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ABSTRACT 

  
The COVID-19 outbreak made it evident how crucial it is to have diagnostic tests that are 

both accurate , quick and cheap.  RT-PCR is the usual test that many people use, however 

it often takes a long time to get results and can sometimes give false negatives .  These 

limitations prompted us to investigate the potential of deep learning as a more expedient 

and efficient method for detecting COVID-19 directly from chest X-ray (CXR) pictures. In 

this study, we created a balanced dataset of 3,100 X-ray images—1,575 confirmed COVID-

19 cases and 1,525 normal cases.  Some of the photographs were from Shahjalal Medical 

Hospital, and some came from open-access archives.  We did certain preprocessing 

measures before training, such scaling, normalizing, and adding more data, to make the 

images more homogeneous and help the models generalize better.We examined both a 

lightweight proprietary Convolutional Neural Network (CNN) and five well-known pre-

trained architectures: VGG16, ResNet50, DenseNet121, InceptionV3, and Xception to see 

how well they worked.  All of the tests were done on Google Colab, which has GPU support.  

We used common assessment measures like accuracy, precision, recall, F1-score, and ROC-

AUC, and we used categorical cross-entropy as the loss function and Adam as the 

optimizer.The results were very surprising.  VGG16 had the best accuracy at 97% and the 

same great F1-score.  Our bespoke CNN, which is significantly simpler, nevertheless got 

92%, which makes it useful in real-world settings like hospitals with limited resources and 

few computers.  Once again, our results show that transfer learning can greatly increase 

the accuracy of medical image classification. The results also demonstrate that smaller, 

lighter models can be useful when speed and efficiency are important .In general, this 

experiment shows that deep learning has a lot of potential for helping doctors diagnose 

COVID-19 faster.  More importantly, it makes it possible to use similar methods on other 

respiratory ailments in the future, where early and correct diagnosis can make a big 

difference.
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Chapter 1 
 

Introduction 

 
This chapter starts by explaining the background that led to the study, then it talks 

about the primary challenges that led to it, and finally it discusses why the proposed 

response is significant. The goal is to provide the reader a clear picture before moving 

on to the methods and results. 

 

1.1 Introduction 
When COVID-19 first showed up in late 2019, it caused a health disaster around the 

world that few people could have seen coming. Hospitals quickly became too busy, 

and one of the most critical things they required was a way to quickly and accurately 

identify patients. Every delay or, worse, mistaken diagnosis had a direct impact on 

how long patients lived and how successfully the infection could be treated. RT-PCR 

quickly became the standard test, however it didn't take long for its weaknesses to 

surface. The method took a long time, cost a lot of money, and wasn't always right, 

with reports of false negatives [21], [23]. 

 

These challenges showed that other options were needed—ones that were faster, cheaper, 

and yet worked. It was evident that chest X-ray (CXR) imaging was the best option. X-

rays are cheap, easy to get, and are already a common part of medical care. But the hard 

part was figuring out what it meant. Radiologists who have been trained are needed to 

read CXRs, but during the outbreak, there weren't enough of them to meet the massive 

demand. This gap allowed AI and deep learning to step in and offer automated solutions 

that could quickly and accurately make diagnosis. 

 

Our research investigates the utilization of Convolutional Neural Networks (CNNs) and 

transfer learning to develop a reliable technique for detecting COVID-19 from chest X-

rays. We produced a balanced collection of 3,100 photographs, comprising 1,575 positive 

cases and 1,525 normal cases. Shahjalal Medical Hospital and open-access archives gave 

us these pictures. The studies compared a custom lightweight CNN to five well-known 

pre-trained models: ResNet50, DenseNet121, InceptionV3, and Xception. The goal of this 

study is extremely practical: there isn't enough quick, reliable, and easy-to-find diagnostic 

help in real-life clinical settings. 

 

The results show that a lightweight CNN can be 92% accurate and that transfer learning 

with VGG16 can be 97% accurate. These results demonstrate that AI-based solutions are 

not merely theoretical constructs; they may effectively assist with RT-PCR, particularly 

in hospitals with constrained resources. The study's ultimate objective is to reconcile 

advanced AI methodologies with their practical use in healthcare, anticipating a future 

where swift, AI-augmented diagnosis is a fundamental component of medical practice. 

 

1.2 Motivation 
The difficulties we observed during the COVID-19 outbreak inspired this 

investigation. At that time, most patients were evaluated by RT-PCR.   It was the 

standard way to do things, but in real life, it caused a lot of complications.   The tests 

were costly, took a long time to acquire results, and sometimes didn't even identify 
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any positive cases.   These issues often made therapy take longer and made it more 

probable that the disease would spread.   This motivated us want to create a faster, 

cheaper, and more reliable way to diagnosis. 

 

It seems like chest X-ray imaging would be a decent choice.Most hospitals already have 

X-ray machines, and they don't cost much to use.They also provide you results 

immediately away.The problem is that competent radiologists aren't always available to 

look at X-ray pictures correctly, such when there are a lot of people in a rural clinic or 

during a health emergency.Because of this limitation, we looked at how deep learning 

could speed up the detection process and make it less dependent on human interpretation. 

 

Another reason we are driven is that deep learning is good at identifying images.   

Convolutional Neural Networks (CNNs) have proven to be exceptionally effective in the 

processing of medical images, enabling the identification of latent patterns that may 

evade prompt notice by physicians. This prompted us to develop a lightweight CNN model 

and assess its efficacy in comparison to established pre-trained models such as VGG16 

and ResNet50 for the detection of COVID-19. 

 

This is also true for social reasons, not just technological ones.In many undeveloped 

countries, hospitals don't have advanced computers or labs.If someone can make a 

realistic but lightweight model, it will be possible to use it in places with minimal 

resources. 

 

Finally, we were also inspired by the possible future effects of this work.   You can use the 

same procedure to identify other breathing problems, like tuberculosis and pneumonia.   

This means that our work isn't just about solving one urgent problem; it's also about 

making it possible for AI to be used in healthcare for a long period. 

 

1.3 Objectives 
This project was carried out with a few clear objectives in mind. The first goal was to 

build a balanced dataset of chest X-ray images, where both COVID-19 positive and 

normal cases are included. For this purpose, images were collected from Shahjalal 

Medical Hospital along with some open-access sources. 

 

The second objective was to prepare the dataset properly so that it could be used for 

training deep learning models. This similar resizing the images into the equal shape, 

normalizing pixel values, and using data augmentation to make the models more strong. 

 

The third purpose was to design a simple but fruitful CNN model. The idea was to keep 

the architecture lightweight so that it can run even in hospitals where there is no high-

end computing system. At the same time, the model should be accurate enough to be 

useful in real situations. 

 

Another important objective was to experiment with well-known pre-trained models like 

VGG16, ResNet50, DenseNet121, InceptionV3, and Xception. By applying transfer 

learning, we wanted to check how these models perform when fine-tuned for COVID-19 

detection [6], [10], [14]. 

 

The next objective was to evaluate all the models fairly, using the same dataset and the 

same conditions. For this, standard evaluation measures such as accuracy, precision, 

recall, F1-score, and ROC-AUC were applied. 
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We also aimed to analyze the diagnostic performance of each model with confusion 

matrices and ROC curves, following practices used in earlier studies [14], [25]. This 

helped us to understand their strengths and weaknesses in more detail. 

 

Finally, the broader objective of this project was to recommend how such deep learning 

systems can be applied in real healthcare. The idea was not only to focus on COVID-19 

but also to open the possibility of using similar methods for detecting other lung diseases 

such as pneumonia and tuberculosis [9], [29]. 

 

Main Objective 

1. Design a simple yet effective CNN model that can run even on low-resource hospital 

systems. 

2. Test popular pre-trained models (VGG16, ResNet50, DenseNet121, InceptionV3, 

Xception) through transfer learning [6], [10], [14]. 

3. Evaluate all models fairly using the same dataset and metrics like accuracy, precision, 

recall, F1-score, and ROC-AUC. 

1.4 Methodology 
In this project, the work was carried out step by step to keep the process clear and 

reliable. At the beginning, a dataset of 3,100 chest X-ray images was prepared, where 

both COVID-19 positive and normal cases were included. The data came from 

Shahjalal Medical Hospital as well as some open-access collections. 

 

Before training, the images were cleaned and built identical. They were resized to the 

similar shape, the pixel values were normalized, and data augmentation was applied. 

These steps were important so that the models could learn better and also perform well 

on unseen images. 

 

Two kinds of models were tested. One was a simple CNN built by us, mainly to check how 

a lightweight network performs in real hospital conditions where advanced computers are 

not always available. The other group included well-known pre-trained models such as 

VGG16, ResNet50, DenseNet121, InceptionV3, and Xception, which were fine-tuned 

using transfer learning. 

 

All the experiments were done in Google Colab with GPU support. For pure comparison, 

the same dataset and training conditions were used for every model. Their achievement 

was measured using accuracy, precision, recall, F1-score, and ROC-AUC. To see the 

strengths and weaknesses more clearly, we also studied confusion matrices and ROC 

curves. 

 

Finally, the results were compared, and from these findings, possible applications in 

healthcare were discussed, especially for quick diagnosis in hospitals. 

1.5 Project Outcome 
The outcome of this project shows very clearly that deep learning has the potential to 

make medical diagnosis both faster and more reliable. In our study, we tested different 

models and found that VGG16 gave the highest performance with around 97% accuracy 

and an equally strong F1-score. This result highlights how transfer learning can be 

extremely effective in medical image classification. On the other hand, our own custom 

CNN, which was built with a much simpler structure, still managed to achieve 92% 

accuracy. This demonstrates that compact and light models can also produce significant 

outcomes, particularly in clinics or hospitals without sophisticated computer systems. 
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Another important outcome of this project is the way it shows the usefulness of AI as a 

supportive tool for doctors. In many cases, RT-PCR testing is slow and costly, which can 

delay treatment. A deep learning system like the one we developed can provide quick 

screening at a much lower cost, which is very valuable in real-world healthcare. This 

strategy also makes it possible to use the same technique for other respiratory conditions 

like tuberculosis and pneumonia. Thus, the benefits of this work can be expanded to 

broader medical applications rather than being restricted to COVID-19. 

 

In conclusion, the project's results demonstrate that AI-based diagnostic tools are not only 

theoretical but also practical for use in actual clinical settings. They show that it is 

possible to design systems that are accurate, efficient, and affordable at the same time. 

This provides a clear pathway for building practical solutions that can support healthcare 

professionals, particularly in settings where resources and equipment are limited. 

1.6 Organization of the Report 
This report is divided into several chapters, and each chapter explains a different 

part of the work. 

 

Chapter 1gives an overall introduction of the project. It includes the background, 

motivation, objectives, methodology in brief, expected outcomes, and the structure of the 

whole report. 

 

Chapter 2 reviews the existing literature. It talks about earlier studies on COVID-19 

detection using medical imaging and deep learning. The chapter also points out the 

research gaps that our project tries to fill. 

