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A. Introduction

The clinical significance of rapid and precise bone fracture detection is
paramount, as it serves as the cornerstone of effective orthopedic intervention and
patient recovery [1]. In high-pressure trauma environments, traditional manual
radiographic interpretation often leads to diagnostic delays and heightened risks of
human error. As global healthcare facilities face rising patient volumes, there is an
urgent need for automated diagnostic systems that provide reliable, second-opinion
support to radiologists, ensuring that subtle fractures are identified accurately
during initial assessments [2].

Recent breakthroughs in artificial intelligence have positioned Deep Learning
(DL) as a transformative force in medical imaging. Convolutional Neural Networks
(CNNs) and Vision Transformers (ViTs) have emerged as the dominant architectures
in this domain [3]. Standard CNN models, such as ResNet50, demonstrate exceptional
proficiency in detecting localized spatial patterns through hierarchical feature
extraction. Conversely, ViTs offer a superior understanding of global image context
by utilizing self-attention mechanisms, which allow the model to capture long-range
dependencies across the entire radiographic image [4].

Despite these advancements, a significant research gap persists: most high-
performing models remain computationally intensive. This complexity hinders their
deployment on resource-constrained edge devices or mobile clinical equipment
where real-time processing is essential [5]. To bridge this gap, this study first
conducts a comprehensive performance analysis of three baseline models: ResNet50,
MobileNetV3 Large, and ViT.

Building upon this comparative evaluation, the research proposes a novel
Hybrid ViT-MobileNetV3 architecture. This hybrid design aims to harmonize
diagnostic depth with computational efficiency by utilizing MobileNetV3 Large as a
lightweight backbone for initial feature extraction and integrating it with a
Transformer Encoder for global reasoning. The proposed system is specifically
engineered for high-speed, accurate multiclass bone fracture classification in real-
time medical environments, providing an optimal balance between local precision
and global context [6-10]. Recent advancements in orthopedic imaging emphasize
the necessity of capturing both local and global features for accurate diagnosis Azad
R et. al, demonstrated that Transformer-based architectures are indispensable for
analyzing long-range spatial relationships in complex anatomical regions,
significantly outperforming traditional CNNs in multi-class scenarios [9].
Complementing this trend toward efficiency, Abdusalomov, identified MobileNetV3
Large as a highly optimized backbone for medical tasks. Their study highlighted that
its squeeze-and-excitation blocks provide enriched feature maps with minimal
memory overhead, making it ideal for clinical integration [10-12].

The current trajectory in medical Al is shifting toward localized, point-of-care
diagnostics. As noted by Iyer T], "On-device AI" is becoming the new paradigm,
reducing reliance on cloud-based processing to provide instantaneous feedback in
emergency radiology [13]. Th Kim JW et al, who validated that Hybrid CNN-
Transformer frameworks achieve superior generalization. Their research confirms
that merging the local texture sensitivity of lightweight CNNs with the global
reasoning of Transformers mitigates the limitations of using either architecture in
isolation [14].
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By 2026, the integration of MobileNetV3 and Vision Transformers (ViT) has
been recognized as an emerging benchmark for automated orthopedic assessment.
This hybrid approach is specifically lauded for maximizing inference throughput
while maintaining high diagnostic precision, establishing a robust framework for
the next generation of real-time medical imaging tools [15].

B. Research Method

This portion composes the methodology incorporates a robust preprocessing
pipeline, utilizing Contrast Limited Adaptive Histogram Equalization (CLAHE) and
Gaussian filtering to normalize radiographic variations and accentuate subtle
structural fractures. Following image enhancement, the models are subjected to a
rigorous evaluation using a 14-class multiclass distribution to assess their precision,
recall, and computational latency. This comparative framework serves as the
empirical basis for developing a fused hybrid architecture that integrates
MobileNetV3’s efficiency with ViT’s global attention mechanisms for real-time
diagnostic deployment. The proposed the system as shown in Figure 1.
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B.1. Dataset Preparation and Image Enhancement

The foundational phase of this empirical study involves the curated "14 Fracture
Datasets" repository, which encompasses a diverse spectrum of fourteen orthopedic
fracture categories as illustrated in Figure 2. To ensure high fidelity in feature
representation, a multi-stage data refinement pipeline was executed. The dataset
was partitioned into training, validation, and testing sets using a 70:15:15 ratio to
prevent overfitting and ensure the generalizability of the models [16].

B.1.1. Advanced Image Preprocessing

To address the inherent noise and low contrast often found in digital

radiographs, two primary enhancement techniques were integrated:

* Gaussian Smoothing: To suppress high-frequency stochastic noise while
preserving essential structural edges, a Gaussian filter was applied. The
transformation is governed by the 2D Gaussian distribution formula as
Equation 1:

x? +y?

Gxy)= =€ (1)

Where o represents the standard deviation of the Gaussian kernel, controlling the
degree of blurring to stabilize subsequent feature extraction [17].

