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Diagnosis

remains time-consuming and prone to inter-observer variability.
Traditional CNN approaches often have difficulty capturing fine-grained
fracture characteristics as well as broader skeletal structural patterns,
limiting their ability to accurately classify multiple fracture types. To
overcome this limitation, this study proposes PVT-FractureNet, a deep
learning framework based on the Pyramid Vision Transformer (PVT)
architecture designed for holistic radiographic-based categorization of
bone fractures. The primary contribution offered by this study is the
development of a transformer-driven hierarchical architecture that
proficiently combines multi-level feature representations with explainable
attention visualization to enhance diagnostic accuracy and interpretability.
The model was trained and evaluated on a Kaggle dataset comprising ten
fracture categories, including avulsion, comminuted, greenstick, hairline,
impacted, longitudinal, oblique, pathological, spiral, and fracture-
dislocation. Preprocessing steps included normalization, resizing, and data
augmentation, followed by feature extraction and classification using
multi-head self-attention and spatial-reduction mechanisms. Experimental
results demonstrated that PVT-FractureNet achieved an average accuracy
of 89.9%, specificity of 91.1%, and AUC of 0.811, with the highest
performance observed in Greenstick and Fracture-Dislocation classes
(AUC > 0.90). Grad-CAM and Score-CAM visualizations further showed
that the model precisely pinpointed fracture regions that align with
clinically meaningful anatomical cues. In conclusion, PVT-FractureNet
demonstrates robust generalization capability, clear interpretability, and
dependable diagnostic performance, establishing it as a promising
framework for automated transformer-based bone fracture classification in
clinical radiology.

This is an open-access article under the CC-BY-SA license.

1. Introduction

Bone fractures represent among the leading most prevalent musculoskeletal injuries worldwide
[1], often arising due to trauma, osteoporosis, or disease-related abnormalities that compromise bone
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strength. Precise and prompt identification plays a critical role for determining appropriate treatment
strategies and preventing long-term complications such as deformities or impaired mobility [2].
Nevertheless, conventional identification of bone fractures through radiographic modalities is
predominantly reliant on the specialized knowledge and accumulated clinical skills of radiologists or
orthopedic specialists [3]. This manual interpretation is prone to subjectivity, inter-observer
variability, and diagnostic fatigue, particularly when differentiating between subtle fracture types such
as hairline, greenstick, or longitudinal fractures [4]. Consequently, there is an increasing need for
automated, reliable, and interpretable computer-aided diagnostic systems to assist clinicians in
classifying bone fracture types accurately [5].

Contemporary breakthroughs within deep learning technologies have markedly enhanced
medical diagnostic practices that rely on imaging modalities, with CNNs being extensively utilized
for radiographic image analysis [6]-[9]. Nevertheless, CNN-based architectures often struggle to
capture both fine-grained local features and long-range global dependencies within complex bone
structures [10]. This limitation affects their ability to distinguish between morphologically similar
fracture types, such as spiral versus oblique fractures or comminuted versus pathological fractures. To
overcome these challenges, transformer-based models (originally developed for NLP) have emerged
as powerful alternatives in computer vision [11]-[13]. Among them, Vision Transformers (ViT) and
their hierarchical variants, such as the Pyramid Vision Transformer (PVT), have shown remarkable
potential by combining local feature representation with global contextual understanding through
multi-head self-attention mechanisms [14]-[16].

Despite these advancements, few studies have specifically leveraged transformer-based
architectures for fine-grained bone fracture classification using radiographic data [17]. Existing
approaches often focus on binary classification (fractured vs. non-fractured) or limited categories,
lacking generalization across diverse fracture morphologies. Moreover, the integration of hierarchical
vision transformers, which balance computational efficiency and feature resolution, remains
underexplored in orthopedic imaging [18]-[20]. To address these gaps, this research introduces PVT-
FractureNet, a deep learning framework based on the Pyramid Vision Transformer architecture,
designed for multi-class classification of ten distinct types of bone fractures (namely oblique,
pathological, spiral, greenstick, hairline, impacted, longitudinal, avulsion, comminuted, and fracture
dislocation) using radiographic images. The model leverages hierarchical attention mechanisms to
extract both global bone structure and localized fracture patterns while maintaining computational
efficiency suitable for clinical deployment.

