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ABSTRACT 

  
Medical imaging in the form of X-ray radiography is the foundation of diagnosing 

musculoskeletal disorders. However, manual interpretation of radiologists is 

time-consuming and prone to inconsistency, so automated deep learning-based 

classification is essential. This paper uses convolutional neural networks (CNNs) 

for classifying musculoskeletal radiographs from the MURA dataset with 5,107 

X-ray images. Four deep learning models VGG19, Xception, MobileNetV2, and 

ConvNeXtBase were trained and tested using benchmark classification 

performance measures: Recall, Precision, and F1-score. MobileNetV2 proved to 

be the best baseline with an F1-score of 0.92, which on the application of 

hyperparameter tuning with increased learning rate, dropout, and L2 

regularization rose to 0.94. Preprocessing techniques involving auto-orientation, 

resizing, and data augmentation (blurring, rotation, shearing, and noise 

addition) enhanced generalizability in the model. To enhance clinical validity, 

interpretability methods Local Interpretable Model-Agnostic Explanations 

(LIME), Saliency Maps, and Gradient-weighted Class Activation Mapping 

(Grad-CAM) were integrated to achieve visual representation of the model's 

focus on clinically important anatomical structures. These methods verified the 

model's focus on joint and bone regions, in line with radiology expertise. Fine-

tuned MobileNetV2 model integrated with interpretability offers high accuracy 

and computational efficiency, making it clinically suitable for assisting 

radiologists. This approach enhances diagnostic precision, reduces workload, 

and advances AI-driven medical image analysis for the detection of 

musculoskeletal disorders. 

 

Keywords: X-ray, ConvNeXtBase, VGG19, CNNs, MobileNetV2, Hyper-parameter 

Tuning, Classification, Medical Image, MURA, Interpretability, LIME, Saliency 

Maps, Grad-CAM.
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Chapter 2 
 

Background 
 
2.1 Introduction 

 

In this paper, the classification of musculoskeletal X-ray images from the MURA 

dataset using convolutional neural networks (CNNs) is investigated.  After 

evaluation of four different architectures—VGG19, Xception, MobileNetV2, and 

ConvNeXtBase—MobileNetV2 was shown to offer the optimum trade-off between 

accuracy and processing efficiency.  The model was trained using SGD with dropout, 

L2 regularization, and adaptive learning rates following hyperparameter 

optimization and thorough data preparation (resizing, augmentation, and noise 

injection).  Interpretability was guaranteed by Explainable AI (XAI) methods such 

as LIME, Saliency Maps, and Grad-CAM, which highlighted clinically significant 

areas in X-rays.  With the best F1-score of 0.94, Tuned MobileNetV2 proved that 

lightweight CNNs and XAI can diagnose musculoskeletal disorders accurately, 

quickly, and interpretably, enabling practical clinical applications. 

 
2.2 Literature Review 

 

Literature review discusses the current advancements in deep learning for medical 

image analysis with explicit mention of Vision Transformers (ViTs) and 

Convolutional Neural Networks (CNNs) in their use towards X-ray image 

classification. It has identified experiments on large databases used in diagnosing 

diseases like COVID-19, tuberculosis, osteoporosis, and pneumonia and unveiled the 

superiority of hybrid and ViTs models. It provides a foundation in appreciating the 

potential of the frameworks in enhancing diagnosis accuracy and efficacy.  

  

Om Uparkar et al. compared the ViT and CNN in terms of lung disease classification 

from X-ray images. Despite the fact that CNNs have been traditionally employed due 

to their hierarchical feature extraction property, hybrid networks like the VDSNet 

have come back very encouragingly. This is clear in the paper carried out using 

112,120 X-ray images and 30,805 patients, where the achieved accuracy is slightly 

higher by ViTs by 70.24%, compared to 69.86% of CNN-based VDSNet.The self-

attention mechanism, together with the pre-training of ViTs on very large datasets 

such as ImageNet, makes them strong enough to achieve higher accuracy at low 

computational overhead compared with CNNs (Uparkar et al., 2023) [1].  

  

Xiaoben Jiang et al. proposed the MXT model, an advanced form of the Pyramid 

Vision Transformer (PVT), for multi-label classification in chest X-ray images (Jiang 

et al., 2022). Their methodology was able to achieve a high mean AUC of 83.0% on the 

Chest X-ray14 dataset and 94.6% on the Catheter dataset with 112,120 X-ray images 

of 30,805 patients. The novelties in this work are hierarchical feature aggregation, 

overlap patch embedding, dynamic position-aware feed-forward mechanisms, and 

attention-based multi-label classification. This method combines the advantages of 
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CNNs and Transformers, enhancing resource efficiency and feature representation 

for multi-label medical image classification [2].  

  

Tianyi Chen and others built a COVID-19 ViT-based detection model using chest Xray 

images (Chen et al., 2024). The architectures of the models such as variants of 

EfficientNetB0, B3, and B5, and others, and some of the ViT architectures, Base-

patch32, Basepatch16, Base-patch8, MViT2, were tested on a dataset of 21,165 

images. The best of their ViT method is one reaching up to an accuracy of 95.79%, 

even surpassing the performance of the two architectures of EfficientNet considered. 

The outcome presents their ability to solve the challenging clinical classification with 

scalability and computational effectiveness [3]. 

  

Gabriel Iluebe Okolo and colleagues showed how deep learning has impacted 

automated diagnosis using the application of chest X-rays, among others (Okolo et al., 

2022). The highest performing diagnosis of childhood pneumonia was through the 

application of the IEViTL/32 model with an F1-score of 98.4%, and the tuberculosis 

classifier attained 100% using the variant IEViT-B/32. The CAD system of COVID-

19 and viral pneumonia using the IEViT-L/32 attained an F1-score of 98.05%, and the 

CAD system of COVID-19 using the variant IEViT-B/16 attained an F1-score of 

96.39% [4]. 

