Across Folds) where off-diagonal elements highlight misclassifications between Lung
Opacity and Normal (357 cases). Compared to literature, the ensemble outperforms most
benchmarks (e.g., 96.42%, 98 to 99% N.), 98.71% and approaches the author’s prior hybrid
result (99.31%). Grad-CAM heatmaps effectively highlight diagnostic features like
ground-glass opacities, enhancing clinical trust The model's uncertainty, with a standard
deviation between 0.0055 and 0.0076, helps pinpoint tricky cases for doctors to double-
check. The precision-recall (PR) and receiver operating characteristic (ROC) curves back
up how well the model performs, showing strong area under the curve (AUC) scores across
all classes. As seen in Figure 4.4 (Average PR Curve Across Folds), COVID-19 and Viral
Pneumonia hit a perfect average precision of 1.00. Figure 4.5 (Average ROC Curve Across
Folds) shows AUC values of 1.00 for both got both COVID-19 and Viral Pneumonia, with
Lung Opacity at 0.97 and Normal at 0.98, proving solid performance even with uneven
class sizes. By optimizing the model, we cut its size by about 50%, making it practical for
edge devices. On the downside, training took a while up to 109.49 minutes per fold and
we haven’t yet tested it on external datasets like CheXpert, though that's planned. The
open-source setup using PyTorch and Albumentations makes it easy to replicate and scale
up. Our project Predicted sample X-ray Image on figure 4.1 and also show a Grad-CAM on
figure 4.2.
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Predicted: COVID Grad-CAM: COVID (Fold 5)

Figure 4.1: Predicted sample X-ray Image. Figure 4.2: Grad-CAM.
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Figure 4.3: Average Confusion Matrix Across Folds.
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Average PR Curve Across Folds
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Figure 4.4: Average PR Curve Across Folds.

4.4 Summary

This section wraps up the key outcomes and contributions of our project. We developed
the EfficientNet-B7 framework using open-source PyTorch, hitting a strong ensemble
accuracy of 98.22% and a macro Fl-score of 0.9848 for sorting chest X-rays into
COVID-19, viral pneumonia, lung opacity, and normal cases across 21,165 images
from the Kaggle COVID-19 Radiography Dataset. By using 5-fold cross-validation,
beefy data augmentation with Albumentations (think CoarseDropout and +10°
rotations), and test-time augmentation, our model delivers steady, trustworthy
results. Grad-CAM visuals highlight crucial diagnostic clues like ground-glass
opacities, making it easier for doctors to trust what they see, while Monte Carlo
Dropout (with 30 passes and a standard deviation of 0.0055 to 0.0076) helps flag
uncertain cases to support better decision-making. By using L1 pruning (30%
sparsity) and INT8 quantization, we slashed the model size by roughly 50%, making
it practical for edge devices in resource-limited clinics, like those in Bangladesh.
These upgrades put our model ahead of baselines like ResNet50 (94.83%) and VGG 16
(96.41%), addressing shortcomings in clarity, scalability, and practical use to make
healthcare diagnostics more equitable.
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Chapter 5

Engineering Standards and
Design Challenges

This chapter explores the engineering standards relevant to the research, assesses
societal and environmental impacts, analyzes project management and costs, maps
complex engineering problems and activities, and summarizes key insights. It emphasizes
how the EfficientNet-B7 framework for multi-class chest X-ray classification complies
with standards while addressing design challenges for clinical deployment.

5.1 Compliance with the Standards

This part dives into the software, hardware, and communication standards that matter
for our project, looking at other options, their pros and cons, and why we went with our
picks. We focus only on standards directly tied to our deep learning framework for chest
X-ray classification.