The contribution of this research is the development of a hierarchical transformer-based model
that enhances feature representation across multiple spatial scales, achieving robust classification
performance across diverse fracture types. In addition, PVT-FractureNet incorporates explainability
analysis using Grad-CAM visualization to ensure interpretability and clinical trustworthiness. By
combining advanced transformer-based feature learning with explainable Al techniques, this study
provides a novel and interpretable diagnostic framework that can support radiologists in identifying
and differentiating complex bone fractures with higher accuracy and reliability.

2. Related Works

Several studies have explored Al techniques for the detection and classification of bone fractures
from radiographic images, primarily using traditional machine learning and CNN architectures. Early
research by Bagaria et al. [21] and Ahmed et al. [22] applied conventional classifiers such as SVM
and Random Forest combined with handcrafted features like wavelet, GLCM, and Canny edge
detection. These models achieved accuracies of around 92-94%, demonstrating the feasibility of
automated fracture detection but highlighting the limitations of manual feature extraction, which often
fails to capture complex structural variations among different fracture types. Kim et al. [23] introduced
a non-imaging approach using Stacked Autoencoders with vibration-based data, achieving up to
93.3% accuracy and providing a cost-effective, non-invasive diagnostic alternative. Despite promising
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results, such approaches lacked the scalability and spatial awareness required for diverse radiographic
conditions.

Deep learning models have since advanced the field by leveraging CNN-based architectures
capable of automatically learning image features from large-scale datasets. Franco et al. [24]
employed Mask R-CNN to detect pediatric appendicular fractures with sensitivity up to 91%, while
Gaast et al. [25] utilized GoogleNet and ResNet for tibial plateau fractures, achieving strong detection
(93% sensitivity) but weak classification performance due to inconsistent labeling. More recent works
have incorporated attention mechanisms and hybrid architectures to enhance feature representation.
Zou et al. [26] improved YOLOV7 by adding a specialized attention-driven module and a refined and
more robust loss formulation (EloU), achieving mAP of 86.2% on the FracAtlas dataset. Similarly,
Sutradhar et al. [27] combined YOLOvVS with VertNet-10 and explainable Al (XAI), yielding a
classification performance reaching 99.55% for cervical spine fractures, while Tsai et al. [28]
developed DEANet with EfficientNet-BO and attention blocks to achieve over 92% accuracy for
pelvic fractures. These findings underline the growing relevance of attention-based architectures in
improving model interpretability and diagnostic precision.

Recent developments have pushed the boundaries further by integrating hybrid deep learning and
transformer-based methods for generalized fracture recognition. Alwzwazy et al. [29] introduced
FracNet, combining Xception, MobileNet, and EfficientNet with attention and feature fusion, reaching
perfect accuracy across multiple datasets, while Wei et al. [30] proposed YOLOv11 with multi-task
learning and Grad-CAM explainability for musculoskeletal X-rays, achieving an accuracy of 95%.
Likewise, Elsheikh et al. [31] optimized DenseNet201 using metaheuristic algorithms to achieve
97.85% accuracy, and Kanagaraj et al. [32] applied a Capsule Graph Neural Network with Gazelle
Optimization, reaching 99.66% accuracy and outperforming existing CNN-based models. Despite
these advances, few studies have explored the hierarchical transformer architectures, such as the
Pyramid Vision Transformer (PVT), that can effectively capture multi-scale spatial dependencies
crucial for differentiating subtle fracture morphologies. This research builds upon these foundations
by proposing PVT-FractureNet, a hierarchical transformer-based model designed to provide both high
classification accuracy and strong clinical interpretability across ten distinct bone fracture types.