 

Ali Sarmadi et al. (Sarmadi et al., 2024) investigated the effectiveness of employing 

Vision Transformers (ViTs) and Convolutional Neural Networks (CNNs) as tools of 

osteoporosis detection in X-ray images. The analysis considers how recent 

architecture ViTs implement global feature extraction compared to well-established 

CNN framework architectures like VGG16, VGG19, ResNet50, and ResNetRS101 in 

their effectiveness. Research points to effectiveness being greater than CNNs so long 

as training data is at sufficient levels to bring prospective success to analysis tasks in 

medicine on images. With a pool of 240 X-ray images, it is discovered that neural 

networks with VGG16 attained a maximum accuracy of 0.6170 but were overtaken 

by ViTs in their effectiveness in tasks in medical imaging classification [5]. 

  

Their architecture is an integration of Multi-scale Vision Transformers (MViTs) and 

a U-Net-based CNN architecture applied to COVID-19 detection from chest X-ray 

images (Xu et al., 2022). The network is evaluated on two COVID-19 databases: 

COVIDx with 13,824 X-rays and COVIDx CXR-3 with 3,616. The accuracy of their 

design is 99.10% and 99.20% on the respective splits and outperforms baseline CNNs, 

ResNet, and DenseNet architectures. The paper illuminates the great promise of 

hybrid heterogeneous models of CNNs and Transformers in the processing of medical 

images [6].  

 

Anas Tahir and colleagues designed a Vision Transformer-based system to perform 

multi-class classification of thoracic diseases such as COVID-19, pneumonia, and 

normal cases (Tahir et al., 2022). The model was trained using a dataset consisting of 

21,165 X-ray images, and the ViT-based method attained 96.1% in terms of accuracy 

versus 92.3% by EfficientNet-B5. Patch embeddings and self-attention mechanisms 

were applied by the model to extract global dependencies and were effective in the 

classification of several thoracic diseases [9]. 

  

Shervin Minaee and colleagues work on a pioneer ViT deployment to COVID-19 

diagnosis on chest X-rays (Minaee et al., 2020). They work on of 5,000 images, their 

ViT network gave 96.0% and 94.5% sensitivity and specificity respectively and 
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surpassed conventional CNN-based networks such as ResNet18 and VGG16. The 

work was one of the earliest to show the possibility of using ViTs is applied of 

classifications of medical images, in their case pandemic diagnosis [10]. 

 

Pranav Rajpurkar et al. work for CheXNet, a 121 level DenseNet classifier to findout 

pneumonia in chest Xrays (Rajpurkar et al., 2017). It is trained on a huge dataset, 

the dataset contain (ChestXray14) over 100,000 images and obtained an F1-score of 

76.8%, higher than practicing radiologists at discerning pneumonia. Even though it 

is by no means a transformer-based design, it established a baseline standard upon 

which work for TransformerCNN hybrids in illness detection built [12]. 

  

Mohamed Loey et al. applied deep transfer learning models such as ResNet50, 

VGG16, and InceptionV3 for COVID-19 detection from chest X-ray images (Loey et 

al., 2020). Using a small dataset of 307 images, ResNet50 achieved the best 

performance with 97% accuracy. Despite dataset limitations, the study highlighted 

the potential of deep learning for rapid COVID-19 screening and laid the groundwork 

for future Transformer-based models [13].  

  

Tulin Ozturk et al. developed a custom CNN architecture called DarkCovidNet for 

COVID-19 detection in chest X-ray images (Ozturk et al., 2020). Evaluated on a 

dataset of 1,127 images, DarkCovidNet achieved 98.08% accuracy for binary 

classification (COVID-19 vs. Normal) and 87.02% accuracy for three-class 

classification (COVID-19, Normal, Pneumonia). While not Transformer-based, this 

work contributed significantly to early AI-driven COVID-19 diagnosis using medical 

imaging [14].  

  

Muhammad Rahim et al. proposed a Swin Transformer-based model for lung disease 

classification from chest X-rays (Rahim et al., 2022). Their framework utilized 

hierarchical Transformer blocks with shifted window mechanisms to capture both 

local and global dependencies. On the ChestX-ray14 dataset, the model achieved a 

mean AUC of 87.9%, outperforming ResNet101 and EfficientNet-B4 baselines. The 

study is performed on large-scale medical image classification with good accuracy 

[15].  

  

Hafiz Tayyab Rauf et al. work for applying hybrid Vision Transformer and CNN 

architectures to detecting pneumonia in chest X-rays (Rauf et al., 2021). The model 

was tested on 5,856 image that pediatric chest X-rays and reached 96.7% accuracy 

and 97.1% sensitivity respectively while surpassing VGG16 and ResNet50 baselines. 

The hard work give us global patterns and local features extraction by ViTs and CNNs 

respectively, achieving enhanced diagnostic accuracy [16]. 

 

Chunhui Liu et al. developed TransChestNet, a Transformer-based classifier of 

thoracic diseases at the chest radiograph level (Liu et al., 2022). TransChestNet was 

trained on large dataset that contains 112,120-radiograph dataset ChestX-ray14 and 

produced an AUC score of 86.3%, higher than ResNet101 and DenseNet201 both. [17]. 