 

Chapter 3 explains the methodology in detail. It talks about how the dataset was gathered 

and prepared, what preprocessing was done, how the models were built, and what tools, 

frameworks, and evaluation methods were used. In conclusion, the results of this project 

show that AI-based diagnostic tools are not just ideas; they can be used in real clinical 

practice. 

 

Chapter 4 presents the results and analysis. Here, the performance of different models is 

compared using accuracy, precision, recall, F1-score, and ROC-AUC, along with visual 

results like graphs, confusion matrices, and ROC curves. 

 

Chapter 5 discusses the outcomes of the project. It explains what the results mean, how 

they can help in real healthcare, and how the same idea can be applied to other diseases 

apart from COVID-19. 

 

Chapter 6 concludes the report. It summarizes the main contributions, mentions the 

limitations, and gives suggestions for future research. 
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Chapter 2 
 

Background 
 
This chapter provides the background essential to understand the rest of the report. 

It start with the medical context of COVID-19, showing how the pandemic made an 

urgent need for fast and reliable diagnostic methods. Chest X-rays became 

particularly important during this time because they are quick, affordable, and widely 

available. However, traditional image interpretation had its limitations, which 

opened the door for computational methods. The chapter also highlights the growing 

role of deep learning, where modern algorithms can analyze medical images with high 

accuracy and provide valuable support to healthcare professionals. 

 
2.1 Introduction 

The sudden outbreak of COVID-19 created one of the most difficult public health 

emergencies in recent history. It quickly became clear that detecting the disease early 

and accurately was essential, both to reduce the spread of infection and to provide 

timely treatment to patients. Although the RT-PCR test was considered the standard 

tool for confirmation, it had several limitations. In many cases, the test results took 

a long time to arrive and false negatives were also quite common [1], [2]. During the 

peak of the pandemic, these delays and errors placed an enormous burden on 

healthcare systems that were already overwhelmed [3]. 

 

Because of these challenges, medical researchers began looking for alternative 

approaches to support diagnosis. Chest X-ray (CXR) imaging became one of the most 

widely used tools since it is faster, cheaper, and more accessible compared to CT scans 

[4], [5]. X-rays often show noticeable patterns in the lungs of COVID-19 patients, such 

as ground-glass opacities and other abnormalities. However, interpreting these 

images correctly is not always easy. In many hospitals, radiologists had to deal with 

a high number of patients, and in equal areas, there were not enough skilled 

professionals available [6]. 

 

To overcome  gap, artificial intelligence—especially deep learning—offered a hopeful 

solution. Convolutional Neural Networks (CNNs) had already shown solid 

performance in many medical imaging tasks, and their ability to automatically learn 

sample from images made them highly suitable for COVID-19 detection [7]. The use 

of pre-trained models such as VGG16, ResNet50, DenseNet121, InceptionV3, and 

Xception through transfer learning further improved the reliability of these methods 

[8]. 

A dataset of 3,100 chest X-ray pictures was gathered for this project, comprising 1,525 

normal cases and 1,575 COVID-19 positive cases.  To guarantee balance and 

diversity, the data was sourced from open-access repositories and Shahjalal Medical 

Hospital [9].  To make the dataset consistent and training-ready, preprocessing 

techniques like resizing, normalization, and data augmentation were used. 

 

The overall goal was to design a lightweight CNN model that could work effectively 

in hospitals with limited computing resources. Along with this, several established 

pre-trained models were also tested under the same conditions for comparison. The 
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outcomes of the study demonstrate how AI-based systems can play a supportive role 

in healthcare, not only for COVID-19 but also for other respiratory diseases like 

pneumonia and tuberculosis [10], [11]. 

 

2.2 Literature Review 
Transfer learning and multi-source datasets were key components of the rapid 

convergence of research on COVID-19 detection from chest X-rays toward deep 

learning. Early work using COVID-Net across large, heterogeneous repositories (HM, 

BIMCV, CheXpert, MIMIC-CXR) reported roughly 91% accuracy with strong 

multiclass AUC, suggesting CNNs can generalize beyond a single hospital source [1]. 

 

Building on that idea, transfer-learning studies with VGG16, Xception and InceptionV3 

consistently pushed performance above 90%—in one comparison VGG16, Xception and 

InceptionV3 reached ≈91.2%, 93.0% and 93.5% on 3,975 images—showing the practical 

value of pre-trained features for medical images [2]. 

 

Hybrid and ensemble strategies further improved robustness. A CNN-GRU pipeline on 

Cohen’s set (424 images) achieved balanced precision/recall of 0.96, indicating 

temporal/sequence modules can complement pure CNN feature maps in radiograph 

analysis [3].  

 

 At a larger scale (13,816 CXRs), fusing ResNet50 with InceptionV3 outperformed single 

models—ensemble accuracy reached ≈98.6% versus ≈97.8% for the best standalone 

CNN—highlighting the benefit of model fusion for borderline cases [4]. 

 

Not all gains required heavy networks. WideResNet experiments showed a broad accuracy 

range (≈81.6%–97.6%) on small sets—useful, but also a reminder that dataset size and 

curation strongly influence reported metrics [5]. 

 

Interestingly, several works revisited classical ML pipelines with strong feature 

extraction: on Kaggle+COVIDGR, Gradient Boosting edged out alternatives with ~98.44% 

accuracy, proving that well-engineered “traditional” baselines still matter beside deep 

models [6]. 

 

Dense and residual families remained reliable across settings. Using DenseNet-161 pre-

trained on ImageNet, De Moura & García reported ~90.7% on 1,616 clinical images, 

emphasizing portability (even from mobile X-ray devices) and the practical upside of TL 

in constrained environments [7]. 

 

A ResNet50+SVM hybrid reached ≈93% on 672 public CXRs, suggesting that pairing deep 

features with margin-based classifiers can be a solid alternative to end-to-end softmax 

heads [8]. 

 

Lightweight hybrid designs also performed competitively: MobileNet+SVM and 

DenseNet201+MLP variants reported up to ≈98.46% accuracy on 774 images, which is 

attractive for low-resource deployments [10]. 

 

At the same time, some headline numbers warrant caution. A custom CNN trained on the 

large NIH CXR set reported 100% accuracy; while impressive, such results risk overfitting 

without rigorous external validation and consistent protocols [9]. 

 

More broadly, many high-performing studies still lack out-of-distribution testing and 
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clear explainability. Reviews of XAI in this domain stress that tools like Grad-CAM help 

clinicians see what the model focuses on; papers integrating Grad-CAM show better 

clinical trust than equally accurate “black-box” models [11], [12]. 

 

In fact, several works note limited external proof and hardware constraints as practical 

barriers—accuracy alone is not enough; dataset diversity, interpretability, and real-world 

feasibility are equally important [13]. 

 

Finally, data strategy matters as much as architecture. Studies using augmentation 

(including GAN-based schemes) reported consistent gains by addressing class imbalance 

and feature scarcity, which aligns with the trend toward more robust pipelines rather 

than model-only tweaks [14]. 

 

Overall, the literature supports three takeaways for our project: (i) transfer learning with 

VGG/ResNet/DenseNet is a strong baseline above 90% accuracy [1], [2], [7], [8]; (ii) 

ensembles/hybrids can push the frontier on difficult cases [3], [4], [10]; and (iii) clinical 

adoption benefits from explainability and external validation as much as from raw metrics 

[11]–[13]. 

 

Here (fig 2.1 ) We see best uses method across reviewed studies (ten paper show here) and 

(fig 2.2) we see which model give how many accuracy achieve . 

 

                       
 

                        Figure 2.1: Methods Used Across Reviewed Studies (n=10) 

 

                       
                                     Figure 2.2: Reported Accuracy by Study (%) 
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We studies many paper but here show just ten paper . Here we see (table 2.1 )paper author 

, year , title , methodology and key findings that help to know a paper how well and get 

best out put for us . 

 

Table 2.1: Summary of Literature Reviewed. 

 

Author 
(s) 

Year Title Methodology Key Findings 

Arias- 
Londoño  
et al. 

 

2020 COVID-Net for CXR 
Analysis 

 

CNN (COVID-
Net) 

 

Achieved ~91% 

accuracy on HM, 

BIMCV, MIMIC-

CXR datasets [1]. 
Sen et al. 2021 Transfer 

Learning with 

CNNs 

VGG16, 
Xception, 
InceptionV3 

Reported 91–93.5% 

accuracy using 

transfer learning 

[2]. 

Shah et 
al. 

 

2022 CNN-GRU 
On choen CXR 

 

Hybrid (CNN + 
GRU) 

 

Precision/Recall 
 = 0.96; F1 = 0.95 [3].  

 

Calderon-

Ramírez 

& Yang 

2021 WideResNet 
study 

 

WideRes
Net 

 

Accuracy81.6%–

97.6%(small dataset) 

[5]. 

 

Panetta 
et al. 

 

2021 Classical ML  
vs DL 

 

SVM/KNN/RF/
GB on 
Kaggle+COVID
GR 

Best 98.44% (GB) [6]. 

De Moura & 
García 

 

2020 Portable-device 
CXR 

 

DenseNet-161 
(ImageNet TL) 

 

90.7% accuracy [7]. 

Zhou et 
al. 

 

2021 ResNet50 + 
SVM 

 

Hybrid DL + 
SVM 

 

93% accuracy  
(672 images) [8]. 

Oyelade  
et al. 

 

2021 CovFrameNet  
on NIH CXR 

 

Custom CNN 
 (large NIH set) 

 

Reported-100% 
(possible-overfit 
concern) [9]. 

Ohata 
et al. 

 

2021 Lightweight 
hybrids 

 

CNN,  

MobileNet+SVM, 

 DenseNet201+MLP 

 

Upto-98.46%;efficient 
models competitive [10].  
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2.2.1 Similar Applications  
Before developing our own system, it is useful to look at how other groups and 

companies have already tried to apply deep learning to chest X-ray analysis. These 

examples are not exactly the same as our work, but they give a clear idea of what has 

been done, where the difficulties were, and what features proved to be the most 

practical. 

 

1. Web-based Demonstration Systems 

At the start of the COVID-19 crisis, many researchers quickly built web tools so that 

people could test AI models online. A well-known one is COVID-Net, which allowed users 

to upload chest X-rays through a simple webpage. The system gave predictions and also 

showed heatmaps pointing to the abnormal parts of the lung. These platforms were 

mainly for research, not direct hospital use, but they showed how easy it can be to share 

AI models openly and let people see what they can do. The biggest strength here was 

accessibility, because anyone with a browser could use it. 

 
2. PACS-Integrated Tools 

Another important example is CAD4COVID-Xray, which worked directly with the 

hospital’s PACS system. PACS is already used daily by radiologists to manage medical 

images. This tool analyzed X-rays automatically as soon as they were uploaded, and the 

results appeared inside the same reporting system doctors were familiar with. As a result, 

physicians didn't need to harmonize their practices or learn anything new.  This 

contributes to seamless workflow integration, which greatly increases the viability of AI 

adoption in busy hospitals. 