* Contrast Limited Adaptive Histogram Equalization (CLAHE): Unlike
standard histogram equalization, CLAHE operates on localized regions (tiles) to
optimize contrast without over-amplifying noise in homogeneous areas [18].
The enhancement is achieved by redistributing the luminance values based on
a predefined clip limit. The mapping function for each tile can be expressed as
Equation 2: To prevent the over-saturation of noise in near-constant regions,
the enhancement process incorporates a redistribution mechanism that clips
the histogram at a specific threshold before computing the Cumulative
Distribution Function (CDF).

f(p)=[L-1] X opn (2)

where is the probability density function of the pixel intensity i within the local
neighborhood, and L is the number of gray levels [19]. This stage is critical for
accentuating subtle fracture lines that are often obscured in raw X-ray imagery.
Following these transformations, all images were resized to a standardized
resolution of 224 x224 pixels to maintain architectural consistency across
theResNet50, MobileNetV3, and Vision Transformer (ViT) frameworks [20].
= Dataset Preparation:The primary fracture data is sourced from a
specialized repository on Kaggle, which provides high-resolution
radiographic imagery across 14 fracture classifications. To enhance the
model's ability to distinguish between pathological and non- medical
imagery, negative samples specifically "no X-ray" instances—were
integrated from the Common Objects in Context (COCO) dataset. This
inclusion is vital for reducing false-positive rates in real-world clinical
applications where non-radiographic images might inadvertently be
processed by the system [21-25].

https://doi.org/10.33022/ijcs.v15i3.5150 4035


https://doi.org/10.33022/ijcs.v15i3.5150

The Indonesian Journal of Computer Science

B.1.2. Statistical Distribution and Dataset Formalization

In this study, the integrated dataset is formally defined to ensure a systematic
approach to model training. Let the dataset be represented as a collection of image-
label pairs in Equation 3:

D ={(x1,y1), (x2,¥12), (x3,¥3), -, (XN, Y1n)} (3)

Here, x; denotes the input radiographic image, and y;represents the
corresponding fracture category among the 14 possible classes.

To address the challenge of Class Imbalance (where some fracture types have
more images than others), a class-weighting strategy is employed. This ensures that
the model does not become biased toward the majority classes. The weight w; for
each class j is calculated as follows in Equation 4:

Total Samples

W = (4)

J ™ Number of Classes X Sample in Class j

By applying these weights, the training process becomes more balanced,
allowing the ResNet50, MobileNetV3, and ViT models to learn effectively from both
common and rare fracture types [22]. Finally, the dataset is split into three subsets:
70% for training, 15% for validation, and 15% for independent testing, ensuring a
rigorous evaluation of the system's performance.

The dataset showcases a diverse collection of radiographic samples, capturing
the intricate structural variations across fourteen distinct fracture categories, from
simple hairline fractures to complex comminuted displacements. As illustrated in
Figure 2, these samples reflect the high degree of intra-class variability and inter-
class similarity that characterize clinical musculoskeletal imaging. By encompassing
such a comprehensive range of visual data, the models are trained to achieve high
diagnostic sensitivity, ensuring robust performance across different anatomical
orientations and bone densities. Table 1 provides a detailed breakdown of the
dataset's class distribution, highlighting the quantitative balance between the 14
fracture categories and the integrated non-radiographic samples to ensure a
comprehensive training baseline.
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Figure 2. Sample of Datasets
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Table 1. Dataset Table

No. Fracture Type Image Count
1. Normal X-Ray 447 images
2. Avulsion fracture 141 images
3. Comminuted fracture 219 images
4.,  Compression-Crush fracture 150 images
5.  Fracture Dislocation 159 images
6. Greenstick fracture 136 images
7.  Hairline Fracture 139 images
8. Impacted fracture 161 images
9. Intra-articular fracture 104 images
10. Longitudinal fracture 129 images
11. Oblique fracture 124 images
12. Pathological fracture 129 images
13. Spiral Fracture 134 images
14. Non_xray 163 images

Following the enhancement phase, the images were resized to a uniform
resolution of 224x224 pixels to maintain architectural consistency across the
ResNet50, MobileNetV3 Large, and Vision Transformer (ViT) models. To facilitate
effective training and unbiased evaluation, the dataset was partitioned using an
70/15/15 split ratio, allocating 70% of the samples for the training phase and the
remaining 15% for validation and 15% for Testing in Table 2. Furthermore, a
normalization procedure was applied using Z-score scaling (with ImageNet mean
and standard deviation values) to accelerate gradient convergence and ensure
numerical stability during the backpropagation process.

This research proposes a robust framework for the automated classification of
bone fractures using a comparative analysis of state-of-the-art deep learning
architectures. The methodology is structured into four primary phases: data
preprocessing, dataset partitioning, individual model training, and performance
analytics.

Table 2. Data Splitting

. Percentage Image Count
Dataset Split (%) g (Rogﬁ nded)
Training Set 70% 1,995
Validation Set 15% 427
Testing Set 15% 428
Total 100% 2,850

B.2. Advanced Image Preprocessing

To improve the diagnostic quality of the radiographic images, a multi-stage
preprocessing pipeline was implemented. Each input image from the 14 Fracture
Dataset first underwent noise reduction using a Gaussian Blur filter to eliminate
high-frequency artifacts. Subsequently, Contrast Limited Adaptive Histogram
Equalization (CLAHE) was applied to enhance local contrast, making subtle fracture
lines more distinguishable. This dual-filtering approach ensures that the structural
features of the bone are prioritized during the feature extraction phase.
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B.3. Dataset Partitioning and Standardization
The processed data was organized through a systematic Data Loader with a clear
separation of subsets to prevent data leakage and ensure unbiased evaluation. The
dataset was divided into a 70/15/15 split ratio, where:
= 70% of the samples were allocated for the Training phase to optimize model
weights.
= 15% were utilized for Validation during hyperparameter tuning.
= 15% were reserved as an independent Testing set for final performance
verification.
All samples were resized to a uniform dimension and normalized via Z-score scaling
to facilitate faster gradient convergence across different network architectures.

B.4. Model Architectures and Training Logic
The framework evaluates three distinct computational approaches to identify
the most effective architecture for fracture detection:
= ResNet50: Utilizes deep residual learning to capture intricate spatial
hierarchies.
= MobileNetV3: A lightweight architecture employing depth wise separable
convolutions, optimized for computational efficiency.
= Vision Transformer (ViT): Implements multi-head self-attention
mechanisms to analyze global dependencies within the image patches.
Each model was trained independently under a consistent environment using
the Adam optimizer and a Cross-Entropy Loss function.