 

Deepak Gupta and colleagues explored using hybrid Transformer and CNN 

architectures with the easiest way to detect tuberculosis (Gupta et al., 2021). Their 

dataset comprised 4,200 X-ray chest radiographs on which the hybrid architecture 

pulled ahead to achieve an accuracy of 95.4%, remaining ahead of CNN-only 

baselines. The work show us attested to added self-attention to CNN architectures 

enhancing diagnostic reliability on limited-resource datasets [18]. 
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Fatima Zahra and colleagues suggested a COVID-19 hybrid CNN-Transformer-based 

model detection in X-rays on chests (Zahra et al., 2021). With a dataset of 3,616 X-ray 

images their hybrid system attained 98.5% accuracy and surpassed CNN-only 

baselines such as ResNet50 and DenseNet121. The paper established the high 

possibility of hybrid architectures in achieving high diagnostic accuracy with 

relatively small medical datasets [20]. 

  

Chiagoziem C. Ukwuoma and colleagues proposed an ensemble of ensemble 

convolutional networks and a Transformer Encoder to detect pneumonia in chest X-

ray imagery(Ukwuoma et al., 2023). The system presented employs Ensemble A 

(DenseNet201 VGG16, GoogleNet) and Ensemble B (DenseNet201, 

InceptionResNetV2, Xception) to extract features and feed into a Transformer 

Encoder with self-attention and multilayer perceptrons (MLPs). Visual explainability 

using saliency maps highlighted essential regions within CXR images. The hybrid 

framework delivered superior results with 99.21% accuracy and F1-score for binary 

classification, and 98.19% accuracy and 97.29% F1-score for multi-classification, 

outperforming individual and ensemble-only models [21].  

  

Yongjun Ma and Wei Lv investigated pneumonia identification using Swin 

Transformer models to overcome CNN limitations (Ma & Lv, 2022). Their approach 

integrated image enhancement methods with Grad-CAM-based lesion region 

identification, improving diagnostic precision. Experiments on over 100,000 chest 

Xray images demonstrated that the Swin Transformer increased accuracy from 76.3% 

to 87.3% and raised another measure from 92.8% to 97.2%, outperforming CNN-based 

networks and establishing transformers as more effective for pneumonia detection in 

medical imaging [22].  

  

Kim introduced CheXFusion, a transformer-based fusion model addressing 

challenges like long-tailed data distribution, label co-occurrence, and multi-view chest 

X-ray image integration (Kim, 2023). The model used self-attention and 

crossattention mechanisms to efficiently collect multi-view features, along with data 

balancing techniques and self-training. Evaluated on the MIMIC-CXR dataset 

containing 377,110 images, CheXFusion achieved 0.847 accuracy and 0.372 mAP, 

ranking first in the ICCV CVAMD 2023 Shared Task on CXR-LT. The study 

emphasized multi-view fusion and attention mechanisms for improved medical image 

classification [23].  

  

Tuan Le Dinh et al. proposed a deep learning approach using Hybrid 

EfficientNetDOLG and Transformer models for COVID-19 detection and severity 

assessment (Le Dinh et al., 2022). Using 30,128 chest X-ray images categorized as 

normal, pneumonia, or COVID-19, the hybrid approach achieved performance scores 

of 0.95 and 0.96. This study demonstrated the potential of deep learning frameworks 

to aid radiologists in rapid and accurate COVID-19 diagnosis while providing severity 

assessment [24].  

  

Rizka Yulvina et al. introduced a dual AI model combining ViT and CNN for 

multiclass and multi-label identification of TB-related anomalies in chest X-rays 

(Yulvina et al., 2024). The study analyzed 133 hospital-based images from Dr. Cipto 

Mangunkusumo National Central General Hospital and 214 NIH dataset images. 

Using augmentation, class weighting, and focal loss to address data imbalance, the 
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hybrid EfficientNetV2L and ViT achieved 91.1% accuracy. The result proves to us AI 

to enhance TB-related able to detect anomaly with accurate and efficient way [25]  

 

Table 2.1: Summary of Literature Reviewed. 
Author(s) Year Title Methodology Key Findings 

Om Uparkar 
et al [1]. 

2023 Lung disease 

classification 

ViT vs CNN 

(VDSNet) 

ViT: 70.24% 

accuracy; CNN: 

69.86%; ViTs more 

efficient due to self-

attention & 

pretraining 

Xiaoben 
Jiang et al 
[2]. 

2022 Multi-label 

chest X-ray 

classification 

MXT (Pyramid 

Vision 

Transformer + 

CNN features) 

Mean AUC: 83% 

(Chest X-ray14), 

94.6% (Catheter); 

efficient multi-label 

classification 

Tianyi Chen 
et al [3]. 

2024 COVID-19 

detection 

ViT variants, 

EfficientNet-

B0/B3/B5 

Best ViT accuracy 

95.79%; outperformed 

EfficientNet and 

other ViTs 

Gabriel 
Iluebe Okolo 
et al [3]. 

2022 Pneumonia, TB, 

COVID-19 

detection 

IEViT-L/32, 

IEViT-B/32 

F1-score 98.4% 

pneumonia; 100% TB; 

98.05% COVID-19 

Ali Sarmadi 
et al [4]. 

2024 Osteoporosis 

detection 

ViTs vs CNNs 

(VGG16/19, 

ResNet50/RS101) 

ViTs outperform 

CNNs when sufficient 

training data; CNN 

top accuracy 0.6170 

Keying Ren 
et al [5]. 

2023 COVID-19 

detection 

RMT-Net 

(ResNet50 + 

Transformer) 

X-ray accuracy 

97.65%; CT 99.12%; 

detection time 5.46 

ms per X-ray 

Mohamad 
Mahmoud / 
Al Rahhal et 
al [6]. 

2022 COVID-19 

detection 

ViT Accuracy 99.37%; 

effective with limited 

data 

Debaditya 
Shome et al 
[7]. 