3. Method
3.1. Bone Fracture Dataset

The dataset employed throughout this study was obtained from an openly available repository on
Kaggle, comprising ten specific categories of osseous fracture types, namely avulsion, comminuted,
fracture-dislocation, greenstick, hairline, impacted, longitudinal, oblique, pathological, and spiral
fractures [33]. These categories were selected to represent a broad spectrum of clinically relevant
fracture morphologies that vary in orientation, displacement, and bone integrity. Each image in the
dataset was collected from anonymized radiographic sources, preprocessed to ensure consistent
quality and resolution, and standardized in grayscale format. The dataset was split into training and
validation subsets to enhance model learning and to enable comprehensive performance evaluation.
Table 1 illustrates that the distribution of images across classes is relatively balanced, with the highest
number of samples appearing in fracture-dislocation and comminuted fracture categories, while the
lowest counts were observed in longitudinal and spiral fractures.

Overall, the dataset comprises more than a thousand annotated X-ray samples, with
approximately 70% used for training, 20% for validation, and 10% reserved for testing. This allocation
facilitates the model’s ability to generalize across varied fracture categories while reducing issues
related to class distribution disparities. Every image was subjected to a series of preprocessing
procedures, such as denoising operations, intensity-scaling normalization, and dimensional resizing
to match the Pyramid Vision Transformer input dimensions. The dataset diversity (covering both
complete and partial fracture patterns) enables PVT-FractureNet to learn subtle morphological
variations such as fine fissures in hairline fractures and complex fragmentations in comminuted
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fractures. This comprehensive dataset design provides a robust foundation for developing an accurate
and interpretable Al-based framework for automated bone fracture classification in radiographic
imaging.

Table 1. Distribution of fracture types in the bone fracture dataset

No Fracture Type Total Train Validation
1 Avulsion Fracture 123 98 25
2 Comminuted Fracture 148 118 30
3 Fracture-Dislocation 156 125 31
4 Greenstick Fracture 122 98 24
5 Hairline Fracture 111 89 22
6 Impacted Fracture 84 67 17
7 Longitudinal Fracture 80 64 16
8 Oblique Fracture 85 68 17
9 Pathological Fracture 134 107 27
10 Spiral Fracture 86 69 17

Total 1129 903 226

3.2. Data Preprocessing

Before training the PVT-FractureNet model, a comprehensive data preprocessing pipeline was
implemented to ensure image consistency, reduce noise, and improve the fidelity of the feature
representations derived by the network [34]. The raw radiographic images obtained from the Kaggle
repository exhibited variations in resolution, contrast, and illumination, which could potentially affect
the operational effectiveness of deep learning—based systems. To address this, all images were first
standardized to a uniform grayscale format to eliminate color-related redundancy, followed by
normalization to rescale pixel intensity values within a [0,1] range [35]. This normalization step helps
stabilize the gradient updates during training and accelerates model convergence [36]. Additionally,
every image was rescaled to a resolution of 224 x 224 pixels to conform to the input specifications
mandated by the Pyramid Vision Transformer architecture, ensuring a consistent input dimension
across all samples (Fig. 1) [37].

To improve model robustness and prevent overfitting, several augmentation-driven data
transformation methods were applied to the training set [38]. These included stochastic rotational
adjustments within a £15° range, bidirectional flipping operations along both horizontal and vertical
axes, zoom scaling, and small contrast adjustments to simulate real-world variability in X-ray
acquisition conditions. The augmentation process effectively expanded the dataset’s diversity,
allowing PVT-FractureNet to generalize better across different fracture morphologies and patient
anatomies. Moreover, Gaussian noise and slight blurring were occasionally introduced to mimic low-
quality radiographs commonly encountered in clinical practice [39]. This approach strengthens the
model’s robustness against noise disturbances and imaging-induced artifacts while maintaining
anatomical integrity [40].