B.4.1. ResNet50

The foundational layers of the ResNet-50 architecture. The process commences
with an input image resolution of 224 x224 X3, which is subjected to an initial 7 x
7 convolutional layers with 64 filters and a stride of 2. This is followed by Batch
Normalization (BN) and ReLU activation to introduce non-linearity and accelerate
convergence. A 3X 3 Max Pooling operation is subsequently applied to reduce the
spatial dimensions, capturing low-level structural features while maintaining
computational efficiency before entering the first stage of residual blocks as
illustrated in Figure 3 and 4. [26-30]

The deep feature extraction process is organized into four distinct stages (Stage
1 to Stage 4), as shown in Figure 4. Each stage consists of multiple Residual Units
with varying filter depths (ranging from 64 to 2048). This hierarchical structure
allows the model to learn increasingly complex semantic features. Stage 2 and Stage
3 focus on mid-level patterns, while Stage 4 captures high-level abstractions
essential for distinguishing between 14 different fracture categories. The transition
between stages involves down sampling to manage the trade-off between feature
resolution and model depth.
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Figure 5 provides a granular view of the Bottleneck Residual Unit, which is the
core innovation of ResNet-50. This unit employs a 1 X 1, 3 X3, and 1 X1
convolutional sequence to reduce and then restore dimensions, effectively
decreasing the number of parameters without sacrificing performance. The Identity
Shortcut (Skip Connection) is critical here; it bypasses one or more layers, allowing
the gradient to flow directly through the network. This mechanism effectively
mitigates the vanishing gradient problem, enabling the successful training of deep

architectures.
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B.4.2. Vision Transformer (ViT-B/16)

The Vision Transformer (ViT-B/16) architecture was integrated into the study
to leverage its superior global context modeling capabilities. Unlike conventional
CNNs, ViT treats an image as a sequence of fixed-size 16 x16 patches, which are
flattened and mapped through a linear projection layer. To retain spatial
information, one-dimensional position embeddings are concatenated with the patch
embeddings. The core processing is handled by a Transformer Encoder consisting
of multiple layers of Multi-Head Self-Attention (MHSA) and Multi-Layer
Perceptron’s (MLP). This allows the model to capture long-range dependencies
across the radiographic images, providing an alternative perspective to the localized
feature extraction of ResNet and MobileNet models.

The Vision Transformer (ViT-B/16) was incorporated into this framework to
capitalize on its advanced global context modeling, which is often superior to
traditional inductive biases found in CNNs [4]. In this architecture, an input
radiograph is partitioned into a sequence of 16 x 16 fixed-size patches, which are
subsequently flattened and transformed via a linear projection layer into a latent D-
dimensional space. To preserve the essential spatial topography of the bone
structures, trainable one-dimensional position embeddings are added to the patch
representations [31-34].

The backbone of the model is the Transformer Encoder, which utilizes an
alternating sequence of Multi-Head Self-Attention (MHSA) and Multi-Layer
Perceptron (MLP) blocks. The MHSA mechanism is mathematically defined as:

Attention (Q, K, V) =softmax (j% (5)

where Q, K, and V represent the query, key, and value matrices respectively [31]. This
structural design in Figure 6 enables the ViT to capture long-range dependencies and
intricate fracture patterns across the entire image field, offering a global reasoning
perspective that complements the localized feature extraction of ResNet50 and
MobileNetV3 models [33], [34].
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Figure 6. Image Patching and Embedding
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Classification Head and Final Prediction in Figure 7 shows the final stage of the
model transforms the high-dimensional latent representations into specific
categorical predictions:

= Encoder Sequence (x12): The input image is processed through 12
successive encoder blocks to extract deep hierarchical features.

= Extraction of [CLS] Token: Unlike traditional CNNs that use global average
pooling, this architecture extracts the Classification (CLS) Token. This token
serves as a summary representation of the entire image.

= (lassification Head: The extracted CLS token is passed through a Multi-Layer
Perceptron (MLP) or Fully Connected (FC) layer. This head maps the complex
features into the label space.

» Softmax and 14-Class Prediction: The final output layer applies the Softmax
activation function, which produces a probability distribution across 14
distinct classes, enabling accurate multiclass classification.

Figure 8 illustrates the core of the proposed architecture consists of a stack of
Transformer encoder blocks. Each block employs the following components to
process the input sequences:

= Layer Normalization: Before any processing, the input sequence undergoes
Layer Normalization to ensure training stability and faster convergence.

= Multi-Head Self-Attention (MHSA): This mechanism allows the model to
capture global dependencies by calculating the relationship between
different patches of the input image. It enables the network to focus on
relevant spatial features simultaneously.

= Residual Connections: To mitigate the vanishing gradient problem in deep
networks, residual (skip) connections are integrated. The original input is
added back to the output of the attention and MLP layers.
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= MLP Feed-Forward Network: This sub-layer consists of two linear
transformations with a non-linear activation function, further refining the
features extracted by the attention mechanism.