2021 COVID-19 

detection 

ViT-based 

pipeline 

Binary: 98% 

accuracy, 99% AUC; 

Multi-class: 92% 

accuracy, 98% AUC 
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Author(s) Year Title Methodology Key Findings 

Kotei & 
Thirunavuk
arasu [8]. 

2024 TB diagnosis DeiT + ResNet-16 Accuracy 99.38%, F1 

99.33%; outperforms 

EfficientNet-B3 & CNNs; 

lightweight & fast 

Sangjoon 
Park et al 
[9]. 

2022 COVID-19 

detection & 

severity 

assessment 

Multi-task ViT Precision 96.8%; 

outperformed ResNet-

50, DenseNet-121, 

EfficientNet-B7 

Sukhendra 
Singh et al 
[10]. 

2024 Pneumonia 

detection 

ViT Accuracy 97.61%, 

Sensitivity 95%, 

Specificity 98%; exceeds 

CNN performance 

Md Nazmul 
Islam et al 
[11]. 

2022 Renal disease 

diagnosis 

Swin 

Transformer, 

EANet, CCT, 

ResNet50, 

VGG16, 

InceptionV3 

Swin Transformer best: 

Accuracy 99.3%; high 

F1, precision, recall 

Leonardo 
Tanzi et al 
[12]. 

2022 Bone fracture 

classification 
ViT 

 
 

Accuracy 83%, F1 0.77; 

attention maps 

improved expert 

interpretation by 29% 

Bouthaina 
et al [13]. 

2023 Pneumonia 

severity 

quantification 

ViTReg-IP Lowest error, high 

correlation with 

radiology scores; 

efficient & minimal 

preprocessing 

Tran et al 
[14]. 

2023 COVID-19 

multi-task 

detection 

Multi-task Vision 

Transformer 

(MVC) 

Accuracy 61.5%; detects 

disease & ROIs; 

outperforms several 

CNN and ViT models 

Selvano et 
al [15]. 

2023 Lung disease 

classification 

on imbalanced 

data 

DINO ViT 

variants, 

ResNet50 

DINO ViT-S16: ~95.6% 

precision/recall/F1; 

focuses on lung regions 
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Author(s) Year Title Methodology Key Findings 

Liu et al 
[16]. 

2023 COVID-19 

pneumonia 

diagnosis 

YOLO-v4 + CNN 

+ pyramid MLP-

Mixer 

Accuracy: Train 99.74%, 

Val 98.34%, Test 98.25% 

Wang et al 
[17]. 

2023 COVID-19 

pneumonia 

diagnosis 

PneuNet (ViT-

based) 

Accuracy 94.96%, 

Precision 96.95%, Recall 

98.45%, F1 97.69% 

Duong et al 
[18]. 

2021 Tuberculosis 

detection 

Hybrid ViT + 

EfficientNet_B1 

Accuracy 97.72%, AUC 

100%; effective on 

small/limited datasets 

Sivarama 
Krishnan & 
Karthikp 
[19]. 

2021 COVID-19 

detection 

ViT-B/32 Accuracy 97.61%, 

Precision 95.34%, Recall 

93.84%, F1 94.58% 

Chiagoziem 
C Ukwuoma 
et al [20]. 

2023 Pneumonia 

detection 

Ensemble CNN + 

Transformer 

Encoder 

Binary: 99.21% 

accuracy/F1; Multi-class: 

98.19% accuracy, 

97.29% F1 

Ma & Lv 
[21]. 

2022 Pneumonia 

detection 

Swin 

Transformer 

Accuracy improved 

76.3%→87.3%; 

outperformed CNNs 

Kim [22]. 2023 Medical image 

classification 

CheXFusion 

(Transformer-

based fusion) 

Accuracy 0.847, mAP 

0.372; multi-view fusion 

& attention enhanced 

classification 

Tuan Le 
Dinh et al 
[23]. 

2022 COVID-19 

detection & 

severity 

Hybrid 

EfficientNet-

DOLG + CNN & 

ViT 

Best scores 0.95 & 0.96; 

supports radiologists 

Yulvina et 
al [24]. 

2024 TB anomaly 

detection 

Dual AI (ViT + 

CNN) 

Accuracy 91.1%; 

addresses data 

imbalance; multi-

class/multi-label 

detection 

2.3 Gap Analysis 

In this section, I am going to talk about the what is the limitation that work about paper 

I mention in the literature review on deep learning for medical image classification. My 

focusing on x-ray analysis. 
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2.4 Summary 
According to the gap analysis, the majority of current research concentrates on 

analyzing chest X-rays for lung-related conditions, paying little attention to 

lightweight architectures, musculoskeletal radiography, or model interpretability.  A 

promising tool for practical clinical applications in musculoskeletal disorder 

detection, the suggested system fills these gaps by concentrating on the MURA 

dataset, incorporating interpretability for clinical trust, refining a lightweight CNN, 

and guaranteeing strong performance metrics.
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Chapter 3 
 

Research Methodology 
 

The research technique is described in this chapter along with its overview, 

suggested methodology, requirements, detailed design, project plan, work 

distribution, and summary. 

 
3.1 Methodology 

In my work, I work for underwent a comprehensive evaluation.  Recall, precision, 

and F1-score—standard classification metrics—were used to evaluate each model's 

performance.  To confirm the clinical applicability of the model's predictions, the 

study also included Model Interpretability utilizing techniques including Grad-CAM, 

Saliency Maps, and LIME.  To increase trust in the model's capacity to support 

radiologists, this interpretability analysis was essential. 