 

3. Commercial Platforms with Flexible Deployment 

Some businesses, such as Qure.ai, made solutions that are currently widely utilized.  

COVID-19 is one of the lung conditions that their product, qXR, can detect. A big 

advantage of qXR is that it can run in two ways: on the cloud or locally on hospital servers. 

This is important because not every hospital has fast internet. By giving those two 

options, the system can be used in large, well-resourced hospitals as well as in little rustic 

clinics. This shows that AI can be adapted to very different healthcare settings without 

losing usefulness. 

 

4. Explainability-Focused Applications 

Trust is always a challenge in medical AI. Lunit INSIGHT CXR is a system that tried to 

solve this by focusing on explainability. Instead of giving just a yes/no prediction, it shows 

the exact areas on the chest X-ray that seem abnormal. This makes it easier for doctors 

to compare the AI’s reasoning with their own observations. Many radiologists are more 

willing to use such a system because it doesn’t feel like a black box. The contribution here 

is very clear: accuracy alone is not enough—explainability is essential. 

 

5. Mobile and Lightweight Solutions 

Lastly, some initiatives have focused on developing smartphone apps that can operate AI 

models.  Condensed neural network versions that don't require internet access are used 

in these applications.   The idea is simple: doctors or technicians can use a portable 

machine to take an X-ray in a remote area or during outreach activities, run it through a 

mobile app, and get the results right away.   This approach is particularly helpful in places 

with limited resources, where advanced equipment or dependable internet connections 

might not be available. 

 

6. Beyond COVID-19 
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It is also worth pointing out that the same type of approach has been used for other 

diseases like tuberculosis and pneumonia. In fact, in several countries, mobile X-ray vans 

with built-in AI screening have been used to check thousands of people. This proves that 

once an AI pipeline is created, it can be applied to many lung diseases with only small 

adjustments. 

 

Summary of Lessons 

Looking at these applications, the lessons are quite clear. A good system should be easy 

to access, whether through the web, directly in hospital systems, or even on mobile 

phones. It ought to be sufficiently light to operate at low resource levels.  It must provide 

doctors with an understandable and reliable explanation of its predictions.  Additionally, 

it should be adaptable enough to treat a variety of lung conditions rather than being 

restricted to just one. 

2.3 Gap Analysis 
From the reviewed works, it is clear that while deep learning has shown great 

promise in detecting COVID-19 from chest X-rays, some important gaps remain. 

Most of the existing studies used only open-access datasets like COVIDx or CheXpert 

[12], [13]. Although these datasets are useful, they do not always reflect the diversity 

of real hospital cases, which may reduce the reliability of such models in actual 

practice. Another common issue was class imbalance—in many datasets, the number 

of COVID-19 positive cases was much smaller than normal cases [9], [16]. This often 

makes the models biased toward the majority class. 

 

Many high-performing models such as DenseNet and Xception [10], [19] also come 

with a drawback—they demand powerful GPUs and large memory, which makes 

them hard to deploy in hospitals with limited computing resources. On the other 

hand, the problem of explainability is still not fully solved. Except for a few works 

that used Grad-CAM [14], [25], most models remain “black-boxes,” which makes 

doctors less confident about using them. Moreover, many studies tested their models 

only on one dataset [12], [20], raising questions about whether the results would hold 

up in new hospital environments. Lastly, some works focused only on accuracy [16], 

[19] as the performance metric, without looking at precision, recall, or ROC-AUC, 

which are very important in medical diagnosis where false negatives can be 

dangerous. 

 

Our project directly addresses these gaps. We prepared a balanced dataset of 3,100 

images that combines both real hospital data and open-access sources, making it 

more reliable. We compared both lightweight and large pre-trained models under the 

same conditions to see which one works best in different scenarios. We also evaluated 

models using multiple metrics such as accuracy, precision, recall, F1-score, and ROC-

AUC for a fairer analysis. Importantly, our custom CNN achieved strong results 

(92%) with a simple architecture, proving that lightweight models can be used in real 

hospitals without advanced computers. Finally, while explainability and cross-

hospital validation are still future tasks, our work sets the foundation for building 

more trustworthy and practical AI-based diagnostic systems. Here show (table-2.2) 

gap analysis of studies paper . 
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                                              Table 2.2 Gap Analysis  

 

Gap Area 
 

Observation from 

Related Works 

      Limitation 
 

Our Contribution 
 

Dataset Diversity Most studies used 

only open datasets 

(e.g., COVIDx, 

CheXpert) [12], [13] 

Limited real-world 

clinical relevance; 

possible dataset 

bias 

Collected a 

balanced dataset 

(3,100 images) 

including real 

hospital data from 

Shahjalal Medical 

Hospital 

Class Imbalance Several datasets 

were highly 

imbalanced 

(COVID cases << 

Normal cases) [9], 

[16] 

Models biased 

toward majority 

class; poor 

generalization  

Ensured balanced 

dataset (1,575 

COVID, 1,525 

Normal) for fair 

training 

Computational 

Demand 

Deep models like 

DenseNet/Xception 

[10], [19] achieved 

high accuracy but 

required powerful 

GPUs 

Hard to deploy in 

low-resource 

hospitals  

Designed a 

lightweight custom 

CNN (92% 

accuracy) suitable 

for limited 

hardware 

Explainability Only few studies 

applied Grad-CAM 

[14], [25] 

Most models 

remain “black 

boxes,” limiting 

clinical trust 

Proposed 

integration of 

explainability 

methods in future 

scope 

Generalization Many models 

tested only on one 

dataset [12], [20] 

Risk of poor 

performance on 

unseen hospital 

data 

Highlighted need 

for cross-hospital 

testing; proposed in 

future extension 

 

2.2 Summary 
In this chapter, we considered how researchers have used deep learning for COVID-19 

detection from chest X-ray images and what lessons we can take from their work. The 

review showed that powerful pre-trained models like VGG16, ResNet50, and DenseNet 

have achieved very high accuracy. At the same time, some studies also tried simpler 

custom CNNs and proved that lightweight models can still give reliable results when 

designed and trained carefully. This tells us that both large and compact models have 

value depending on the situation—big models may push accuracy higher, while small 

ones are easier to use in hospitals with limited resources. 

 

But the literature also made it clear that there are still challenges. It is unclear how well 

those models would perform in practice because many studies only used open-access 

datasets, which are not always representative of actual hospital data. In some cases, 

highly imbalanced datasets caused bias in the models, resulting in a significantly lower 

number of COVID-19 positive samples than normal samples. Another issue is that many 

high-performing models require powerful GPUs and a lot of processing power, which are 

not available in all hospitals. Additionally, models continue to operate primarily as 

"black boxes," offering little insight into the decision-making process, which makes it 
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hard for doctors to trust them. Finally, several works reported only accuracy as the main 

metric, ignoring other important measures like precision, recall, F1-score, and ROC-

AUC, which are critical in medical diagnosis. 

 

By looking at these studies, we now have a clearer picture of both the progress and the 

gaps in this field. Building on these results, our project tests both pre-trained and 

lightweight models in the same setup, uses a balanced dataset that includes both hospital 

and open-access images, and evaluates performance using multiple metrics rather than 

just accuracy. In this sense, our work helps to make AI-based diagnosis reliable, useful, 

and accurate.
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Chapter 3 
 

Research Methodology 
 
This chapter describes the overall methodology followed to complete the research. The 

purpose here is not only to list the steps but also to explain how each step was planned 

and why it was necessary. By presenting the methodology in this way, we aim to show 

that the project was conducted in a systematic, transparent, and reliable manner, 

from data collection to final evaluation. 

                                                                       

3.1 Methodology 

The work on this project was done in steps to keep the process clear and easy to 

follow. Preparing the dataset was the first and most important step. Since a deep 

learning model learns directly from the data we provide, we focused on creating a 

dataset that was both balanced and reliable. For this reason, we collected 3,100 

chest X-ray images, including almost the same number of COVID-19 positive and 

normal cases. The data came from two sources: Shahjalal Medical Hospital and 

open-access online repositories. This combination allowed us to keep the dataset 

both realistic and diverse, reducing the chance of bias. 

 

            Once the dataset was ready, we moved on to preprocessing. The images we collected 

were not all the same in size or quality, which could create problems during 

training. To solve this, we resized every image to a fixed size of 224×224 pixels and 

normalized the pixel values so that brightness and contrast did not mislead the 

model. We also used data augmentation methods like flipping and rotating. The 

model learned better and did well on new cases it had never seen before because it 

got slightly different versions of the same images. 

 

            We worked on the models after we got the data ready. Here we took two different 

approaches.We created a lightweight CNN of our own for one side. The goal was to 

describe whether a more basic model could still produce useful results, particularly 

in medical facilities where expensive computers or GPUs might not be available. 

Conversely, we made use of some of the most well-known pre-trained models, 

including Xception, InceptionV3, DenseNet121, ResNet50, and VGG16. These 

models were selected because they have a solid track record in image classification 

tasks and may provide a reliable standard against which our custom CNN can be 

evaluated. 

 

           We used Google Colab with GPU support for training. This made it possible to handle 

deep learning experiments efficiently without requiring expensive hardware. To 

make the comparison fair, every model was trained under the same conditions. We 
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used the Adam optimizer and categorical cross-entropy as the loss function for all 

experiments so that the differences in performance came only from the models 

themselves and not from the training setup. 

 

            Finally, we evaluated the models. Instead of looking only at accuracy, we considered 

a full set of metrics, including precision, recall, F1-score, and ROC-AUC. These were 

important because in healthcare, especially for COVID-19 detection, missing a 

positive case can be very dangerous. For a better understanding of the advantages 

and disadvantages of each model, we also looked at confusion matrices and ROC 

curves. 

 

We compared each model's output at the conclusion of the process. Even though pre-

trained models performed exceptionally well, our lightweight CNN also attained 

competitive accuracy, making it a sensible option for hospitals with constrained 

funding. By taking a methodical approach, we were able to test the models in a fair 

manner and gain insight into how these systems can be used in healthcare settings 

to facilitate prompt and accurate COVID-19 diagnosis. 

3.1.1 Overview 

The methodology followed in this project was planned as a simple but logical sequence of 

steps. The starting point was the collection of chest X-ray images, since without a reliable 

dataset no deep learning model can perform well. To make the dataset balanced, images 

were gathered from Shahjalal Medical Hospital as well as open-access archives. In total, 

3,100 images were used, including almost equal numbers of COVID-19 positive and 

normal cases. This balance was important to reduce bias and to make the system more 

reliable in practice. 

              The pictures were carefully prepared for training after they were collected. Each pixel 

value was resized to the same size, normalized, and subjected to a variety of 

augmentation techniques, including rotation and flipping. By removing unnecessary 

variation from the dataset, these preprocessing methods improved the model's ability to 

handle new, untested images. 

             Model development was the main focus of the following section of the work. Two paths 

were followed side by side. The first was to build a custom CNN that was lightweight 

and easy to run even on limited hardware, such as the computers available in small 

hospitals. The second was to fine-tune several well-known pre-trained models, including 

VGG16, ResNet50, DenseNet121, InceptionV3, and Xception. By taking this two-way 

approach, it became possible to compare a simple design with more advanced and 

complex architectures. 