B.4.3. Mobile Net V3 Large

To optimize the system for potential mobile clinical applications, the
MobileNetV3 Large architecture was selected as a key comparative model.
MobileNetV3 incorporates an automated search-based design, integrating Depth
wise Separable Convolutions to significantly reduce the computational overhead.
The architecture employs Squeeze-and-Excitation (SE) modules within its
bottleneck blocks to adaptively recalibrate channel-wise feature responses, thereby
enhancing the model's sensitivity to critical diagnostic indicators in bone X-rays.
Furthermore, the implementation of the Hard-Swish activation function ensures
non-linear processing efficiency, making it suitable for high-speed diagnostic
environments without compromising classification accuracy across the 14 fracture
classes. [35-37]

To enhance the model's sensitivity to diagnostic features, users integrated
Squeeze-and-Excitation modules where the global information is first compressed
using z.. Subsequently, the non-linear transformation is optimized using the Hard-
Swish activation function, defined as h-swish[x], to ensure high-speed processing on
mobile platforms.
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MobileNetV3 Inverted Residual Block in Figure 9, illustrates the fundamental
feature extraction unit of the MobileNetV3 architecture, designed to maximize
computational efficiency.

= 1x1 Convolution (Expansion): The process begins by projecting the input
features into a higher-dimensional space to allow the network to learn more
complex representations.

= h-swish Activation: The hard-swish activation function is applied at each
stage, providing a computationally efficient non-linearity that improves
performance on mobile hardware.

= Depthwise Convolution (3x3 or 5x5): This is the core efficiency
mechanism of the block, performing spatial filtering on each input channel
independently, which significantly reduces parameters and FLOPs compared
to standard convolutions.

= Batch Normalization: Applied after convolutional layers to normalize the
distribution of activations, ensuring faster training and improved model
stability.

This Figure 10 depicts the attention mechanism that recalibrates channel-wise

feature responses by explicitly modeling interdependencies between channels.

* Global Average Pooling (Squeeze): This operation compresses the global
spatial information of each channel into a single numerical descriptor,
effectively "squeezing" the feature map.

= Fully Connected (FC) Layers: A bottleneck structure with two fully
connected layers is used to learn the non-linear relationship between
channels, determining which features are most relevant for the diagnostic
task.

= h-sigmoid & Scale/Multiply (Excitation): The hard-sigmoid function
generates a weight for each channel. These weights are then multiplied by
the original feature map to emphasize critical features—such as fracture
edges—while suppressing less relevant data.

» Identity Shortcut: The input X is added to the output of the transformation,
facilitating the flow of gradients and preventing information loss during deep
layer processing. [38-40]

To optimize the system for mobile clinical applications, we utilized the Inverted
Residual Block of the MobileNetV3 architecture. As shown in the architectural flow,
the expansion phase utilizes 1x1 convolutions and h-swish activation for efficient
non-linear processing. The integration of the Squeeze-and-Excitation (SE)
module further enhances the model's sensitivity to bone fractures by employing
Global Average Pooling and channel-wise recalibration via h-sigmoid activation.
Finally, the Identity Shortcut ensures robust feature propagation, maintaining high
classification accuracy across all 14 fracture classes.

C. Experimental Results ,Evaluation and Visualization

The final phase involves a comprehensive Performance Comparison and
Analytics. The models were assessed based on their learning trajectories (Loss and
Accuracy curves) to monitor for overfitting. Furthermore, diagnostic precision was
validated through Confusion Matrices and detailed Classification Reports, providing
metrics such as F1-score, precision, and recall for each of the 14 fracture categories.
This rigorous evaluation leads to the Final Model Selection, identifying the most
reliable architecture for clinical implementation.

https://doi.org/10.33022/ijcs.v15i3.5150 4043


https://doi.org/10.33022/ijcs.v15i3.5150

The Indonesian Journal of Computer Science

C.1. Training and Validation Results for ResNet50

The training and validation performance of the ResNet50 architecture for multi-
class bone fracture classification is illustrated in Figure 11. Based on the
experimental observations, the model demonstrated a rapid convergence rate
during the initial learning phase, achieving a stability plateau shortly after the 10th
epoch. A significant alignment between the training and validation accuracy curves
suggests that the model effectively avoided overfitting, maintaining high
generalization capabilities across the dataset. The peak validation accuracy reached
an impressive 95.78%, underscoring the robustness of the residual learning
framework in identifying subtle structural variations in radiographic images. These
results confirm that the deep feature extraction layers of ResNet50 are highly
proficient in categorizing complex orthopedic pathologies with high precision.
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C.1.1. Confusion Matrix Analysis

The Confusion Matrix serves as a critical diagnostic tool to evaluate the
multiclass classification proficiency of the proposed models. Rather than relying
solely on global accuracy, this matrix provides a granular visualization of the
model’s performance by mapping the predicted categories against the actual
ground-truth labels.

Confusion Matrix: ResNet50
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Figure 12. Confusion Matrix/ Heat Map for ResNet50
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Each row represents the instances in an actual class, while each column
represents the instances in a predicted class, allowing for the identification of
specific inter-class misclassifications. For orthopedic diagnostics, this is particularly
vital as it reveals whether certain fracture types (e.g., Hairline vs. Normal) are being
systematically confused by the architecture, thereby providing insights into the
model's discriminative sensitivity across all 14 categories as above Figure 12.

C.1.2. Receiver Operating Characteristic (ROC) Curve

The Receiver Operating Characteristic (ROC) curve is utilized to assess the
trade-off between the True Positive Rate (Sensitivity) and the False Positive Rate (1-
Specificity) across varying decision thresholds. By plotting these parameters, the
ROC curve illustrates the diagnostic ability of the classifier as its discrimination
threshold is adjusted. To quantify this performance, the Area Under the Curve (AUC)
is calculated; an AUC value approaching 100% signifies an ideal classification
performance with minimal error. In this study, a one-vs-rest (O v R) approach is
adopted to generate ROC curves for each fracture class, ensuring that the model
maintains high diagnostic integrity even in the presence of subtle radiographic
features in Figure 13.