5.1.1 Software Standards

Our project follows the IEEE Std 1012-2016 standard for software verification and
validation, ensuring our model's accuracy and reliability through rigorous 5-fold cross-
validation and testing. We looked at alternatives like ISO/IEC 12207 but decided against
it since it covers the entire software lifecycle, which is too broad for our Al-focused
research (pros: thorough process; cons: not specific enough for AI) We went with IEEE Std
1012 since it focuses on validating computational systems, providing a straightforward
way to ensure our EfficientNet-B7 model’s solid 98.22% ensemble accuracy and the
trustworthiness of Grad-CAM visuals.

5.1.2 Hardware Standards

Our project sticks to IEEE Std 1633-2016 for reliability prediction, applied to our NVIDIA
H100 GPU setup (80 GiB VRAM) to keep training smooth and steady. We looked at
options like IEC 62304 for medical device software, but it didn’t quite work since it’s more
about software than hardware (pros: focused on medical applications; cons: not suited for
hardware needs). We chose IEEE Std 1633 for its strong reliability measures, which
helped us keep PyTorch code running without hiccups and fixed out-of-memory problems
from the latest report by tweaking batch sizes.

5.1.3 Communication Standards

For handling communication, we went with IEEE 802.11 to manage wireless data
transfers for edge deployment in clinical settings. We considered Bluetooth IEEE 802.15)
as another option, but its short range made it a poor fit for hospital networks, even though
it’s energy-efficient (pros: saves power; cons: limited reach). We picked IEEE 802.11
because it handles data quickly, ensuring X-ray images and model predictions move
smoothly and efficiently in hospital environments.
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5.2 Impact on Society, Environment and Sustainability

This section dives into how our multi-class X-ray classification framework impacts society,
the environment, and its potential for long-term sustainability. It looks at how it improves
people’s lives, its effects on communities and the planet, the ethical side of things, and our
plan to keep the project thriving moving forward.

5.2.1 Impact on Life

Our framework speeds up the diagnosis of COVID-19, viral pneumonia, and lung
opacity, which can be a lifesaver in areas where medical resources are scarce T.
Chakravorti et al [4]. With an impressive 98.22% accuracy, it helps doctors act
quickly, catching serious conditions early and boosting patients’ chances of
recovery.

5.2.2 Impact on Society & Environment

On the societal front, our open-source model makes healthcare more accessible by offering
a low-cost way to analyze X-rays, especially for underserved communities.
Environmentally, training on efficient NVIDIA H100 GPUs keeps energy use lower than
bulkier models, and our pruning techniques further cut down the computational load,
reducing the environmental footprint.

5.2.3 Ethical Aspects

For society, our open-source model opens doors to better healthcare by providing an
affordable way to analyze X-rays, especially for communities that often get left behind.
On the environmental side, training on efficient NVIDIA H100 GPUs uses less energy
compared to heavier models, and our pruning techniques trim down the computational
load even more, helping to lighten the environmental impact.

5.2.4 Sustainability Plan

To keep the project sustainable, we're releasing it open-source on GitHub, inviting others
to contribute and improve it. Regular updates to PyTorch will ensure efficiency, and
optimizing for edge devices cuts energy use I. Mporas and P. Naronglerdrit [9]. Looking
ahead, we plan to validate the model on diverse datasets to make it more widely
applicable.

5.3 Project Management and Financial Analysis

This section breaks down how we managed the project and its costs, including our budget
and other options we considered. We used an agile approach, holding weekly meetings
and tracking tasks with Trello over 48 weeks. The budget came to $2,500, covering $1,500
for NVIDIA H100 GPU access through the cloud and $1,000 for software licenses.
Potential revenue could come from clinical partnerships or open-source grants. As an
alternative, we looked at a $1,000 budget using free Colab GPUs, which would save money
but limit compute time (pros: cheaper; cons: less reliable). We stuck with the original plan
for consistent performance. Here the table 5.1 shows the project management and
financial Analysis.
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Table 6.1 Project Management And Financial Analysis

Category Description Details / Cost
Project Methodology Agile approach with weekly meetings
Management .
Tools Trello for task tracking
Duration 48 weeks
Budget (Selected) | GPU Access NVIDIA H100 (cloud-based) — $1,500
Software Licenses Proprietary tools — $1,000
Wi-fi $1,000
Total $3500
Alternative Free Colab GPUs, Alternative and Open
Kaggle GPUs

5.4 Complex Engineering Problem

Maps the research to complex engineering problems (EP), knowledge profiles, and
engineering activities (EA), with rationale for each.