              Training and testing of the models were carried out on Google Colab with GPU support. 

To make the evaluation fair, the same dataset and conditions were used for all 

experiments. Standard performance measures such as accuracy, precision, recall, F1-

score, and ROC-AUC were applied. In addition, confusion matrices and ROC curves were 

studied to better understand the strengths and weaknesses of each model, rather than 

relying only on a single metric. 

The final step was to compare the models and interpret the outcomes. Although 
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identifying COVID-19 was the primary goal, the methodology's design was kept 

adaptable to allow for the detection of other respiratory diseases like pneumonia and 

tuberculosis. In this way, the project helped create a framework that can be expanded to 

future medical applications in addition to addressing a pressing global issue. 

3.1.2 Proposed Methodology 
The methodology developed in this work was designed to build a system that is accurate, 

efficient, and easy to apply in real healthcare settings. While earlier studies have mostly 

relied on deep and complex models, our approach combines two perspectives: a simple, 

lightweight custom CNN that can run in low-resource environments, and several powerful 

pre-trained networks that represent the current state of deep learning. This combination 

ensures that both practical usability and high accuracy are considered. The process can 

be described in seven main stages. 

 
                              

 

 

    Figure 3.1: Proposed Methodology 

  

1. Dataset Collection and Preparation 

The dataset is the most important part of this project.  This kind of learning works best 

with data that you give it.  If the dataset is biassed or wasn't put together carefully, then 

not even the most advanced model will be able to make accurate predictions. For that 

reason, we spent a lot of time making sure our dataset was properly designed and checked. 

 

We collected 3,100 chest X-ray images in total. These came from two different sources. 

The first source was Shahjalal Medical Hospital, which provided real patient data. This 

gave the dataset a strong link to real clinical cases. The second source was a set of open-

access repositories. Adding them helped us include more variety, with scans from different 

patients and different imaging conditions. By joining the two sources, we ended up with 

a dataset that was more diverse and trustworthy. 

 

One issue we paid close attention to was class balance. Many medical datasets have more 

normal scans than COVID-19 positive ones. This kind of imbalance makes a model favor 

the majority group, which is a problem for diagnosis. To avoid this, we built a nearly 

balanced set: 1,575 COVID-19 positive and 1,525 normal scans. The model had an equal 

chance to learn from both sides in this case. 

 

Another important step was to clean up the dataset.  We got rid of scans that were 

duplicates or not very good, and we checked the labels twice. This was important because 

mistakes in the data can easily reduce the accuracy of the system. 

 

Finally, to show a clear picture of the dataset, Figure 3.2 includes two sample chest X-

rays. One is from a COVID-19 positive patient and the other is from a normal case. The 

differences between them are not obvious to the human eye, which explains why deep 

learning can be so useful in detecting such cases. 
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Covid case X-ray    

 

 

Normal case       

                   Figure 3.2: Here two cases shown covid Infected and normal case study 
2. Data Preprocessing 
After collecting the dataset, the next essential stage was preprocessing. This stage is often 

underestimated, yet in practice, it determines how well a deep learning model can learn 

from medical images. Raw chest X-rays rarely come in the same shape or resolution. Some 

are clear, others slightly blurred, and the file formats themselves often differ. If such 

images were passed directly into the model, it would struggle to find consistent patterns. 

For that reason, a careful preprocessing pipeline was applied so that every image entered 

training in a uniform and meaningful way. 

 

The process began with grayscale conversion. Although many chest X-rays are saved in 

RGB format, they contain no real color information. Retaining the three color channels 

would only inflate the data size without adding any diagnostic value. By converting the 

scans to grayscale, the dataset became lighter, and more importantly, the model’s focus 

was directed toward the lung textures and structures that matter clinically. 

 

Once that was complete, all images were resized to 224×224 pixels. The dataset originally 

contained scans in a variety of resolutions, which would have made training unstable. 

Resizing gave each input the similar shape, ensuring balance with the model architecture 

and softly training. 

 

The third step we used was normalization. Since the chest X-rays were taken in different 

hospitals and by different machines, the pictures did not always look the same.Some 

appeared darker, while others were brighter. The model could easily interpret the 

brightness as a feature if we left them that way, which is not what we want. We improved 

the images' balance by normalising the pixel values. This prevented light or contrast 
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problems from diverting the model's attention from the actual lung details. 

 

Data augmentation was the final step. Here, we created additional copies of the pictures 

with minor adjustments, such as slight resizing, left-to-right flipping, or rotation. The X-

ray's meaning is unaffected by these modifications.The lungs are the same, only the view 

is a bit different. This simple trick made our dataset larger and more varied. As a result, 

the model became stronger and less likely to overfit. 

 

To illustrate, Figure 3.2 shows three stages: the raw chest X-ray, the same image after 

grayscale conversion and normalization, and a series of augmented versions. Looking at 

them side by side makes it clear how preprocessing both standardizes and strengthens 

the data, setting a stronger foundation for model training. 

 

 Showing samples from: COVID 

 

                       
 

                                                
 
         Figure 3.3: Original to Grayscale then it convert Normalized also heatmap 
 

 

Showing samples from: Normal 
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          Figure 3.4: Original to Grayscale then it convert Normalized also heatmap 
 

3. Custom CNN Design 

Besides using pre-trained models, we also built a lightweight Convolutional Neural 

Network (CNN) from scratch. The main cause after this was very practical: not every 

hospital has high-end GPUs or advanced computing facilities. During the COVID-19 

pandemic, this problem became clear.  So, our goal was to design a model that could still 

work in such settings without losing reliability. 

 

The custom CNN was kept simple and light. We did not add too many deep layers because 

the focus was on efficiency rather than size. Even though it is less complex compared to 

heavy pre-trained networks, the model can still learn key features from chest X-ray 

images. The convolutional layers extract patterns like edges, textures, and lung 

structures, while pooling layers cut down unnecessary complexity and make the training 

faster. At the end, fully connected layers handle the classification, separating the scans 

into either COVID-19 positive or normal. 

 

What makes this model useful is not only the results it produces but also its accessibility. 

Since it needs fewer computing resources, it can be deployed in small hospitals, clinics, 

and rural health centers where costly hardware is not available. In other words, even if it 

is not as deep as models like VGG16 or ResNet50, it offers a realistic option for diagnosis 

in low-resource environments. 
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                            Figure 3.5: A sample diagram of Custom CNN 

 

For better understanding, Figure 3.3 presents the structure of our custom CNN. It 

demonstrates the sequential progression, beginning with convolutional layers and 

progressing through pooling and classification. 
                                           
4. Transfer Learning with Pre-trained Models 

To strengthen our study beyond the custom CNN, we also relied on five popular deep 

learning architectures: VGG16, ResNet50, DenseNet121, InceptionV3, and Xception. 

These models were originally trained on the massive ImageNet dataset, which contains 

millions of images from a wide range of categories. Because of this, they already have the 

ability to recognize many types of visual features such as edges, textures, and shapes. 

Instead of starting from scratch, we adapted this prior knowledge to chest X-rays using 

the approach of transfer learning. 

 

The idea behind transfer learning is quite practical. Early layers of these pre-trained 

models act like common feature extractors, while the later layers can be fine-tuned for a 

new task. In our case, we froze highest of the early layers and only retrained the final 

ones so that the models could specialize in identifying patterns related to COVID-19 

infections. This method not only reduced training time but also improved reliability, since 

the models had already been exposed to millions of images before. 

 

Each chosen model had distinct advantages.   InceptionV3 and Xception are more 

advanced and can capture fine details at different sizes. VGG16 is basic but very 

dependable. ResNet50 employs shortcut connections to fix the vanishing gradient 

problem, and DenseNet121 improves information flow by reusing features.   These models 

gave us a lot of ways to test our lightweight CNN when they were put together. 

 

The real motivation here was to see the balance between accuracy and practicality. Pre-

trained models are usually very accurate but they need more memory and powerful GPUs. 

On the other hand, our custom CNN was much lighter and could run on modest hardware. 

By evaluating both approaches on the same dataset under the same training conditions, 

we were able to clearly study the trade-off between peak performance and ease of 

deployment in real hospital settings. 
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                         Figure 3.6 : Transfer learning model work diagram 

For better understanding, Figure 3.4 illustrates the transfer learning pipeline. It shows 

how a pre-trained model, originally trained on ImageNet, is fine-tuned and connected to 

new fully connected layers to classify chest X-rays into COVID-positive or normal cases. 

 

5. Model Training and Testing 

Once the models were schematic, the next big step was to actually train and test them. To 

make sure the comparison was fair, we kept the setup the same for all models. Everything 

was done on Google Colab with GPU support, which gave us enough computing power 

without needing expensive hardware. 

 

The dataset was carefully split into three parts: training, validation, and testing. The 

training set helped the models learn from the chest X-rays, while the validation set was 

used to check how well they were learning during the process and to fine-tune parameters. 

Finally, the testing set—kept completely separate—was used at the end to see how well 

the models could handle new images they had never seen before. 

 

For training, we used the Adam optimizer, which is widely trusted because it adapts the 

learning rate automatically and makes the learning process smoother. Since the task was 

to classify images into two categories (COVID-positive or normal), we applied categorical 

cross-entropy as the loss function. This combination gave a stable and efficient training 

process. 

 

To prevent the models from simply memorizing the training data, we included early 

stopping. This means that the training would stop as soon as the model stopped improving 

on the validation set. It reduced the chance of overfitting in addition to saving time. On 

top of that, we used data augmentation—small changes like rotations, flips, and scaling—

to give the models a wider variety of images. This step was crucial because it helped the 

models learn to handle real-life variations in X-rays rather than just memorizing fixed 

examples. 

 

By keeping everything—the dataset split, the optimizer, the loss function, and the 

training conditions—the same across all models, we made sure the comparison between 

our lightweight CNN and the pre-trained models was completely fair and unbiased.In this 

sense, the variations in performance were a reflection of the models' inherent strengths 
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rather than the training procedure. 

 

6. Evaluation Metrics and Analysis 

Model performance was assessed through multiple indicators. Accuracy gave an overall 

picture, while precision and recall focused on how well COVID-19 cases were detected and 

how often errors occurred. The F1-score balanced these two measures. ROC curves and 

AUC values were also calculated to examine how effectively the models distinguished 

between classes.Confusion matrices offered a clear overview of performance by class. 

 
We used standard classification metrics to evaluate model performance on the test set: 

• Accuracy 
• Precision 
• Recall 
• F1-Score 

Let TP, TN, FP, and FN denote True Positives, True Negatives, False Positives, and False Negatives, 
respectively. The metrics are computed as follows: 
 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+ 𝐹𝑁 
 

 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

 
F1-Score=2×Precision+Recall / Precision×Recall 
 

 

7. Application and Outcome 

 The last part of our work was not only about checking scores but also about 

understanding how the model could actually be used in real life. Among all the models we 

tested, the one with the best results stood out clearly. But instead of stopping at accuracy 

and F1-scores, we asked a more important question: is this model practical enough for 

hospitals and clinics? 