Multi-class ROC Curves
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Figure 13. ROC Curve for ResNet50
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Figure 14. Classification Report for ResNet50
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C.2. Training and Validation Results for MobileNetV3 Large

The classification integrity of the MobileNetV3 model across 14 distinct
categories is visualized via the confusion matrix in Fig 15. The experimental results
highlight the model's exceptional capability in identifying Normal X-ray samples,
achieving a perfect classification count of 150 with zero false attributions. Similarly,
the model demonstrated high precision in detecting non_xray images and Avulsion
fractures, showing minimal deviation from the ground-truth labels.

MobileNetV3 Loss Curve MobileNetV3 Accuracy Curve
184 —— Train Loss L R DMONALIIRCRED O
Val Loss

094
16
141 081
124 | 07
1.0 1

0.6
0.8 1
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0.6 1
0 20 40 60 80 100 0 20 40 60 80 100

Figure 15. Training and Validation Results for Mobile Net V3 Large

C.2.1. Confusion Matrix Analysis

A granular analysis of the matrix reveals subtle challenges in differentiating
certain fracture types with overlapping radiographic features. Specifically, minor
misclassifications were observed between Longitudinal and Oblique fractures,
which is often attributed to the morphological similarities in bone displacement
patterns. Despite these minor discrepancies, MobileNetV3 maintained a robust
diagonal trend across the matrix, signifying a high degree of sensitivity and
specificity. The integration of the Squeeze-and-Excitation (SE) blocks within the
MobileNetV3 architecture likely contributed to this focused feature representation,
allowing the model to achieve professional-grade diagnostic accuracy while
remaining computationally efficient in Figure 16.
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Figure 16. Confusion Matrix/ Heat Map for Mobile Net V3 Large
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C.2.2. Receiver Operating Characteristic (ROC) Curve

The diagnostic efficacy of the proposed model across the 14-class bone fracture
dataset is further validated using Receiver Operating Characteristic (ROC) curves,
as depicted in Figure 17 and Classification report in Figure 18. Overall, these ROC
metrics reinforce the model's potential as a high-precision diagnostic aid in clinical
environments, ensuring minimal false-positive rates across a diverse spectrum of
bone injuries.

ROC curve for Mobile Net V3 Large
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Figure 17. ROC Curve for MobileNetv3 Large
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Figure 18. Classifications Report for MobileNetv3 Large

https://doi.org/10.33022/ijcs.v15i3.5150 4047


https://doi.org/10.33022/ijcs.v15i3.5150

The Indonesian Journal of Computer Science

C.3. Training and Validation Results for ViT

The training performance of the Vision Transformer (ViT) was evaluated
through loss and accuracy trajectories over 100 epochs, where both metrics
demonstrated a consistent convergence pattern despite periodic optimization
spikes. The model achieved high classification fidelity across 14 distinct categories,
successfully identifying all 150 test samples for the Normal class in Figure 19.

VIT Loss Curve ViT Accuracy Curve
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Figure 19. ROC Curve for ViT

C.3.1. Confusion Matrix Analysis
The confusion matrix of ViT and deep learning architectures provides a robust
and reliable solution for automated multiclass bone fracture categorization in

clinical environments in Figure 20.
Confusion Matrix: ViT
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Figure 20. Confusion Matrix/ Heat Map for ViT
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C.3.2. Receiver Operating Characteristic (ROC) Curve

In contrast, the Vision Transformer (ViT) model exhibited a slightly broader
performance spectrum, with AUC values ranging from 0.82 (Impacted fracture) to
1.00 (Compression-Crush and non_xray). These results suggest that while ViT shows
significant potential, the MobileNetV3 framework provides superior diagnostic
consistency for this specific 14-class orthopedic dataset (totaling 2,850 images).
Overall, the high AUC scores across both architectures confirm their effectiveness in

assisting clinical experts with precise fracture categorization in Figure 21.
Multi-class ROC Curve (ViT)
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Figure 21. ROC Curve for ViT

True Positive Rate
0.4

0.2

0.0

il classification Report for ViT:

precision recall fl-score support

Avulsion fracture 1.00 1.e0 1.00 21
Comminuted fracture 0.83 8.95 0.88 20
Compression-Crush fracture 9.94 9.89 9.91 18
Fracture Dislocation 1.00 8.95 0.97 20
Greenstick fracture 1.00 1.e0 1.00 9
Hairline Fracture 1.00 1.00 1.00 12
Impacted fracture 0.73 0.73 0.73 22
Intra-articular fracture e.80 8.73 0.76 11
Longitudinal fracture 1.00 8.57 8.73 14
Normal 1.00 1.00 1.00 156

Oblique fracture 9.82 0.82 0.82 11
Pathological fracture 1.00 1.00 1.00 15
spiral Fracture 0.65 1.0 8.79 11
non_xray 1.00 1.00 1.00 93

accuracy 8.95 427

macro avg .91 .90 .90 427

weighted avg 9.96 9.95 9.95 427

Figure 22. Classification Report for ViT
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C.4. Comparison Analysis of Performance

Based on the classification reports, the Vision Transformer (ViT) demonstrates
superior performance compared to ResNet50 and MobileNetV3, achieving a peak
accuracy of 95% and a macro average F1-score of 0.90. While MobileNetV3 serves
as an efficient lightweight alternative with competitive results, it shows slightly
lower precision in specific fracture categories compared to the transformer-based
approach. Therefore, it is concluded that ViT is the most suitable architecture for
high-precision medical image categorization due to its robust ability to capture
global contextual features in Table 3.