Finally, a train—validation split was performed using an approximate ratio of 70:20:10 for
training, validation, and evaluation phases, respectively, as shown in the dataset distribution Table 1.
The data were carefully shuffled to prevent class bias and ensure that all fracture types (including
avulsion, comminuted, and fracture-dislocation) were proportionally represented in each subset.
During preprocessing, image labels were transformed into a categorical one-hot representation
tailored for handling multi-class classification scenarios. Collectively, these preprocessing procedures
ensured that the dataset provided clean, balanced, and well-structured input for the hierarchical
attention mechanisms of PVT-FractureNet, enabling it to efficiently learn fine-grained fracture
characteristics while also interpreting the broader anatomical context of the bone.

3.3. Pyramid Vision Transformer Model

The Pyramid Vision Transformer (PVT) functions as the core architectural backbone for the
proposed PVT-FractureNet framework, developed to effectively extract localized fracture
characteristics as well as the overall bone structure within radiographic imagery. In contrast to
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conventional CNN models that depend on static receptive field configurations, the PVT employs a
hierarchical multi-stage transformer framework that processes images at multiple resolutions [41].
When provided with an input image I € R"*W>3_ the image is initially segmented into distinct, non-
overlapping patches of dimensions P X P, which are then flattened and linearly projected into a
sequence of embeddings.

V

Original image Augmentation 1 Augmentation 2 Augmentation 3 Augmentation 4
l“ “

Augmentation 5 Augmentation 6 Augmentation 7 Augmentation 8
Xo = [x1,%, .., xy],  x; = W, - Flatten(P;) + b, (1)

Fig. 1. Preprocessing data samples

where W, € R(P*3)XD ig the patch embedding matrix, by, is the bias term, and N = I;I)—I;V is the total

number of patches. These embeddings are then passed through multiple hierarchical stages, each
consisting of Transformer Encoder Blocks with progressively reduced spatial dimensions and
increased feature depth, forming a pyramid-like representation that preserves both fine-grained and
high-level semantic features.

Each encoder block applies the multi-head self-attention (MHSA) mechanism to model long-
range dependencies among patches. The attention function for a single head is defined as:

: QK"

Attention(Q, K, V) = Softmax \/d_ vV )
k

where Q, K,V € RV*% represent the query, key, and value matrices derived from linear projections

of the input sequence X. For h attention heads, the outputs are concatenated and projected as:

MHSA(X) = Concat(head,, head,, ..., head,)W, ?3)

with W, € R®@J%P  This mechanism enables the model to attend to multiple subspaces
simultaneously, capturing spatial correlations between distant bone regions, essential for detecting
subtle fracture lines.

To improve efficiency on high-resolution X-rays, PVT replaces the global self-attention used in
standard ViT with a Spatial-Reduction Attention (SRA) mechanism that reduces key and value
dimensions by a ratio r, formulated as:

4)

T
SRA(Q, K,V) = Softmax (Q(KT) >Vr

vk

where K, and V, are obtained through a spatial reduction operation, typically a strided convolution
. . . . . o . HW

with factor r. This allows the attention computation to scale linearly with image size O (r—z),
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maintaining high performance with significantly lower computational cost, critical for medical
datasets with large input resolutions.

The feature maps from the final pyramid stage are passed through a Global Average Pooling
(GAP) layer and a fully connected classifier to predict the fracture type among ten output classes [42].
The model is optimized using cross-entropy loss, defined as:

1 N C
Lo =3 > yiclog(9ic) )

i=1c=1
where y; . is the true label and ;. is the predicted probability for class c¢. The overall PVT-
FractureNet framework thus combines hierarchical feature extraction, spatially efficient attention,
and robust classification to achieve superior performance in multi-class bone fracture identification,
offering a balanced trade-off between computational efficiency, accuracy, and interpretability in
clinical radiographic analysis.

The proposed PVT-FractureNet architecture is designed to integrate the hierarchical feature
extraction capabilities of the Pyramid Vision Transformer (PVT) with a dual-branch learning strategy
for robust and discriminative fracture classification. As shown in the Fig. 2, the model is initiated
using radiographic input data which are initially segmented into mutually exclusive image patches.
Every patch undergoes a linear projection that converts it into an embedding vector and then passed
through multiple transformer encoder layers [43]. These encoders operate in a pyramidal hierarchy,
where spatial dimensions are gradually reduced while feature depth increases, generating multiscale
feature maps that represent both local and global bone structures. This hierarchical process allows the
network to simultaneously capture fine fracture lines and contextual anatomical patterns that are often
critical in distinguishing between subtle fracture types.