3.1.1 Overview 

My study's systematic and organized process is explained in the method section.  The 

dataset MURA has to be prepped first, and it requires important steps such as 

preprocessing and data augmentation to make the model robust.  To select the 

optimum model, I then trained four popular CNN architectures: ConvNeXtBase, 

MobileNetV2, VGG19, and Xception.  The method even outlines how the best-

performing model in the earlier experiments, namely MobileNetV2, is fine-tuned 

using hyperparameter optimization.  Finally, it considers the application of 

Explainable AI methods to ensure the clinical validity and interpretability of the 

predictions of the model. 

3.1.2 Proposed Methodology 
 Data Acquisition and Preprocessing: I work on the MURA dataset, which is 

contain musculoskeletal radiographs.  After undergoing a number of 

preprocessing operations like normalization, resizing, data augmentation. Then 

data was divided into test, validation, and training sets on 10%, 10% and 80% 

respectively.  Data augmentation (resilience and avoid overfitting) methods such 

as blurring, rotation, shearing, and noise addition were used to increase the 

model's. 

 

 Model Selection and Training: The data that was processed are used for 4 CNN model for 
best model selection:  
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VGG19  

 
Figure 3.1: Model architecture of VGG-19[33]. 

With 19 layers—16 convolutional layers and 3 fully-connected layers—the VGG-19 

is a deep neural network.  Its usage of tiny 3x3 convolutional filters stacked one on 

top of the other is its defining feature.  It is a good foundation model for image 

classification problems like the one in my research study because of its 

straightforward, consistent design, which enables it to learn hierarchical features 

from images. 

 

 Xception  

 

 
Figure 3.2: Model architecture of Xception[34]. 
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The deep convolutional neural network known as the "Xception model," or "Extreme 

Inception," is an advancement over the Inception design.  The use of depthwise 

separable convolutions, which are more computationally efficient than conventional 

convolutions, is its main innovation.  Xception is a strong and effective option for 

challenging picture classification jobs because of its architecture, which enables it to 

lower the number of model parameters while preserving or even enhancing 

performance. 

 

MobileNetV2

 
Figure 3.3: Model architecture of MobileNetV2[35]. 

A convolutional neural network (CNN) that is both computationally efficient and 

lightweight is the MobileNetV2. This model are designed for embedded and mobile 

vision systems.  The design of the application of inverted residual blocks with linear 

bottlenecks is at the very foundation.  Despite having outstanding accuracy, it 

significantly reduces parameters and computational cost. My tuned mobileNetV2 are 

work better than the base model, and given how well it performs, it is an ideal choice 

to become a practical, real-time diagnostic tool. 

 

ConvNeXtBase 

 
Figure 3.4: Model architecture of ConvNeXtBase[36]. 
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3.1.4 Data Flow Diagram 

 

Figure 3.5: Full workflow Diagram of my research work. 

 

It is employed in a multi-class classification-focused deep learning project. To 

categorize the medical photos into distinct groups, the objective is probably to train 

and assess a variety of deep convolutional neural networks, including VGG19, 

Xception, MobileNetV2, and ConvNeXtBase. The inclusion of phrases like 

"categorical cross-entropy," "stochastic gradient descent," and "hyperparameter 

tuning" implies that these models are being trained using a typical deep learning 

approach. 

 

3.1.5 UI Design 

 

Figure 3.6: Welcome page of System. 
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This is UI will be when our application will be start run. Then the animation of 

loading will be remaining for 3 second. Then the main page will be revel.  

 

 

Figure 3.7: Main page of the System. 

This is the main page of my system. This page will be open after loading (Welcome) 

page. In this page we can generally select the image from our local computer. So if 

any user wants to classify any image then he/she need to just click on Choose File 

button. Then application give me option to the choose X-Ray image.  

 

Figure 3.8: After upload and before prediction. 
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This image generally display which image I have select. If we want to predict or 

classify the image, then we have to just click on Upload & Predict. 

 

 

Figure 3.9: Predict result.  

This image for the after click Upload & Predict button. In this section we are able to 

see the classes, probability and Progress Bar. So in here we will able to watch the 

image that are upload in which class and with its probability and also Progress Bar 

for visual purpose. 

  



©Daffodil International University 19  

 

Figure 3.10: Prediction History.  

This section is about the history check. In here we can able to see the history of the 

image that we classify before. In the image section we will be see class name, Data 

and time, and image. If the history is empty and we click on History button. Then 

we alert message will be show “The History is empty”. If the history has then the 

system will show the history. And we can also hide history by click on Hide History 

button. And also if we want to clean history section. Then we have to click on Clear 

History button.  

 
3.2 Project Plan 
The main tasks for the project "Deep Learning-Based Classification of 

Musculoskeletal Radiographs: Optimizing CNN Architectures with Model 

Interpretability" are described in this part. They will take place between weeks 12 

and 48.  In order to create an optimal convolutional neural network (CNN) for clinical 

usage, the project entails data collection, preprocessing, model training, assessment, 

and integration of interpretability approaches utilizing the MURA dataset. 
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3.3 Task Allocation 
 

In the below table will show my activities in each period of the project between 12 to 48 

week 

 

Table 3.1: Table of Task Allocation. 

Tasks Weeks 

 1

2 

1

4 

1

6 

1

8 

2

0 

2

2 

2

4 

2

6 

2

8 

3

0 

3

2 

3

4 

3

6 

3

8 

4

0 

4

2 

4

4 

4

6 

4

8 

Data 

collection 

phase 

                   

                   

Preprocess 

all the 

data 

                   

                   

Model 

training 
                   

                   

Create a 

demo 

application

. 