Table 3. Performance Comparison Analysis

Metric ResNet50 MobileNetV3 ViT
Accuracy 0.94 0.94 0.95
Macro Avg (F1-score) 0.88 0.89 0.90

Weighted Avg (F1-

0.94 0.95 0.95
score)

C.5. Prediction Results

The results highlight a clear distinction between how these models handle

specialized medical data versus general "out-of-distribution" images:
Vision Transformer (ViT): This model is showing the highest robustness. In the x.jpg
sample, it correctly identifies the Fracture Dislocation with a high confidence of
91.6%, whereas both ResNet50 and MobileNetV3 fail to categorize it correctly
(labeling it as impacted or compression-crush fractures with much lower
confidence).

ResNet50 & MobileNetV3: These models seem to struggle more with the specific

nuances of the 14-class fracture dataset. For the dislocation case, ResNet50 is
particularly low at 9.9%, suggesting its feature extraction isn't capturing the specific
markers for that pathology as effectively as the global attention mechanism of the
ViT.
Non-Xray Handling: All three models are performing exceptionally well at filtering
out non-medical images. The "Apple" test shows high confidence (90%+) across the
board in identifying the image as non_xray. This is a great sign for the system's
reliability in a clinical setting where accidental non-medical uploads might occur.
Performance results are shown in Figures 22 and 23.

Table 4. Comparison of Prediction Results

Model Medical (Fracture) Non-Xray Observation
Best at capturing complex
ViT High (91.6%) Excellent (91.0%) structural relationships in the
spine.

MobileNetV3  Moderate (54.2%) Excellent (90.2%) order multiclass differentiation

Fast, but struggles with higher-

Likely requires more fine-tuning
ResNet50 Low (9.9%) Excellent (90.1%) or better preprocessing for this

specific 14-class set.
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Table 4 presents a comparative performance evaluation of three distinct
models: ViT, MobileNetV3, and ResNet50, specifically focusing on their accuracy in
fracture detection versus non-Xray detection. Prediction results are shown in Figure
23 and 24.

* ViT (Vision Transformer): This model achieved the highest performance in
fracture detection, reaching a 91.6% accuracy rate. It proved to be the most
effective at identifying complex structural relationships within spinal
anatomy.

* MobileNetV3: While this model demonstrated high speed, its accuracy in
detecting fractures was moderate at 54.2%. The observations suggest that it
faces challenges when handling higher-order multiclass differentiation tasks.

= ResNet50: This model showed the lowest performance in the fracture
detection category, at 9.9%. The findings indicate that it may require more
comprehensive fine-tuning or enhanced preprocessing techniques to
effectively handle this specific 14-class dataset.

ResNet50 MobileNetV3
non_xra: non

on_xray
Actual: non_xray (90.1%)

Figure 23. Prediction Result for Non-Xray Image

Actual: Fracture Dislocation

Figure 24. Prediction Result for Xray Image

D. Conclusion

This study evaluated the efficacy of various deep learning architectures for the
automated classification of bone fractures across a 14-class distribution. The
experimental results indicate that the Vision Transformer (ViT) achieves the most
robust performance, reaching a peak accuracy of 95% and demonstrating superior
capability in distinguishing complex fracture morphologies compared to ResNet50
and MobileNetV3. While MobileNetV3 offers a compelling balance between
computational efficiency and a 94% accuracy rate, the transformer-based approach
provides higher reliability for sensitive clinical diagnostics. These findings suggest
that integrating global self-attention mechanisms significantly enhances the model's
ability to extract critical features from medical X-ray imagery. Future work will
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involve the development of a fused hybrid architecture to optimize both inference
speed and diagnostic precision for real-time deployment in clinical environments.

E. Acknowledgment

The author would like to acknowledge the creators and curators of the coco
dataset for making their data publicly available on Kaggle, which made this research
possible.

F. References

(11 Kalmet PHS, Sanduleanu S, Primakov S, Wu G, Jochems A, Refaee T, Ibrahim A,
Hulst LV, Lambin P, Poeze M. Deep learning in fracture detection: a narrative
review. Acta Orthop. 2020 Apr;91(2):215-220. doi: 10.1080/ 17453674
.2019.1711323. Epub 2020 Jan 13. Update in: Acta Orthop. 2020 Jun;91(3):
362. doi: 10.1080/17453674.2020.1723292. PMID: 31928116; PMCID:
PMC7144272.

[2] Olczak ], Fahlberg N, Maki A, Razavian AS, Jilert A, Stark A, Skdldenberg O,
Gordon M. Artificial intelligence for analyzing orthopedic trauma radiographs.

Acta Orthop. 2017 Dec;88(6):581-586. doi:
10.1080/17453674.2017.1344459. Epub 2017 Jul 6. PMID: 28681679; PMCID:
PM(C5694800.

[3] K. He, X. Zhang, S. Ren and ]. Sun, "Deep Residual Learning for Image
Recognition," 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Las Vegas, NV, USA, 2016, pp. 770-778, doi:
10.1109/CVPR.2016.90. keywords: {Training; Degradation; Complexity
theory; Image recognition; Neural networks; Visualization; Image
segmentation}.

[4] Alexey Dosovitskiy et al., " An Image is Worth 16x16 Words: Transformers for
Image Recognition at Scale," arXiv preprint arXiv:2010.11929, 2020. doi:
10.48550/arXiv.2010.11929.

[5] A. Howard et al., "Searching for MobileNetV3," 2019 IEEE/CVF International
Conference on Computer Vision (ICCV), Seoul, Korea (South), 2019, pp. 1314-
1324, doi: 10.1109/1CCV.2019.00140. keywords: {Computer architecture;
Proposals; Computational modeling; Image segmentation; Neural networks;
Next generation networking; Mobile handsets}.