——_————————

Encoder;
Feature Map

Patch
Embed, .
by
B = Q
~
Encoder,
W

»

Encoder;
Feature Map

Patch
Embeds
D =
Encoders
W

Fig. 2. The proposed PVT-FractureNet model

To enhance the discriminative learning ability of the model, PVT-FractureNet employs a two-
stream architecture. The first stream (upper path) focuses on global structural representation by
encoding visual patches through successive encoder blocks to produce deep semantic features. These
features are used to compute a Triplet Loss, which enforces inter-class separability and intra-class
compactness in the latent feature space. Mathematically, Triplet Loss is defined as

Liripter = max (0' |fa - fplz ~fa=falz + a) (©)

where fg, f,, and f;, represent the embedding vectors of an anchor, positive, and negative sample,
respectively, and a is a predefined margin. This loss encourages the model to minimize the distance
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between samples of the same fracture type while maximizing the distance between different types,
leading to more discriminative representations across the ten fracture categories.

The second stream (lower path) processes the same input image through additional encoding
layers and a global feature extraction function f, followed by a fully connected layer for classification.
The network is trained concurrently using an Identification (ID) Loss, formulated as a standard cross-
entropy loss:

N
1
Lip = —NZ yilog() (7
i=1

where y; and ¥, denote the ground truth and predicted probability for the i-th class, respectively. This
loss optimizes categorical prediction accuracy across all fracture classes, such as oblique, greenstick,
pathological, and comminuted fractures.

Finally, the combined optimization objective of PVT-FractureNet is expressed as

Liotar = AlLtriplet + A2 Lyp (®)

where A; and A, are weighting factors that balance metric learning and classification objectives. This
hybrid learning approach allows the model to simultaneously learn discriminative embeddings and
accurate classification boundaries. The multiscale feature fusion and dual-loss supervision enable
PVT-FractureNet to outperform conventional CNN models by effectively identifying complex bone
fracture patterns, achieving both high accuracy and explainable decision-making in radiographic
bone fracture classification.

3.4. Metrics Evaluation and Explainability

The overall performance exhibited by the constructed PVT-FractureNet model was evaluated
using an array of widely recognized assessment metrics typically applied in medical image
classification tasks, comprising accuracy, precision, recall, F1-score, and the AUC. Accuracy denotes
the total ratio of fracture images accurately identified by the model, whereas precision reflects the
ratio of correctly identified positive cases compared with all instances predicted as positive [44].
Recall, also referred to as sensitivity, measures the degree to which the model effectively identifies
authentic fracture events [45], while the F1-score offers a harmonic balance between precision and
recall, proving particularly useful in situations involving class imbalance [46]. The AUC metric
assesses the model’s capacity to distinguish among varied fracture classes under different decision-
threshold conditions [47]. Together, these metrics collectively provide an extensive viewpoint on the
model’s ability to correctly identify and differentiate among the ten fracture classes (such as
comminuted, pathological, spiral, and hairline fractures) while maintaining consistency across all
categories.

In addition to numerical performance, explainability was integrated as a core component of
model validation to ensure clinical reliability [48]. The Grad-CAM method was applied to depict the
particular areas within each X-ray image that exerted the greatest impact on the model’s predictive
output [49]. This visualization produces heatmaps that emphasize the skeletal regions receiving
concentrated attention from the model when classifying a particular fracture type. For instance, in
cases of comminuted or greenstick fractures, the heatmaps revealed that PVT-FractureNet accurately
concentrated on disrupted cortical lines or irregular bone contours, aligning well with expert
radiological interpretation. This explainable framework enhances clinical trust by rendering the
model’s reasoning workflow more accessible and understandable to clinical professionals [50]. Rather
than functioning as a “black box,” PVT-FractureNet demonstrates how its attention mechanisms
prioritize relevant anatomical structures and fracture patterns. The combination of high quantitative
performance and clear visual explainability demonstrates that the model attains high diagnostic
precision while simultaneously delivering outputs that are informative and readily interpretable,
supporting radiologists in real-world clinical environments [51].
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4. Results and Discussion