5.4.1 Complex Problem Solving

For each mapping add subsections to put rationale Use Table 5.2. For P1, you
need to put another mapping with Knowledge profile and rational thereof.

Table 5.2: Mapping with Complex Engineering Problem.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth | Familiari| Extent Extent | Interdepende
Knowled of of ty of of Of Stake- nce
ge Conflicting | Analys Issues | Applica holder
Requireme 1s ble Involveme
nts Codes nt
v v v

EP1: Dept of knowledge driving into this project felt like a deep dive into
a treasure trove of knowledge. Working with the department of computer
Science Engineering at Daffodil International University, I got to
expertise in deep learning especially with EfficientNet-B7 while exploring
medical imaging to tackle chest X-ray classification.
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EP3: Depth of Analysis is analyzing the performance of our model across
5-fold cross-validation, dissecting Grad-CAM heatmaps for interpretability
and calculate uncertainty stats (std 0.0055 to 0.0076) gave me a solid grasp
of how our 98.22% ensemble accuracy holds up.

EP7: Interdependence this project has been a true team effort.
Collaborating closely with my partner Abdul Ahad and bouncing ideas off our
supervisors, Dr. Sheak Rashed Haider Noori and Mr. Showmick Guha Paul, made all the
difference.

Mapping with Knowledge Profile

This section is designed to map the overall problem and EP1 (multiple between
K3, K4, K5, K6, K8 for attaining EP1) to the Knowledge Profile. For this using table
5.3 mapping with knowledge profile.

Table 6.3° Mapping with knowledge Profile.
K1 K2 K3 K4 K5 K6 K7 K8

Natu Engineeri Sp.e(:1a1 Enginee | Enginee Resear

ral | Mathem ng ist i i Comprehe ch
Scien atics Fundame | Knowle 8 g nsion Literat
Design | Practice
ce ntals dge ure

V| Vv v v

K1: Natural Science Working my way through this project renewed my enthusiasm for
the natural sciences! It was those types of facts about the biology of chest X-rays such as
how COVID-19 affects the lung tissue that really helped me connect the dots when we
were designing our model to classify them.

K2: Mathematics Enter math my faithful friend here! From class weights [1.4633, 0.8801,
0.5192, 3.9340] to loss function optimizations with weighted Cross-Entropy, it was down
to number crunching to improve our 98.22% accuracy.

K5: Engineering Design I was creative in the designing dept.! Designing the workflow
using Grad-CAM and pruning to deploy on the edge was playing a jigsaw to make our
model smart as well as practical.

K8: Research Literature Reading those research papers was fun! Reading papers that
introduced deep learning CNN with accuracies as high as 99%, encouraged me to fill a
niche with our own methodology for chest X-ray classification.

5.4.2 Engineering Activities

Here provides a mapping with engineering activities. For each mapping add
subsections to put rationale Use Table 5.4.
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Mapping with Complex Engineering Activities

Designed to map the overall problem and EA’s (multiple).

Table 5.4° Mapping with Complex Engineering Activities.

EA1 EA2 EA3 EA4 EA5
Range of re- | Level of Innovation Consequences | Familiarity
sources Interaction for society

and

environment

v v v

EA2: Level of Interaction this was all about teamwork. It really picked up after that we
collaborated with Abdul Ahad, we bounced things off our supervisors Dr. Noori and Mr.
Paul, discussing Grad-CAM visuals with peers and the like and it was really the case of
our project getting wings.

EA3: Innovation including Monte Carlo Dropout for uncertainties (std 0.0055 to 0.0076)
and pruning to grow model by 50% for edge devices was an exciting way to innovate and
improve our 98.22% down further.