[6] Abdur Rahman et al,, " Deep Learning for Bone Health: A Transformer-Based
Framework for  Osteoporosis  Screening”,  https://www.research
gate.net/public tion/ 398780722 _Deep_Learning for_ Bone _Health
_A_Transformer-Based_Frame work_for_Osteopor sis_ Screening.

[7] Yulong Wang et al,, " A Hybrid Classification Method of Medical Image Based
on Deep Learning https://www.researchgate.net/publication/ 354109
134_A_ Hybrid Classification Method_of  Medical_Image_ Based_
on_Deep_Learning.

[8] Y. Cao et al.,, "A Review of Vision Transformers in Medical Image Analysis,"
Medical Image  Analysis, vol. 73, p. 102171, 2021. doi:
10.1016/j.media.2021.102171.

[9] Azad R, Kazerouni A, Heidari M, Aghdam EK, Molaei A, Jia Y, Jose A, Roy R,

Merhof D. Advances in medical image analysis with vision Transformers: A

https://doi.org/10.33022/ijcs.v15i3.5150 4052


https://doi.org/10.33022/ijcs.v15i3.5150

The Indonesian Journal of Computer Science

comprehensive review. Med Image Anal. 2024 Jan; 91:103000. doi:
10.1016/j.media.2023.103000. Epub 2023 Oct 19. PMID: 37883822.

[10] Reza Azad, et al, " Advances in medical image analysis with vision
Transformers: A comprehensive review," https://linkinghub.elsevier.com
/retrieve/ pii/S1361841523002608.

[11] Tanzi L, Audisio A, Cirrincione G, Aprato A, Vezzetti E. Vision Transformer for
femur fracture classification. Injury. 2022 Jul;53(7):2625-2634. doi:
10.1016/j.injury.2022.04.013. Epub 2022 Apr 19. PMID: 35469638.

[12] Abdusalomov, A., Mirzakhalilov, S., Umirzakova, S., Ismailov, O., Sultanov, D,
Nasimov, R., & Cho, Y.-I. (2025). Lightweight Deep Learning Framework for
Accurate Detection of Sports-Related Bone Fractures. Diagnostics, 15(3), 271.
https://doi.org/10.3390/diagnostics15030271.

[13] Iyer T], Joseph Raj AN, Ghildiyal S, Nersisson R. Performance analysis of
lightweight CNN models to segment infectious lung tissues of COVID-19 cases
from tomographic images. Peer] Comput Sci. 2021 Feb 22;7: e368. doi:
10.7717 /peerj-cs.368. PMID: 33817018; PMCID: PMC7959645.

[14] Kim JW, Khan AU, Banerjee I. Systematic Review of Hybrid Vision Transformer
Architectures for Radiological Image Analysis. ] Imaging Inform Med. 2025
Oct;38(5):3248-3262. doi: 10.1007/s10278-024-01322-4. Epub 2025 Jan 27.
PMID: 39871042; PMCID: PMC12572492.

[15] Wu S, Miao Y, Mei |, Xiong S. The Rise of Artificial Intelligence in Orthopedics: A
Bibliometric and Visualization Analysis. ] Multidiscip Healthc. 2025 Sep 23;
18:6037-6050. doi: 10.2147/JMDH.S536633. PMID: 41019150; PMCID:
PM(C12476196.

[16] Scantlebury ], Brown N, Von Delft F, Deane CM. Data Set Augmentation Allows
Deep Learning-Based Virtual Screening to Better Generalize to Unseen Target
Classes and Highlight Important Binding Interactions. ] Chem Inf Model. 2020
Aug 24;60(8):3722-3730. doi: 10.1021/acs.jcim.0c00263. Epub 2020 Aug 4.
PMID: 32701288; PMCID: PMC7611237.

[17] Hao Li, “Image Processing for Feature Extraction”, ctober 2025 D0OI1:10.1007/978-
981-96-7344-5_2 In book: Geometry Fundamentals of Computer Vision (pp.17-
127).

[18] K. Zuiderveld et. al, "Contrast Limited Adaptive Histogram Equalization,"
DO0I:10.1016/B978-0-12-336156-1.50061-6 Corpus ID: 62707267.
https://www  .semanticscholar.  org/paper/Contrast-Limited-Adaptive-
Histogram-Equali zation Zuiderveld/ 72 6c95fa3bd47401 befc7513b6e52d1c
806f26af# citing- papers.

[19] R. C. Gonzalez and R. E. Woods, Digital Image Processing, 4th ed. Pearson, 2018.
(Discussion on Local Histogram Processing).

[20] Aldhyani T, Ahmed ZAT, Alsharbi BM, Ahmad S, Al-Adhaileh MH, Kamal AH,
Almaiah M, Nazeer ]. Diagnosis and detection of bone fracture in radiographic
images using deep learning approaches. Front Med (Lausanne). 2025 Jan 24;
11:1506686. doi: 10.3389/fmed.2024.1506686. PMID: 39927268; PMCID:
PM(C11803505.

[21] Lin, TY. et al. (2014). Microsoft COCO: Common Objects in Context. In: Fleet, D.,
Pajdla, T., Schiele, B., Tuytelaars, T. (eds) Computer Vision - ECCV 2014. ECCV

https://doi.org/10.33022/ijcs.v15i3.5150 4053


https://doi.org/10.33022/ijcs.v15i3.5150

The Indonesian Journal of Computer Science

2014. Lecture Notes in Computer Science, vol 8693. Springer, Cham.
https://doi.org/10.1007/978-3-319-10602-1_48.

[22] Chamseddine E, Mansouri N, Soui M, Abed M. Handling class imbalance in
COVID-19 chest X-ray images classification: Using SMOTE and weighted loss.
Appl Soft Comput. 2022 Nov; 129:109588. doi: 10.1016/j.asoc.2022.109588.
Epub 2022 Aug 29. PMID: 36061418; PMCID: PM(C9422401.