                   

                   

 

3.4 Summary 
 

The work uses explainable AI (XAI) and deep learning approaches to categorize 

musculoskeletal radiographs.  To increase model resilience and decrease overfitting, 

the MURA dataset was preprocessed using auto-orientation, resizing, and enhanced 

with blurring, rotation, shearing, and noise addition.  Using Recall, Precision, and 

F1-score, four CNN architectures—VGG19, Xception, MobileNetV2, and 

ConvNeXtBase—were trained and assessed. MobileNetV2 performed the best and 

was further enhanced by hyperparameter tweaking. To increase radiologist trust, 

XAI techniques such as Grad-CAM, Saliency Maps, and LIME were employed to 

make sure forecasts were centered on clinically relevant anatomy.  My work is 

satisfied not only functional requirement but also non-functional requirement with 

the high accuracy (F1 ≥ 0.94), classification with the interpretability. Data collection, 

preprocessing, model building, assessment, and integrating interpretability for a 

therapeutically usable CNN framework are all covered in the project plan, which 

runs from weeks 12 to 48.
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Table 4.1: Performance of Different Models Scores. 

 

4.4 Confusion Matrix 

Tuned MobileNetV2 

 

Figure 4.2: Confusion matrix and training-validation loss and accuracy graph of 

tuned MobileNetV2 

 

The tuned MobileNet model achieves strong classification performance, with high 

accuracy in classes like Elbow (75/79) and Forearm (71/74) while reducing 

misclassification compared to the base model. Wrist and Finger classes show minor 

confusion but demonstrate overall improvement. The training loss smoothly getting 

less, while validation loss is peaking, indicating mild over fitting. Training accuracy 

reaches nearly 100%, with validation accuracy stabilizing above 95%, peaking at 

epoch 10. The model exhibits strong generalization, though further fine-tuning could 

help reduce validation loss variation and enhance robustness across all categories. 

  

Model Recall Precision F1 score 

ConvNeXtBase 0.75 0.75 0.75 

MobileNetV2 0.92 0.92 0.92 

VGG19 0.85 0.85 0.85 

Tuned_MobileNet 0.94 0.94 0.94 

Xception 0.92 0.91 0.91 
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VGG19 

 
 

Figure 4.3: Confusion matrix and training-validation loss and accuracy graph of 

VGG19 

 

VGG19 performs well, properly categorizing the fingers (70/73) and the humerus 

(62/66). However, it has trouble with misclassifications, particularly the 

elbow↔shoulder/forearm and the wrist→elbow (11 instances).  Stable learning and 

good generalization are indicated by loss and accuracy curves, with epoch 15 showing 

the highest validation accuracy.  Better feature extraction is required to lessen 

confusion in anatomically similar classes, even when overall performance is good.  

 

Figure 4.4: Confusion matrix and training-validation loss and accuracy graph of 

ConvNeXtBase 

 

Results with ConvNeXtBase are mediocre; it does well on the finger (67/73) and 

shoulder (60/66) but struggles on the wrist (42/66) and hand (51/66), and it is unclear 

on the elbow and forearm.  Although validation loss varies widely, loss curves 

demonstrate steady learning, and accuracy peaks around 70%, which is lower than 

other models.  Its worse feature extraction indicates that further fine-tuning and 

more robust augmentation are required to improve performance. 
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Xception  

 

Figure 4.5: Confusion matrix and training-validation loss and accuracy graph of 

Xception 

 

Xception performs well, doing well in Elbow (77/82) and Finger (71/75), but 

misclassifying Hand (61/74) and Wrist (58/67). Validation accuracy peaks at 92% at 

epoch 9, indicating high generalization, while loss curves show effective learning 

with little overfitting. The model works well overall, however it may be improved by 

making it easier to distinguish between comparable anatomical parts. 

 

 

Output 
By accurately identifying X-rays of the shoulder (first two photos) and finger (third 

image) with predictions that match ground truth, the visualization validates the 

model's dependability.  It accurately classifies skeletal traits by capturing them.  

The model's resilience and great promise for practical diagnostic use are 

demonstrated by the pictures' clarity and reliable forecasts. 
 

Model Interpretability for Clinical Trustworthiness: 

 

By emphasizing picture areas that affect predictions, the interpretability 

investigation confirms Tuned MobileNetV2's clinical usability for musculoskeletal 

X-ray categorization.  The model's focus was demonstrated to match anatomically 

significant features using LIME, Saliency Maps, and Grad-CAM on 511 MURA test 

pictures, gaining the trust of radiologists and demonstrating that predictions were 

based on clinical expertise. 

 

 
Figure 4.6: Example of Output Images of Testing dataset 
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Local Interpretable Model-Agnostic Explanations (LIME) 

LIME was used to divide X-ray pictures into superpixels, perturb them, and train a 

basic linear model to give significance scores in order to understand Tuned 

MobileNetV2 predictions. In line with clinical significance, the visualizations 

emphasized important anatomical areas, such as the olecranon and distal humerus 

in XR\_ELBOW pictures. Some misclassifications (such as elbow vs. humerus) 

mirrored confusion reported in the confusion matrix, even though they were in line 

with radiological predictions. By providing radiologists with intuitive insights into 

the model's decision-making process, the superpixel heatmaps improved 

interpretability and confidence. 

 

 
Figure 4.7: LIME Explanation Image, highlighting the important areas  

 

Saliency Maps 

By backpropagating gradients from the predicted class to the input picture, saliency 

maps for Tuned MobileNetV2 emphasize pixels that have the greatest influence on 

predictions. The maps confirmed attention on clinically significant regions by 

emphasizing high-contrast bone margins surrounding the olecranon and proximal 

radius/ulna for an XR\_ELBOW image (Class 639). The model was able to focus on 

anatomically significant characteristics rather than unimportant artifacts because 

to preprocessing approaches including noise injection, which reduced the image's 

susceptibility to background noise. 
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Figure 4.8: Saliency Map Visualization emphasizing bone edges around the 

olecranon and proximal radius/ulna, with segmented important regions. 