EA4: Implications for society and the environment this work hits close to home! Making
it faster and more accessible to diagnose chest X-rays in places like Bangladesh, we're also
looking to make it energy-efficient to keep our environmental footprint down, and to
ensure that you can keep concentrating on saving lives, instead of waiting for equipment
to warm up.

5.5 Summary

This chapter ties together the key engineering standards, societal impacts, and project
management aspects of our EfficientNet-B7 framework for chest X-ray classification,
showing how it tackles real-world challenges. We stuck to IEEE standards, like 1012 to
2016 for software validation and 1633 to 2016 for hardware reliability, to ensure our
model’s strong 98.22% accuracy and smooth performance on the NVIDIA H100 GPU. For
communication, we chose IEEE 802.11 to handle quick data transfers for edge deployment
in hospitals. On the societal side, our open-source model makes X-ray analysis budget-
friendly, especially for underserved communities. Environmentally, efficient training on
the H100 and our pruning techniques keep energy use down, reducing the project’s
footprint. Ethically, we focused on being transparent with Grad-CAM visuals and
uncertainty checks (standard deviation 0.0055 to 0.0076) while using anonymized data to
steer clear of privacy concerns. Our sustainability plan includes GitHub sharing, PyTorch
updates, and future dataset validation for lasting impact. The project ran smoothly over
48 weeks using an agile approach with Trello, sticking to a $2,500 budget for GPUs and
licenses. By mapping to complex engineering problems like balancing accuracy with
interpretability and activities like team collaboration and innovation, this work addresses
practical needs in healthcare diagnostics, paving the way for accessible, trustworthy, and
eco-friendly solutions.
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Chapter 6

Conclusion

This chapter summarizes the research outcomes, discusses limitations, and suggests
future directions for the multi-class chest X-ray classification framework. It reflects on
the achievements in high-accuracy diagnosis and interpretability, paving the way for
further advancements.

6.1 Summary

Our framework, centered on the EfficientNet-B7 model with 5-fold cross-validation and
ensemble learning, delivered a strong 98.22% accuracy and a macro F1-score of 0.9848 for
classifying COVID-19, lung opacity, normal, and viral pneumonia cases across 21,165 X-
ray images. Beyond the numbers, we added Grad-CAM visualizations to highlight
diagnostic signs like ground-glass opacities, making it easier for doctors to trust the
results. Monte Carlo Dropout gave us uncertainty estimates (standard deviation 0.0055
to 0.0076), offering a dependable way to flag tricky cases. By using pruning and
quantization, we cut the model’s size by about 50%, so it can run on edge devices in places
with limited resources. This open-source tool, developed with PyTorch and
Albumentations, outperformed baselines like EfficientNet-BO (95.91%) and VGG16
(96.41%) and tackled gaps in explainability, uncertainty, and practical use noted in earlier
studies. Using the public Kaggle COVID-19 Radiography Dataset and sharing it openly
on GitHub, our work pushes forward automated diagnostics, providing a scalable solution
for early detection that supports global health efforts during pandemics and beyond.

6.2 Limitation

Our framework depends on just one dataset, which might not fully capture the diversity
of different populations, potentially limiting how well it works in varied settings. The
lengthy training times, reaching up to 109.49 minutes per fold, can slow down quick
prototyping efforts. For uncertainty estimates, we used Monte Carlo Dropout, but more
advanced Bayesian approaches could give sharper results. Also, while we've tested edge
deployment, these tests are still early-stage and haven’t been fully vetted in real-world
clinic settings.

6.3 Future Work

Future efforts will include external validation on datasets like CheXpert to enhance
robustness, integration of advanced attention mechanisms for EffDenseAttNet hybrids,
and real-time mobile app development for clinical use E. M. F. El Houby [15]. Exploring
federated learning for privacy-preserving training and expanding to CT scans could
further broaden applicability S. Wang et al [16].
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