 

When we looked closely, the top model showed promise both in performance and usability. 

It was fast in producing results and did not demand heavy computing power, which makes 

it suitable even for healthcare centers that have only limited resources. This is important 

because many hospitals, particularly smaller ones, cannot always depend on high-end 

machines. A model that can still work well under such conditions becomes far more useful 

than one that is accurate but resource-hungry. 

 

Another key point is the facility of the system. Although it was developed for COVID-19 

detection, the pipeline is not locked to a single disease. With further training, it can be 

adapted to detect other lung problems like tuberculosis or pneumonia. This gives the 

access a wider scope, making it a tool that can continue to evolve rather than something 

that becomes outdated once COVID-19 cases decline. 
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3.1.3Functional and Nonfunctional Requirements 
When designing this system, it made consciousness to Isolate the requirements into two 

types.The functional requirements, which are basically the capabilities that the system 

must possess, are on the one hand.  On the other hand, there are the non-functional ones, 

which focus on the general behaviour of the system rather than specific features. The 

first team ensures that the system works, and the second team ensures that it does so in 

a way that is reliable and useful in real hospitals. Both are equally significant. 

 

Functional Requirements 

 

Image Input 
The system should let users upload chest X-ray scans.Common formats like JPEG and 

PNG must be supported, as well as ideally medical formats like DICOM. A batch option 

would be handy too, since doctors sometimes check multiple scans together. 

             Preprocessing 

Once uploaded, the system should handle the boring but necessary stuff: resizing images, 

normalizing them, maybe even segmenting the lung area. Without this step, the model 

won’t be consistent. 

             Classification 

The main job here is straightforward: say whether the X-ray shows COVID-19, 

pneumonia, or looks normal. Along with the label, the system should show how confident 

it is in its guess. 

             Choice of Models 

Since both a custom CNN and pre-trained models are being tested, the system should 

allow switching between them. Doctors or researchers might want to see how the results 

compare. 

              Visualization 

A result is more useful if it shows why. That’s why the system should give visual feedback 

— like highlighting the parts of the lung that influenced the decision. 

             Results & Storage 

Predictions should be clear on screen, but there should also be a way to save them, maybe 

in a report format for hospital records. 

             Testing Metrics 

During development, the system should calculate accuracy, precision, recall, F1, and 

ROC-AUC. These numbers give a better sense of how the models really perform. 

              Privacy 

Because these are medical images, access must be limited to authorized users only. 

Security is not optional here. 

 

Non-Functional Requirements 

             Accuracy 

The model should aim for at least 90% accuracy. More importantly, it needs to stay 

consistent across different sets of images. 

             Speed 

Doctors don’t have time to wait. The system should process each scan in just a few 

seconds. 
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             Scalability 

If hundreds of scans need to be tested in a hospital, or several users log in at once, the 

system shouldn’t slow down. 

             Usability 

The interface must be simple enough for non-technical staff. Ideally, it should be as easy 

as “upload → click → see result.” 

             Deployment Flexibility 

It should run both locally in a hospital and, if needed, on the cloud. That way even low-

resource clinics can use it. 

             Maintainability 

Future updates, such as the addition of TB or other lung disease detection, should be 

possible with this design without requiring a complete redesign. 

             Data Security 

Patient scans must be encrypted and handled according to privacy rules. Trust is crucial 

here. 

             Robustness 

Not all images will be perfect. The system should still work reasonably well even if the 

X-ray is noisy or slightly blurred. 

             Interpretability 

Doctors should be able to see why the model gave a result. Black-box answers are not 

enough in healthcare. 

             Standards Compliance 

Finally, the system should follow accepted healthcare standards and guidelines, so it can 

actually be used in hospitals without raising doubts. 

3.1.4Data Flow Diagram 

The system is designed in a way that makes it simple for users to interact with.When a 

user enters their login credentials into the web application, the process begins. After 

logging in, the user has the option to upload a chest X-ray image through the interface. 

                

                                               Figure 3.7: Data Flow Diagram 
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After uploading, the picture is routed to the backend, where the trained deep learning 

model processes it and stores it safely in the database. After analysing the image, the 

model makes a prediction about whether the case falls into the Normal or COVID-

positive class. 

Finally, the result is sent back to the web application, and the user can view the outcome 

directly on their dashboard. The entire process is made simple enough that even non-

technical users can log in, upload an X-ray, and get a clear diagnostic result right away. 

3.1.3 UI Design 

The system is designed in a way that makes it simple for users to interact with. Once a 

user enters their login credentials into the web application, the process begins. After 

logging in, the user has the option to upload a chest X-ray image through the interface. 

After uploading, the picture is routed to the backend, where the trained deep learning 

model processes it and stores it safely in the database. The model analyzes the image 

and predicts whether the case belongs to the COVID-positive class or the Normal class. 

The user can view the result directly on their dashboard after it has been returned to the 

web application. The entire flow is designed to be straightforward so that even users 

without a technical background can easily log in, upload an X-ray, and instantly receive 

a clear diagnostic result. All this things show Figure:  below  

                              

                             

                                      Figure 3.8: UI Design of web apps 
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3.2 Detailed Methodology and Design 
When we first started planning the project, we explored a number of possible approaches 

before deciding on the final solution. Since the aim was to build a system that could 

reliably detect COVID-19 from chest X-ray images, the choice of method had to balance 

two things: accuracy and practical usability in hospitals. 
 
One of the early alternatives we thought about was using traditional machine learning 

methods. This method would involve manually extracting features from the images, like 

textures, shapes, or patterns of intensity, and then using classifiers, such as Random 

Forest or SVM, to generate predictions. Despite being easier, it soon became apparent 

that this approach would not be sufficient for our task. Chest X-rays are complex, and 

handcrafted features often fail to capture the subtle differences between a COVID-19 

infected lung and a normal one. This meant the model’s accuracy would likely be too low 

for real medical use. 

 

Another possible path was building a very deep CNN completely from scratch. This kind 

of model can work extremely well in theory, but it has two big drawbacks. Firstly, in order 

to train correctly, a very large dataset is needed, which is frequently challenging to gather 

in the medical field. Second, many hospitals and small clinics lack the powerful hardware 

and lengthy training periods required for such models. Therefore, this option would not 

be feasible in the real world, even though it might produce positive results in a research 

lab. 

 

The solution we chose was a hybrid approach. On the one hand, we developed a 

lightweight CNN ourselves that can function flawlessly even on low-end hardware. IThis 

made it suitable for low-resource environments. On the other side, we used transfer 

learning with pre-trained models like VGG16, ResNet50, DenseNet121, InceptionV3, and 

Xception.  We could achieve very high accuracy by fine-tuning these models for our dataset 

because they are already highly skilled at extracting features and have been trained on 

millions of images. 

 

This combined strategy gave us the best balance. The custom CNN provided a simple, 

fast, and practical option for real-world deployment, while the pre-trained models gave us 

state-of-the-art performance when resources were available. By comparing both under the 

same setup, we were able to see not just which model was most accurate, but also which 

one would be more realistic to use in different hospital settings. 

 

The final design of our system followed a clear sequence: 

 

1.User login and image upload through the web application. 

 

2.X-ray image preprocessing (greyscale conversion, resizing, normalisation, and 

augmentation). 

3. Model selection (custom CNN or pre-trained models with fine-tuning). 

 

4. Training, validation, and testing using standardized evaluation metrics. 

 

5. Result generation, indicating if the X-ray is from a normal case or one with COVID. 

 
This design was chosen not just because it works for COVID-19 detection, but also because 

it is adaptable. A versatile and long-term solution, the same pipeline can be expanded to 
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treat other lung conditions like pneumonia or tuberculosis. 

 

3.3 Project Plan 

 
To keep the project well organized, we broke it down into different phases. Each phase 

had a specific purpose and a clear outcome. The plan is shown below in a simple table: 

 

Phase 
 

Activities 
 

Expected Outcome 
 

Phase 1: Background 

Study 
 

Collected and reviewed 

research papers, studied 

related work, and tried to 

identify what gaps still exist. 

A clear understanding of 

the problem and where our 

work can add value. 

Phase 2: Dataset 

Preparation 
 

Gathered chest X-ray images 

from hospital records and 

open datasets. Applied 

preprocessing steps such as 

grayscale conversion, resizing, 

normalization, and data 

augmentation. 

A clean, balanced, and 

ready-to-use dataset. 

Phase3:Model 

Building 
 

Designed a simple CNN from 

scratch and also selected well-

known pre-trained models 

(VGG16, ResNet50, 

DenseNet121, InceptionV3, 

Xception) for transfer learning. 

Different models ready to 

be trained and 

compared. 
 

Phase 4: Training and 

Testing 

Trained all models using the 

same setup in Google Colab 

with GPU. Used metrics like 

accuracy, precision, recall, F1-

score, ROC-AUC, and 

confusion matrices to measure 

performance. 

Identified which model 

performed the best and 

where improvements were 

needed. 

Phase 5: System 

Development 

Built a web-based app where 

users can log in, upload chest 

X-rays, and instantly see 

predictions. 

A working prototype that 

connects the trained model 

with a usable interface. 

Phase 6: Final 

Analysis and Report 

Tested the whole system, 

summarized the findings, and 

discussed how the same 

pipeline could later be used for 

diseases like TB or pneumonia. 

A complete report and a 

practical diagnostic system 

ready for future expansion. 

 

3.4 Task Allocation 
The entire project was broken up into four distinct phase over the course of the semester 

in order to maintain institution . Each phase had its own timeline so that the tasks could 

be completed step by step without creating unnecessary pressure at the end. 

 

The first phase ran from week 12 to week 20, where the main goal was to collect the 

dataset. This included gathering chest X-ray images from Shahjalal Medical Hospital as 

well as using some open-access resources. Building this dataset was an essential starting 
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point, since every other part of the work depended on having enough quality data. 

 

The second phase was carried out between week 22 and week 28, and it focused on 

preprocessing. The photos underwent resizing, normalisation, and augmentation during 

this period. These steps helped in preparing the dataset so that the deep learning models 

could learn patterns in a more consistent way. 

 

The third and longer phase took place in weeks 30 to 40, which was dedicated to training 

and evaluating models. In this stage, both the custom CNN and pre-trained models such 

as VGG16 and ResNet50  also many were tested. Performance was checked with different 

metrics like accuracy, precision, and recall to make sure the models were reliable. 

 

Finally, in weeks 42 to 48, the last phase of the project was completed.  We make a demo 

web application that detect any case of chest x-ray image . Now at present time we can`t 

join with database but our demo web application ui complete. 

 

This table depicts the timeline of the principal activities in each period of the project, 

from week 12 to week 48. 

Tasks Weeks 

 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 

Data 

collection 

phase 

                   

                   

Preprocess 

all the 

data 

                   

                   

Model 

training 
                   

                   

Create a 

demo 

application. 