 
Gradient-weighted Class Activation Mapping (Grad-CAM) 

Grad-CAM for Tuned MobileNetV2 uses the gradients of the last convolutional layer 

to create heatmaps that show the areas that have the greatest influence on 

predictions. The heatmap in an XR\_SHOULDER picture aligned with clinically 

significant fracture or dislocation locations by concentrating on the proximal 

humerus and glenohumeral joint. Grad-CAM offered wider, more accurate attention 

areas than saliency maps, which made it much easier for radiologists to understand. 

Direct linkage between model attention and anatomical landmarks was made 

possible by superimposing the heatmap on the actual X-ray, confirming its clinical 

significance. 

 
Figure 4.9: Grad-CAM Visualization, localizing the proximal humerus and 

glenohumeral joint with a heatmap. 

 

 

4.5 Summary 
 

The "Deep Learning-Based Classification of Musculoskeletal Radiographs: 

Optimizing CNN Architectures with Model Interpretability" project's 

implementation and assessment were described in this chapter.  The project, which 

was implemented in Python 3.8 on Kaggle utilizing TensorFlow/Keras with NVIDIA 

CUDA GPU acceleration, processed the MURA dataset of 5,107 X-ray pictures using 

interpretability tools (LIME, Saliency Maps, Grad-CAM) and libraries such as 

NumPy, Pandas, Matplotlib, Seaborn, scikit-learn, and OpenCV.  Recall, Precision, 

and F1-score were used to assess five CNN models (VGG19, Xception, MobileNetV2, 

ConvNeXtBase, and Tuned MobileNetV2) on a test set (20% of the dataset).  With 

an F1-score of 0.94, Tuned MobileNetV2 outperformed the others, followed by 

MobileNetV2 (0.92), Xception (0.91), VGG19 (0.85), and ConvNeXtBase (0.75). The 

findings, which are corroborated by accuracy comparisons, show that MobileNetV2's 

performance was much improved by hyperparameter tweaking, making it a highly 

accurate and computationally efficient solution for the categorization of 

musculoskeletal radiographs that may find use in clinical settings.
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5.1.3 Communication Standards 
 

Not relevant because the project's main goal is offline picture categorization and it 

doesn't employ networked systems or real-time data transfer. 

 
 

5.2 Impact on Society, Environment and 

Sustainability 

5.2.1 Impact on Life 

The strategy improves medical facility efficiency, particularly in areas with limited 

resources, by reducing the workload of radiologists and freeing up healthcare 

workers to concentrate on challenging patients.  Because of its lightweight design, it 

allows implementation in low-resource environments, hence promoting fair access to 

modern diagnostics. 

5.2.2 Impact on Society & Environment 

Compared to more powerful models like ConvNeXtBase, the usage of lightweight 

MobileNetV2 reduces energy consumption and computing resource demands.  By 

utilizing pooled resources, training on Kaggle's cloud architecture significantly 

reduces its environmental impact. 

5.2.3 Ethical Aspects 
The project takes ethical issues into account by: 

 

1. Ensuring Fairness: To enhance model generalization across a range of patient 

demographics, data augmentation approaches were used after the MURA dataset was 

examined for bias (such as demographic imbalances). 

 

2. Explainable AI: By combining LIME, Saliency Maps, and Grad-CAM, model 

predictions are transparent, which builds patient and radiologic confidence. 

 

3. Data privacy: Despite the anonymization of the MURA dataset, the project 

architecture complies with HIPAA regulations, guaranteeing that patient data is 

protected in clinical deployments in the future. 

 

Black-box models and other ethical alternatives were disregarded because they were 

difficult to comprehend, which may erode confidence in medical applications. 

5.2.4 Sustainability Plan 

By using a lightweight model (Tuned MobileNetV2) that operates effectively on 

common hardware and lowers energy expenses, as well as open-source technologies 

like TensorFlow, Keras, and scikit-learn to facilitate community contributions and 

ongoing improvements, the project guarantees sustainability.  Additionally, it 

encourages the model's open-source release to facilitate continued study, teamwork, 

and future advancements, and it aims for a scalable, web-based application to 

guarantee long-term accessibility in clinical settings. 
  



©Daffodil International University 30  

5.3 Project Management and Financial Analysis 
Table 5.1: Table of cost estimation. 

SN Components Estimated Cost (BDT) 

01. Tools and Equipment (GPU, storage, RAM) 5,000 – 8,000 

02. Documentation and Report Writing 1000-1500 

05. Validation and Evaluation (Cloud GPU time) 1,500 – 2,000 

06. Documentation and Report Writing 500-1000 

07. Contingency (10% of total) 1000-1500 

 Total Estimated Cost 9000-14000 

 

 

5.4 Complex Engineering Problem 

By addressing issues in deep learning for medical imaging, such as high-dimensional 

data processing, model improvement, and clinical interpretability, the project tackles 

challenging technical difficulties. 

5.4.1 Complex Problem Solving 
Provide a mapping with problem-solving categories in this section.  Add subsections 

to each mapping to provide justification (see Table 5.1).   I must create a new 

mapping for P1 that includes the knowledge profile and its justification. 
 

Table 5.2: Mapping with Complex Engineering Problem. 