[23] A. K. Mondal et al, "A Comprehensive Study of Bone Fracture Datasets:
Challenges and Opportunities,” Computerized Medical Imaging and Graphics,
vol. 110, p. 102214, 2024. doi: 10.1016/j.compmedimag.2024.102214.

[24] M. Tan and Q. V. Le, "EfficientNetV2: Smaller Models and Faster Training," in
International Conference on Machine Learning (ICML), 2021. doi:
10.48550/arXiv.2104.00298.

[25] Mukta Jagdish et al., " Investigation of Bones Fracture classification using
digital Image Processing," Published: Advances in Mechanics Volume 9, Issue 3,
2021 Page 1044-1055 https://advancesinmechanics.com/pdf/240-385.pdf.

[26] Khaire, O. S., Pandav, P. B,, Malj, K. P., & Kharade ,K.G. (2025). Bone Fracture
Detection Using Resnet50 Algorithm. International Journal on Advanced
Computer Theory and Engineering, 14(1), 76-81. https://doi.org/
10.65521 /ijacte.v14i1.226.

[27] .M, V. [, A. ], P. P and R. ], "Deep Learning Model to Detect and Classify Bone
Fracture in X-Ray Images," 2023 International Conference on System,
Computation, Automation and Networking (ICSCAN), PUDUCHERRY, India,
2023, pp- 1-6, doi: 10.1109/ICSCAN58655.2023.10394986.

[28] Ruchika Bhuria et al.,“A transfer learning-based approach for automated bone
fracture classification in X-ray imaging” , https://advancesinmechanics.
com/pdf/240-385.pdf.

[29] M. Hameed, "Bone Fracture Detection Using Hybrid EfficientNet-BO and
ResNet50 with SVM: A Comparative Performance Analysis," Ingénierie des
Systemes d'Information, vol. 30, no. 7, pp. 10, 2025. doi: 10.18280/IS1.300710

[30] Zou X, Liu Z, Xu C, Zhang ], Li Z. MobileSteelNet: A Lightweight Steel Surface
Defect Classification Network with Cross-Interactive Efficient Multi-Scale
Attention. Sensors (Basel). 2026 Feb 4;26(3):1022. doi: 10.3390/s26031022.
PMID: 41682538; PMCID: PM(C12899703.

[31] Tanzi et al “Vision Transformer for femur fracture classification”,
https://doi.org/10.1016/j.injury.2022.04.013, 2026/03/20.

[32] Zachary R. Murphy, " Visual Transformers and Convolutional Neural Networks
for Disease Classification on Radiographs: A Comparison of Performance,
Sample Efficiency, and Hidden Stratification,” Radiology: Artificial
IntelligenceVolume 4, Number 6https://doi.org/10.1148/ryai.220012.

[33] Jing Wang et. al, " A Comparative Study of Vision Transformer and
Convolutional Neural Network Models in Geological Fault Detection," Received
3 July 2024, accepted 19 July 2024, date of publication 25 July 2024, date of
current version 30 September 2024. Digital Object Identifier
10.1109/ACCESS.2024.3433612. https://ieeexplore.ieee.org/ stamp/
stamp.jsp? arnumber=10609386.

https://doi.org/10.33022/ijcs.v15i3.5150 4054


https://doi.org/10.33022/ijcs.v15i3.5150

The Indonesian Journal of Computer Science

[34] Oppert S, Baker K, Bathija A. Introduction to this special section: seismic
reservoir modeling. Lead Edge. 2022;41(12):814-814.
https://doi.org/10.1190/tle41120814.1.

[35] A. Howard et al., "Searching for MobileNetV3," 2019 IEEE/CVF International
Conference on Computer Vision (ICCV), Seoul, Korea (South), 2019, pp. 1314-
1324, doi: 10.1109/ICCV.2019.00140.

[36] Nguyen Thi My, L., Vo, T. & Truong Hoang, V. Real-time pill image recognition
on edge devices with Adaptive Lightweight Attention.]/ Real-Time Image
Proc 23,53 (2026). https://doi.org/10.1007/s11554-025-01831-7.

[37] Tasnim Shahriar, "Comparative Analysis of Lightweight Deep Learning Models
for Memory-Constrained Devices," Ingenius, vol. 31, Jan. 2026. [Online].
Available: https://ingenius.ups.edu.ec/ingenius/article/view/10552 (Note:
This paper explicitly discusses multiclass configurations for 14 distinct fracture
types.) https://arxiv.org/html/2505.03303v1.

[38] T. Chen, S. Kornblith, M. Norouzi, G. Hinton, A simple framework for contrastive
learning of visual representations, International conference on machine
learning, PMLR, 2020, pp. 1597-1607.

[39] S. Azizi, B. Mustafa, F. Ryan, Z. Beaver, ]. Freyberg, ]. Deaton, A. Loh, A.
Karthikesalingam, S. Kornblith, T. Chen, Big self-supervised models advance
medical image classification, arXiv preprint arXiv:2101.05224, (2021).

[40] H. Sowrirajan, J. Yang, A.Y. Ng, P. Rajpurkar, Moco pretraining improves
representation and transferability of chest x-ray models, Medical Imaging with
Deep Learning, PMLR, 2021, pp. 728-744.

https://doi.org/10.33022/ijcs.v15i3.5150 4055


https://doi.org/10.33022/ijcs.v15i3.5150