                   

                   

 

3.5 Summary 
This chapter explained how the project was carried out step by step, starting from the 

early planning stage and moving toward the final system design. At first, we looked 

at different possible solutions, including traditional machine learning and very deep 

CNN models. These options were considered carefully, but in the end they were not 

chosen because they were either too limited in accuracy or too demanding in terms of 

resources. Instead, we decided on a combined strategy: building a lightweight CNN 

that can run on modest hardware, and using transfer learning with powerful pre-

trained models to achieve state-of-the-art results. 

 

 

We also described how the dataset was collected and carefully prepared before training. 

The preprocessing pipeline comprised data augmentation, normalisation, resizing, and 

greyscale conversion. These steps convincing that the images were clean, balanced, and 

consistent, making it easier for the models to learn the real patterns in the data. 

 

 

The models' training and assessment processes were then described in the methodology 

section. We relied on standard metrics such as accuracy, precision, recall, F1-score, ROC-

AUC, and confusion matrices. This allowed us to measure not only overall correctness but 
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also how well the models could identify COVID-positive cases without missing or 

misclassifying them. 

 

 

The work was then broken down into phases by our well-defined project plan, which 

included background research, dataset preparation, model design, training and 

evaluation, system integration, and reporting. This well-organised plan made sure that 

every step contributed to the final result and kept the work on schedule. Additionally, the 

chapter stressed that the system was made to be flexible, so the same pipeline can be used 

in the future to identify other lung conditions like pneumonia and tuberculosis. 

 

 

In short, this chapter provided a complete picture of how the system was designed, why 

certain choices were made, and how the work moved from raw data to a functional 

diagnostic tool. It shows that the solution is not only accurate but also realistic and 

adaptable for use in real healthcare environments.
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Chapter 4 
 

Implementation and Results 
 
This chapter details the actual execution of the suggested work and the results 

obtained. Here, the focus switches to the practical side, focussing on how the dataset 

was handled, how the models were trained, and what performance they ultimately 

produced, whereas the previous chapters primarily addressed the plan and design. 

 

At the beginning, the process of implementation is outlined.This involve preparing the 

dataset, applying various preprocessing steps to clean and standardize the images, and 

setting up the deep neural network  models for training. Each of these steps played an 

important role in making sure the system worked as expected. 

 

After the implementation details, the results are presented and analyzed. Different 

models, including both the custom CNN and several pre-trained networks, are compared 

using standard measures such as accuracy, precision, recall, F1-score, and ROC-AUC. 

These outcomes are discussed in addition to being displayed numerically to emphasise the 

unique advantages and disadvantages of each model. 

 

In short, this chapter connects the design with reality. It shows how the system moved 

from concept to execution and evaluates how well it performed in practice. The results 

also provide insight into which models are most suitable for real-world use, particularly 

in healthcare settings where accuracy and reliability are crucial. 

4.1 Environment Setup 

The Covid-19 Detection System was trained in an optimally configured AI environment 

for deep learning, including model training, image pre-processing, and assessment. 

 

The experiments for this project were carried out in a simple but reliable environment 

that could handle deep learning workloads without difficulty. Instead of relying on 

expensive local machines, all training and testing were done on Google Colab, which 

provides free GPU access and a user-friendly interface. This made it possible to run 

complex models within a reasonable time frame while keeping the setup accessible to 

anyone with an internet connection. 

 

Python 3, which has become the standard language for the majority of machine learning 

research due to its readability and abundance of open-source libraries, was used for the 

coding.  The neural networks in this project were designed and trained using TensorFlow 

and Keras, while the dataset was managed and numerical operations were handled with 

the aid of NumPy and Pandas.  OpenCV tools were used for image-related preprocessing. 

 

Visualization also played an important role, so Matplotlib and Seaborn were used to 

create plots of training curves, confusion matrices, and ROC curves. All of these libraries 

worked smoothly together in the Colab environment, making the workflow consistent 

from the very beginning to the end of the project. 

 

In short, the setup was chosen to balance performance and accessibility. Anyone with a 
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basic computer could reproduce the same experiments on Colab without needing 

specialized hardware, which makes the work more practical and easier to extend in future 

studies. 

 

4.2 Comparative Anal ysis 

To properly measure the effectiveness of our system, we tested six different models: 

one was our lightweight Custom CNN, and the other five were well-known pre-trained 

architectures (VGG16, ResNet50, DenseNet121, InceptionV3, and Xception). The 

evaluation was done on the reserved test set, which contained 465 chest X-ray images. 

 

For each model, we carefully recorded not only the final accuracy but also the precision, 

recall, and F1-score. In addition, we plotted the confusion matrix to see how many 

cases were correctly or incorrectly classified, and the ROC curve to evaluate diagnostic 

reliability. Training history, such as accuracy and loss curves, was also tracked so that 

we could identify whether a model was learning properly or overfitting. 

 

4.2.1 Custom CNN 

For scenarios where high-end processing power is unavailable, the Custom CNN was 

designed as a faster and smaller model. Even with its simple structure, it achieved an 

accuracy of 95% and an F1-score of 0.95. 

 

The confusion matrix (Fig. 4.1) shows that most cases were classified correctly, though 

a few COVID-positive images were marked as normal. 

                                

                                      Figure 4.1 : Confusion Matrix Custom CNN  

 

The model demonstrated minimal overfitting and rapidly converged within 15 epochs, 

according to the training and validation graphs (Fig.4.2) 
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              Figure:4.2 Train and Validation accuracy, loss curve for Custom CNN  

 

4.2.2 VGG16 

            The VGG16 model give the best results of all pre trained model. It achieved 99% 

accuracy, with almost perfect precision, recall, and F1-score. 

 

Confusion Matrix (Fig. 4.3): Nearly every COVID-19 and Normal case was predicted 

correctly, with almost no errors. This makes the model extremely dependable. 

 

                                    

                                             Figure 4.3: Confusion Matrix VGG16 

           



©Daffodil International University 32  

 

                     Figure 4.4 Train and Validation accuracy, loss curve VGG16 
 

           Training vs Validation Accuracy (Fig. 4.4): The curves rose quickly and stayed very 

close to each other. This proves that the model generalized well and did not rely only 

on the training data. 

 

Training vs Validation Loss (Fig.4.4): Both curves declined smoothly with no visible 

gap. This confirms that VGG16 learned efficiently and avoided overfitting. 

 

4.2.3 ResNet50 

            The ResNet50 model also performed strongly, reaching 98% accuracy with very high 

F1-scores. 

Confusion Matrix (Fig. 4.5): Only a few cases were misclassified, showing that the 

model was reliable in identifying both classes. 

                                       

                                         Figure: 4.5 Confusion Matrix ResNet50 
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Training vs Validation Accuracy (Fig. X.8): Both curves showed a steady upward trend 

and stayed close, meaning the model generalized well across unseen data. 

 

                   Figure 4.6 Train and Validation accuracy, loss curve ResNet50 

 
Training vs Validation Loss (Fig. 4.6): The loss values dropped consistently and 

remained stable, confirming smooth convergence. 

 

4.2.4 DenseNet121 

            The DenseNet121 model achieved 97% accuracy. It performed slightly below ResNet50 

but still maintained strong classification ability. 

 

Confusion Matrix (Fig. X.10): Most images were correctly classified, though a few extra 

errors appeared compared to VGG16 and ResNet50. 

                                  

                                          Figure 4.7 : Confusion Matrix DenseNet121 

Training vs Validation Accuracy (Fig. 4.8): The training accuracy climbed quickly, but 
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the validation accuracy flattened earlier, showing that the model had reached its best 

performance sooner. 

 

Training vs Validation Loss (Fig. 4.8): Loss curves decreased steadily, though a small 

gap appeared between training and validation loss, hinting at mild overfitting 

 

               Figure 4.8 : Train and Validation accuracy, loss curve DenseNet121 

 

4.2.5 InceptionV3 

The InceptionV3 model gave 90% accuracy, which was clearly lower than the first 

three models. 

 

Confusion Matrix (Fig. 4.9): The matrix shows a higher number of misclassifications, 

especially false negatives where COVID-19 cases were marked as Normal. 

                                    

                                         Figure 4.9 Confusion Matrix InceptionV3 

 

Training vs Validation Accuracy (Fig. 4.10): The validation accuracy line showed ups 
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and downs, unlike the smoother training curve. This reflects instability during 

learning. 

 

Training vs Validation Loss (Fig. 4.10): Validation loss stayed above training loss and 

did not drop as consistently, which suggests the model was beginning to overfit. 

 

 

 

                    Figure 4.10 Train and Validation accuracy, loss curve InceptionV3 

 

 

4.2.6 Xception 

The Xception model performed the weakest, with 89% accuracy and the lowest F1-

score 

Confusion Matrix (Fig. 4.11): This model produced the highest number of false 

negatives, which is a major drawback in medical use. 

                                  

                                      Figure 4.11 Confusion Matrix Xception 
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Training vs. Validation Accuracy (Fig. 4.12): Training accuracy increased steadily, but 

validation accuracy fluctuated irregularly and lagged behind. 

 

Training vs. Validation Loss (Fig. 4.12): Overfitting was confirmed by the validation 

loss, which was still significantly higher than the training loss. 

 

 

                           Figure 4.12 Train and Validation accuracy, loss curve Xception 

 

Comparative Insights 

From the above evaluation: 

• VGG16 stood out as the most accurate and reliable model. 

• ResNet50 and DenseNet121 also delivered strong performance, only slightly 

behind. 

• The Custom CNN proved effective for limited-resource environments, balancing 

decent accuracy (95%) with efficiency. 

• InceptionV3 and Xception underperformed, showing unstable training behavior 

and higher misclassification rates. 

 

4.3 Results and Discussion 

The purpose of the experiments conducted in this study was to assess the performance 

of pre-trained and custom-built deep learning models for the classification of normal 

chest X-ray images and COVID-19 images. A set of six models—Custom CNN, VGG16, 

ResNet50, DenseNet121, InceptionV3, and Xception—were trained and tested under the 

same experimental conditions to ensure a fair comparison. Accuracy, precision, recall, 

and F1-score—all common metrics in medical image analysis—were used to evaluate 

their performance. 

Performance Comparison 
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The overall outcomes of the models are summarized in Table 4.1. 

Model Precision Recall F1-Score Accuracy 
Custom CNN 0.95 0.95 0.95 95% 
VGG16 0.99 0.99 0.99 99% 
ResNet50 0.99 0.99 0.98 98% 
DenseNet121 0.97 0.97 0.97 97% 
InceotionV3 0.90 0.90 0.90 90% 
Xception 0.89 0.89 0.89 89% 

The results offer a number of significant insights. First, in terms of raw accuracy and 

reliability, the pre-trained transfer learning models continuously beat the custom CNN. 

This was expected since these architectures rely on very deep networks that have been 

trained on massive datasets such as ImageNet, allowing them to accurately capture 

complex image features. 

 

Here we see the graph below that show accuracy comparison . 