EP1 

Dept of 

Knowle

dge 

EP2 

Range 

Of 

Conflicting 

Requireme

nts 

EP3 

Depth 

of 

Analys

is 

EP4 

Familiarity 

of Issues 

EP5 

Extent 

of 

Applica

ble 

Codes 

EP6 

Extent 

Of Stake- 

holder 

Involvem

ent 

EP7 

Interdepende

nce 

Advanced 

DL 

knowledge  

(CNNs, 

 XAI). 

DL  

knowledge  

(CNNs,  

XAI). 

Balance 
accuracy vs. 
efficiency. 

accuracy 

vs. 

efficiency.

In-depth 

metric 

analysis 

(F1-score). 

Novel 

musculoskel

etal AI. 

IEEE/ISO 

complianc

e. 

Radiologists

, patients. 

Preprocessing

, tuning, XAI. 
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Chapter 6 
 

Conclusion 
 

My work "Deep Learning-Based Classification of Musculoskeletal Radiographs: 

Optimizing CNN Architectures with Model Interpretability" is summarized 

here in along with its limitations and potential future research directions. 

 

6.1 Summary 

This study demonstrates the effectiveness of MobileNetV2 in classifying 

musculoskeletal radiographs, achieving an F1-score of 0.94 after hyper parameter 

tuning. My model's are high accuracy and computational speed make it an attractive 

clinical instrument as it has the potential to assist radiologists in making more rapid 

and precise diagnoses. The preprocessing methods and optimization used in this 

research resulted in the assurance of steady performance, while the model's 

lightness ensures its implementation in resource-scarce environments 

In the future, we foresee the creation of a web-based application that incorporates 

this model, offering healthcare practitioners an intuitive, real-time, automated 

musculoskeletal disorder detection tool. Furthermore, this application can be 

supplemented with other imaging modalities and features, e.g., model 

interpretability, to support clinical decision-making processes. In totality, this study 

lays the foundation for more accessible, AI-driven diagnostic applications that may 

enhance patient care and outcomes. 

 

6.2 Limitation 

 
Notwithstanding its successes, the initiative has a number of drawbacks: 

 

1. Limitation of the Dataset: Although the MURA dataset is varied, it could not 

accurately reflect all musculoskeletal diseases or patient demographics, which could 

limit the study's generalizability. 

 

2. Overfitting Risk: Even with regularization and augmentation, there is still a 

chance of overfitting, especially for intricate models like ConvNeXtBase, given the 

tiny test set size (20% of 5,107 photos). 

 

3. Absence of Real-Time Clinical Testing: Validation in real healthcare settings was 

limited since the models were assessed in a controlled environment (Kaggle) without 

being integrated into clinical processes in real-time. 

 

4. Computational Restrictions: MobileNetV2 is lightweight, but it hasn't been proven 

for deployment on devices with limited resources, such mobile or low-end hospital 

systems. 
 

5. Interpretability Scope: Although Grad-CAM, Saliency Maps, and LIME offered 
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insightful information, they occasionally displayed sensitivity to background noise, 

which in some circumstances may compromise clinical dependability. 

 

6.3 Future Work 
 

By adding dataset variety from other sources, such as BoneAge and private hospital 

datasets, the suggested future work seeks to increase the project's effect while 

enhancing generalizability and robustness.  While multi-modal imaging, which 

combines X-rays with MRI or CT scans, would improve diagnosis accuracy for 

complicated conditions, a web-based program with DICOM integration will allow for 

real-time clinical deployment.  In order to assist healthcare in rural areas and with 

limited resources, the Tuned MobileNetV2 model will be adapted for edge devices.  

Pilot studies with radiologists will guarantee clinical validation and workflow 

alignment, while advanced interpretability techniques like SHAP and Integrated 

Gradients will enhance the clarity of explanations. 
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Likely AI-generated text from a large-language model. 

 7 AI-generated text that was AI-paraphrased 10% 
Likely AI-generated text that was likely revised using an AI-

paraphrase tool or word spinner. 

 

Disclaimer 
Our AI writing assessment is designed to help educators identify text that might be prepared by a generative AI tool. Our AI writing assessment may not always be accurate (i.e., our AI 

models may produce either false positive results or false negative results), so it should not be used as the sole basis for adverse actions against a student. It takes further scrutiny and 

human judgment in conjunction with an organization's application of its specific academic policies to determine whether any academic misconduct has occurred. 

 

Frequently Asked Questions 

How should I interpret Turnitin's AI writing percentage and false positives? 
The percentage shown in the AI writing report is the amount of qualifying text within the submission that Turnitin’s AI writing detection model 

determines was either likely AI-generated text from a large-language model or likely AI-generated text that was likely revised using an AI 

paraphrase tool or word spinner. 

  
False positives (incorrectly flagging human-written text as AI-generated) are a possibility in AI models. 

  
AI detection scores under 20%, which we do not surface in new reports, have a higher likelihood of false positives. To reduce the likelihood of 

misinterpretation, no score or highlights are attributed and are indicated with an asterisk in the report (*%). 

  
The AI writing percentage should not be the sole basis to determine whether misconduct has occurred. The reviewer/instructor should use the percentage as a 

means to start a formative conversation with their student and/or use it to examine the submitted assignment in accordance with their school's policies. 

What does 'qualifying text' mean? 
Our model only processes qualifying text in the form of long-form writing. Long-form writing means individual sentences contained in paragraphs that make up 

a longer piece of written work, such as an essay, a dissertation, or an article, etc. Qualifying text that has been determined to be likely AI-generated will be 

highlighted in cyan in the submission, and likely AI-generated and then likely AI-paraphrased will be highlighted purple. 

  
Non-qualifying text, such as bullet points, annotated bibliographies, etc., will not be processed and can create disparity between the submission highlights and 

the percentage shown. 
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