    
                                          Figure 4.13 : Model accuracy comparison 

 

Among all the models, VGG16 achieved the highest performance, touch 99% accuracy and 

F1-score.  The ability of VGG16 to capture fine-grained differences between infected and 

healthy lungs highlights its suitability for COVID-19 diagnosis. 

 

With a 98% accuracy rate, ResNet50 came in second. The introduction of residual 

connections, which avoids the issue of vanishing gradients in very deep networks, is its 

primary strength. This characteristic makes ResNet50 one of the most reliable 

architectures in contemporary deep learning applications by allowing it to learn more 

consistent and resilient patterns. 

 

DenseNet121 also delivered strong performance with 97% accuracy. Its densely connected 

layers encourage feature reuse and strengthen gradient flow during training, which is 
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particularly useful in extracting subtle lung abnormalities from chest X-rays. 

 

In contrast, InceptionV3 and Xception showed weaker results, with accuracies of 90% and 

89%, respectively. These models are more complex, and although they perform 

exceptionally well in large and diverse image classification tasks, they seemed to overfit 

or underperform in this relatively limited dataset. The drop in their performance 

underlines that architectural sophistication alone does not guarantee success; dataset 

characteristics and model–task alignment are equally crucial. 

 

A noteworthy aspect of this study is the performance of the custom CNN, which achieved 

95% accuracy.The custom model was able to achieve competitive results even though it 

was far less complex than the pre-trained networks. This is a significant finding because 

it shows that networks that are lighter and smaller can still be very effective. Such 

effective models can be extremely helpful in real-world hospital settings, particularly in 

settings with limited resources and no access to powerful GPUs. They provide a balance 

between cost-effectiveness, speed, and diagnostic accuracy. 

 

4.4 Summary 
In this chapter we see how the project main work and also implementation and how 

it get results , the main focus was on showing how the project was carried out in 

practice and what results were achieved The setup of the working environment was 

described first so that the process of training and testing the models is clear. After 

that, the performance of different deep learning approaches was compared using the 

same dataset and evaluation measures. 

 

From the experiments, it became evident that transfer learning models performed 

exceptionally well, with VGG16 standing out as the best among them. ResNet50 and 

DenseNet121 also gave highly reliable results, proving the strength of their advanced 

architectures. On the other hand, InceptionV3 and Xception did not perform as 

strongly, which underlined the fact that not every complex model is suitable for every 

dataset. The custom CNN, although much simpler, reached a strong accuracy level, 

which makes it very promising for hospitals that do not have advanced computing 

facilities. 

 

Altogether, this section confirmed that deep learning can be a dependable tool for 

diagnosing COVID-19 from chest X-rays. It also showed that lightweight models 

should not be overlooked, since they can provide fast and practical solutions in real-

world healthcare environments.
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Chapter 5 
 

Engineering Standards and 

Design Challenges 

 
This chapter focuses on the main engineering standards that guided the development 

of the project and the key design challenges that were encountered along the way. It 

explains how recognized technical standards were followed to ensure reliability, 

safety, and compatibility, and also highlights the difficulties faced during data 

collection, preprocessing, and model implementation. By addressing both standards 

and challenges together, this chapter provides a practical view of the considerations 

involved in transforming an idea into a working system. 

 
5.1 Compliance with the Standards 

To guarantee that the COVID-19 detection system is dependable, scalable, and 

appropriate for medical use, it was imperative that pertinent standards be followed 

during development. The system design considered three categories of standards: 

software standards, hardware standards, and communication standards. 

 

In terms of software standards, guidelines for coding practices and framework usage 

were applied to keep the implementation consistent and reproducible. On the 

hardware side, appropriate configurations were selected to handle deep learning 

workloads efficiently, while also keeping the solution practical for deployment in real 

hospital settings. In order to ensure that the system can seamlessly integrate with 

the current medical infrastructure, standards pertaining to secure data transfer and 

interoperability were examined. 

 

Several alternative approaches were also studied. Each had its own strengths and 

weaknesses, but the final selections were made on the basis of performance, 

practicality, and alignment with healthcare requirements. By following these 

standards, the project ensures that the developed COVID-19 detection system is not 

only accurate but also dependable and fit for real-world application. 

 

5.1.1 Software Standards 
For this project, TensorFlow and Keras were selected because of their robustness, 

scalability, and strong adoption in medical AI.These frameworks work well with libraries 

like NumPy and OpenCV, support big datasets, and give users access to pre-trained 

models. Although they demand more computational resources, their rich documentation 

and community support make them highly reliable. 

 

We mainly use Google Colab for this and we know google colab also provide Python3 and 

give GPU supports and enhance help my project fully . 

 

Alternative: PyTorch was taken into consideration due to its ease of use and flexibility 

in research; however, it does not have the same deployment maturity or availability of 

medical AI models. 
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Rationale: Because they are more production-ready and more appropriate for scalable 

medical applications, TensorFlow and Keras were selected over PyTorch. 

5.1.2 Hardware Standards 

In this project, all experiments were carried out using Google Colab, which provided a 

cloud-based environment with 16 GB of RAM and an NVIDIA T4 GPU with 12 GB of 

memory. This setup was strong enough to train deep learning models on chest X-ray 

images within a reasonable time. The GPU support made it possible to handle image 

preprocessing, model training, and evaluation smoothly, while the large memory 

capacity ensured that the dataset could be managed without difficulty. 

The decision to rely on Google Colab was made because it offered the best mix of 

accessibility, performance, and cost-effectiveness. It removed the need for expensive 

hardware while still delivering reliable results, making it the most practical solution for 

developing and testing the COVID-19 detection system. 

5.1.3 Communication Standards 

Good communication was one of the key factors behind the smooth execution of this 

project. Since the work was done in a collaborative environment, every stage included 

proper documentation and well-structured reporting. Google Colab notebooks were not 

only used for coding and experiments but also for organizing outputs, graphs, and notes. 

This made it easy to share results with teammates and supervisors so that progress could 

be reviewed and verified whenever needed. 

GitHub and other version control systems  were also taken into considerd for code 

management and code save and they help . This avoided repetitive work, decreased 

confusion, and made it easier to keep track of updates and changes.  Emails, instant 

messaging, and planned meetings were used to keep internal communication going on a 

daily basis, which helped to keep the project on schedule. 

The same consistency was applied while preparing this report. Citations were written in 

IEEE format, and a uniform template was followed throughout to keep the document 

professional and easy to read. Visual component such as charts, tables, and diagrams 

they are  added where necessary to make the content clearer and more engaging. 
 

5.2 Impact on Society, Environment and Sustainability 

5.2.1 Impact on Life 

The impact of this project on life is good meaningful. During the COVID-19 pandemic, 

many hospitals faced long delays in testing, and patients often had to wait for hours or 

even days to get their results. By using deep learning on chest X-rays, this system can 

give faster and more reliable support for diagnosis. 

Another important impact is the cost. Compared to RT-PCR tests, which are not always 

accessible in remote areas, X-rays are more accessible and less costly. People in low-

resource areas will have easier access to more affordable healthcare if an AI tool can 

interpret those X-rays and help physicians. 

Beyond COVID-19, this project also shows a way to use similar systems for other diseases 

like pneumonia or tuberculosis. Early and correct diagnosis of such diseases can improve 
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survival rates and reduce pressure on hospitals. 

Overall, the project technology is highlights how this project can make human healthcare 

faster , cheaper and more widely available. 

5.2.2 Impact on Society & Environment 

When diseases like COVID-19 can be detected quickly with the help of AI, hospitals can 

manage patients more efficiently. This reduces the burden on healthcare workers, lowers 

waiting times, and makes medical services more organized. In a larger sense, society 

benefits because early detection helps to control the spread of infection, keeping 

communities safer. 

Another impact is related to access. It is not always feasible to perform sophisticated 

tests like RT-PCR in rural or underdeveloped areas. But X-ray machines are more 

prevalent, and if AI can interpret them, people in those locations can also get timely 

assistance. This reduces inequality in healthcare and promotes social fairness. 

From the environmental side, digital X-ray systems supported by AI are much better 

than repeated chemical-based tests. By reducing the use of disposable testing kits and 

laboratory chemicals, the system indirectly lowers medical waste. 

In short, the project brings a positive influence not just for patients, but for society as a 

whole and the environment. Faster diagnosis, fair access, and more eco-friendly practices 

together show how technology can support both public health and sustainable 

development. 

5.2.3 Ethical Aspects 

When developing an AI system for healthcare, ethical issues must always be considered. 

One of the most important points is patient privacy. All medical images used in this 

project were taken from open-access datasets or collected with proper consent. Patients' 

personal information was never used, and the data was managed to preserve the 

patients' identities. 

Another ethical aspect is fairness and bias. In some cases, if the training data is not 

balanced, AI systems may perform better for one group of people than another. To ensure 

that the models functioned fairly for both COVID and normal cases, we made an effort 

to maintain a balanced and diverse dataset for this project. This guarantees that a 

variety of patients can benefit from the tool and lowers the possibility of discrimination. 

Transparency is also very important. Doctors and healthcare workers should not rely on 

a “black box” system without understanding how it makes decisions. For this reason, 

methods like heatmaps and performance reports were used to make the results 

explainable. This helps made trust between the AI system and the medical professionals 

who use it. 

Finally, responsibility must be clear. AI is not intended to replace doctors; rather, it is 

meant to assist them. Qualified professionals should always make the final medical 

decision. This ensures that the technology is used safely and ethically in real clinical 

practice. 

In short, ethical aspects such as privacy, fairness, transparency, and responsibility were 

considered carefully in this project to make sure the system can truly benefit patients 

and society in a safe way. 
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5.2.4 Sustainability Plan 
For this project will remain useful in the long run, a proper sustainability plan is 

needed.First, updating the system should be simple.  As new medical data becomes 

available, the AI models can be retrained on fresh datasets so that the results stay 

accurate and reliable. Using Google Colab and cloud storage makes this process simple, 

since new versions of the model can be trained and shared without heavy local hardware. 

 

Another important point is cost. Because Colab provides free or low-cost GPU access, the 

system can be maintained without large expenses. Hospitals or research groups with 

limited resources can still use the tool, which supports long-term sustainability. 

 

The plan also includes making the project open for collaboration. If doctors, researchers, 

or developers from various regions contribute data and improvements, the system will 

grow powerfull over time. This not only expands  the life of the project but also ensures 

fairness across different populations. 

 

From an environmental perspective, digital AI-based analysis reduces the need for 

repeated chemical-based tests, which cuts down medical waste. Cloud resources also avoid 

the need for setting up large local servers in every clinic, lowering energy use. 

 

5.3 Project Management and Financial Analysis 
 

Understanding the financial requirements is essential to project management. The 

overall cost is fairly reasonable because the work was done in Google Colab using 

primarily open-source tools. The comprehensive budget plan, up to BDT 60,000, is 

shown below. 

                                Table 5.1 Budget Plan (Within BDT 60,000) 

Category 
 

Details Estimated Cost (BDT) 
 

Cloud Computing 
 

Google Colab Pro/Pro+ 

(GPU access) 
 

10,000 / year 
 

Data Storage & Backup 
 

Google Drive  
 

6,000 / year 
 

Software & Tools 
 

Open-source frameworks Free 

Internet & Utilities 
 

Reliable internet for cloud 

training 
 

12,000 
 

Documentation & Reports 
 

Printing,diagrams, 

formatting,professional 

reports 
 

5,000 
 

Miscellaneous Expenses 
 

Extra costs (unexpected 

needs) 
 

7,000 
 

Total Estimated Cost 
 

 ~40,000 – 45,000 
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Safety Margin 
 

For upgrades, more 

storage,unforeseen 

expenses 
 

~15,000 

 

 

                                                   Table 5.2 Revenue model 

Model Type 
 

Description 

Institutional Subscription 
 

Hospitals/diagnostic centers pay yearly 

fees. 
 

Pay-per-Scan 
 

Clinics/doctors-pay per 

uploaded/analyzed X-ray. 
 

Freemium Model 
 

Free basic version with limited scans; premium 
for advanced features. 
 

 

5.4 Complex Engineering Problem 

5.4.1 Complex Problem Solving 
This section presents a mapping of the complex problem-solving categories to the specific 

engineering challenges addressed in this project. Each category is analyzed and mapped 

accordingly, with a rationale provided for each selection. The mapping is shown in Table 

5.1, followed by detailed explanation for EP1 to EP7. 

 

Table 5.1: Mapping with Complex Engineering Problem. 

EP1 

Dept of 

Knowled

ge 

EP2 

Range 

Of 

Conflicting 

Requireme

nts 

EP3 

Depth 

of 

Analys

is 

EP4 

Familiari

ty of 

Issues 

EP5 

Extent 

of 

Applica

ble 

Codes 

EP6 

Extent 

Of Stake- 

holder 

Involveme

nt 

EP7 

Interdepende

nce 

    ✔  
           ✔      ✔        ✔       x     ✔        ✔ 

 
 

Mapping with Knowledge Profile 
 

In alignment with EP1, which emphasizes the depth of knowledge necessary to 

solve complex engineering problems, this project integrates multiple domains of the 

knowledge profile. 

• It applies K3 (Engineering Fundamentals) through the use of core principles 

in image preprocessing, convolutional neural networks, and evaluation 

metrics such as accuracy, precision, recall, and F1-score. 

• It demonstrates K4 (Specialist Knowledge) by applying transfer learning 

with architectures like VGG16, ResNet50, and DenseNet121, and 

customizing them for COVID-19 classification tasks. 

• It reflects K5 (Engineering Design) through the design, implementation, and 

optimization of both a custom CNN and multiple pre-trained models, 
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ensuring a balance between accuracy and computational efficiency. 

• It highlights K6 (Engineering Practice) in the use of practical tools such as 

Python, TensorFlow, Keras, and Google Colab for developing and testing the 

system. 

• It incorporates K8 (Research Literature) by grounding the project on prior 

peer-reviewed studies and medical imaging research, ensuring that the 

design decisions are evidence-based and scientifically sound. 

Altogether, the project covers the necessary depth and breadth of engineering 

knowledge required under EP1. 
 

Table 5.2: Mapping with knowledge Profile. 

K3 

 

Engineering  

Fundamentals 

 

K4 

 

Specialist 

Knowledge 

K5 

 

Engineering 

Design 

K6 

 

Engineering 

Practice 

K8 

 

Research 

Literature 

        ✔        ✔       ✔         ✔        ✔ 

 

5.4.2 Justification for Mapping with Complex Problem Solving 

• EP1 – Depth of Knowledge: Required advanced understanding of deep learning, 

medical imaging, and performance evaluation. 

• EP2 – Range of Conflicting Requirements: The system needed to achieve very 

high accuracy while still being lightweight enough for low-resource hospital 

environments. 

• EP3 – Depth of Analysis: Extensive preprocessing, model fine-tuning, and 

performance comparison were required to ensure reliability. 

• EP4 – Familiarity of Issues: AI in medical imaging is not new, but COVID-19 

detection posed a novel and urgent challenge. 

• EP5 – Applicable Codes: No universal AI codes exist, but the project followed 

medical ethics, IEEE reporting standards, and data privacy practices. 

• EP6 – Stakeholder Involvement: Multiple stakeholders were involved, including 

radiologists, hospitals, patients, and researchers. 

• EP7 – Interdependence: Success required a combination of knowledge from 

computer science, healthcare, engineering design, and ethical practices. 

 

5.4.3 Engineering Activities 

This section provides the mapping of the project to complex engineering activities. 

Each activity (EA1–EA5) has been mapped in Table 5.3, followed by explanations 

and rationale. 

Mapping with Complex Engineering Activities 

 

Table 5.3: Mapping with Complex Engineering Activities. 

EA1 

Range of re- 

sources 

EA2 

Level of 

Interaction 

EA3 

Innovation 

EA4 

Consequences 

for society 

and 

environment 

EA5 

Familiarity 

 
             ✔ 

 
            
× 

 

          ✔      ✔          ✔ 

5.4.4 Justification for Mapping with Complex Engineering Activities 
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EA1: Range of Resources 

Numerous cutting-edge resources were used in the project. Google Colab, which offered 

free GPU access, was used for all experiments. Model development was done using deep 

learning frameworks like TensorFlow and Keras, and preprocessing was done using 

libraries like NumPy, Pandas, and OpenCV. A carefully curated dataset of COVID-19 and 

Normal chest X-rays was collected from both hospitals and open-access repositories. 

Ethical guidelines were followed during data usage, and transfer learning with CNN 

architectures allowed for accurate classification. Altogether, the project required a broad 

range of computing, software, data, and ethical resources. 

EA2: Level of Interaction 

This project was primarily research-oriented, and most work was carried out in a 

digital environment. Direct patient interaction was not included, since the dataset 

was anonymized and pre-collected. For this reason, EA2 was not mapped. However, 

future deployment in hospitals may involve greater interaction between doctors, 

patients, and the system. 

EA3: Innovation 

In order to achieve high accuracy and computational efficiency, the project combined 

transfer learning with a custom CNN, introducing innovation. Even though it was 

lightweight, the custom CNN performed well, even though VGG16 and ResNet50 

produced results that were almost flawless.This demonstrates that effective AI 

models can be developed for real-world hospitals with constrained budgets. 

EA4: Consequences for Society and Environment 

Faster and more accurate COVID-19 detection is made possible by the system, 

which directly improves public health. This allows physicians to treat patients more 

quickly and reduces the need for slower and more costly RT-PCR tests. Better illness 

control and more effective healthcare for society are the results of this. Utilizing AI-

analyzed digital chest X-rays lowers medical waste and conserves resources by 

eliminating the need for chemical-based lab tests and disposable kits. 

EA5: Familiarity 

While AI in medical imaging is an active research field, applying it specifically for 

COVID-19 detection was a relatively new challenge 

 

5.5 Summary 
The engineering standards and design difficulties that influenced the project were covered 

in this chapter. To demonstrate how the system was constructed in an organized and 

expert manner, several elements were discussed, including software, communication, 

ethics, and sustainability. The budget and financial planning were also presented, 

including a cost-effective model within BDT 60,000 and an alternate higher-cost setup for 

larger institutions. A possible revenue model was outlined to ensure long-term 

sustainability. 
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The project was then mapped to the Complex Engineering Problems and Knowledge 

Profiles framework, demonstrating how it satisfies the requirements of interdependence, 

deep knowledge, conflicting requirements, and stakeholder involvement. The mapping 

showed that deep learning to solve COVID-19 detection calls for not only technical know-

how but also knowledge of research literature, engineering practice, and ethics. 

 

Finally, the Engineering Activities (EA1–EA5) were mapped, highlighting the wide range 

of resources used, the innovative design, the consequences for society and the 

environment, and the balance between familiarity and novelty.
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Chapter 6 
 

Conclusion 
 
This chapter brings together the key points of the work and reflects on what has been 

achieved so far. It summarizes the overall process, the findings, and the importance 

of the project in the context of healthcare. 

 

6.1 Summary 

Throughout this project, our main objective was to design and evaluate a deep 

learning–based system for detecting COVID-19 from chest X-ray images. The work 

began with a detailed review of related studies, which helped us understand the 

limitations of existing methods and identify where our approach could make a 

contribution. 

We then collected and prepared a dataset of chest X-rays, applying preprocessing 

steps such as grayscale conversion, resizing, normalization, and augmentation to 

ensure that the data was clean and consistent. Both a custom lightweight CNN and 

several pre-trained models (VGG16, ResNet50, DenseNet121, InceptionV3, and 

Xception) were tested under the same conditions. The models were trained, validated, 

and evaluated using standard performance metrics like accuracy, precision, recall, 

F1-score, ROC-AUC, and confusion matrices. 

The results showed that while pre-trained models, particularly VGG16, achieved the 

highest accuracy, our custom CNN also performed strongly despite its simpler 

structure. This highlighted the balance between efficiency and accuracy—making it 

clear that lightweight models can still provide real value in low-resource hospital 

environments. 

Finally, the system was integrated into a simple web application where users can 

upload chest X-rays and view predictions instantly. Beyond COVID-19, the pipeline 

was designed to be flexible so that it can be extended to other respiratory diseases 

such as pneumonia or tuberculosis in the future. 

In short, this project successfully demonstrated that artificial intelligence can support 

medical diagnosis by providing fast, accurate, and practical solutions. 

 

6.1 Limitation 
This endeavor, like any other scientific initiative, has some limits. The dataset was well-

prepared, but it was still modest compared to the huge image collections that are usually 

needed for deep learning. The model could be even better with a bigger dataset that has 

more varied examples. Another problem was that the pictures were taken from a small 

number of places, which may not properly show the range of X-rays observed in hospitals 

around the world. 

 

In terms of technology, the models were trained and evaluated in Google Colab with some 

hardware limits. This often made it hard to make the models deeper or more complicated 

because training bigger models would need more computing resources. Lastly, even 

though the system was put into place on the web, it was never completely tested in a real 

hospital, therefore real-world problems like data protection, workflow integration, and 

scalability were not entirely solved in this project. 
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6.2 Future Work 
Even with these problems, there are many ways that this project can flourish. First, 

gathering a much bigger and more varied dataset from several hospitals would make the 

models considerably more reliable and useful in general. The system might also be 

expanded to include more respiratory ailments, such pneumonia, tuberculosis, or lung 

cancer, which would make it a more complete diagnosis tool. 

 

In the future, researchers could try using more advanced deep learning methods like 

ensemble learning or attention-based models to see if they can boost accuracy any further. 

Putting the system into real hospitals is also a crucial next step since it would let 

clinicians test it in real-world situations and give valuable input. 

 

Finally, making the system more useful for real clinical usage by incorporating better 

data privacy and security features, such DICOM compatibility and compliance with 

healthcare rules, would be a good idea. These changes could make the project a 

dependable AI-based assistant for radiologists and other healthcare workers. 
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