This section introduces and elaborates on the experimental outcomes derived from deploying the
proposed PVT-FractureNet model for multi-class bone fracture categorization based on radiographic
imaging data. The assessment concentrated on ten clinically relevant fracture categories, namely
avulsion, comminuted, fracture-dislocation, greenstick-type, fine hairline-type, compression-
impacted, longitudinal-pattern, oblique-pattern, disease-associated pathological, and spiral-pattern
fractures. The model’s predictive capability was evaluated through several performance indicators,
including accuracy, precision, recall, F1-score, and the AUC, as well as through visualization tools
such as the confusion matrix and Grad-CAM heatmaps. These evaluations were intended to showcase
not merely the model’s classification performance but also its dependability and interpretative clarity
within the context of clinical decision-making systems.

The results highlight the capability of PVT-FractureNet to effectively distinguish between
fracture classes with diverse morphological patterns, even in cases where visual differences are subtle
or overlapping. The confusion matrix, presented in the Fig. 3, provides a detailed view of the model’s
classification performance across all categories. It reveals how the hierarchical attention mechanism
of the Pyramid Vision Transformer contributes to capturing both local fracture details and global bone
structures, resulting in improved differentiation between complex fracture types. The Fig. 3 illustrates
the confusion matrix of the PVT model, serving as the foundation for the discussion of its diagnostic
strengths and limitations.

The confusion matrix (Fig. 3) provides a detailed overview of the classification performance of
the PVT-FractureNet model across the ten fracture categories. Each row within the matrix corresponds
to the ground-truth labels, which denote the genuine fracture categories, whereas each column
indicates the predicted class outputs generated by the model. The diagonal components denote the
count of samples accurately categorized for their respective classes, while the off-diagonal
components reflect instances of misclassification, representing cases where the model incorrectly
identified one fracture type as another. From the matrix, it is evident that PVT-FractureNet
demonstrates strong overall performance, with several classes showing high recognition accuracy.
The model correctly identified the majority of Fracture-Dislocation cases (24 correctly classified),
reflecting its capability to capture distinctive radiographic characteristics such as bone misalignment
and joint displacement. Similarly, Pathological Fractures (15 correct) and Avulsion Fractures (12
correct) were classified with good accuracy, indicating that the model effectively learned to recognize
cortical separation and bone density variations typical of these categories.

However, a few classes showed moderate confusion, especially among fractures with visually
subtle or overlapping features. For example, Greenstick Fractures (13 correct) and Hairline Fractures
(12 correct) were occasionally misclassified as Avulsion or Comminuted Fractures, likely because
their thin or incomplete fracture lines resemble minor cortical irregularities seen in other types.
Similarly, Comminuted Fractures (11 correct) were sometimes confused with Fracture-Dislocation
and Pathological Fractures, as all three exhibit complex multi-fragmented patterns in X-rays. These
misclassifications can be attributed to the inherent difficulty of distinguishing fine morphological
differences, especially in low-contrast or overlapping bone regions.

The performance metrics of the PVT-FractureNet model, as summarized in Table 2, demonstrate
the model’s capability to distinguish among various categories of bone fractures from radiographic
images with strong consistency across key evaluation indicators. Overall, the model achieved an
average accuracy of 89.9%, precision of 55%, recall of 47.5%, specificity of 91.1%, F1-score of
46.5%, and an AUC of 81.1%. These results indicate that the PVT architecture provides robust feature
extraction and effective classification performance despite the morphological similarities among
several fracture types. The high overall specificity and AUC values imply that the model reliably
differentiates positive instances from negative ones, demonstrating strong discrimination capability
and reliability in medical image interpretation [52]. In class-wise performance, Greenstick Fracture
and Oblique Fracture attained the top accuracy performance levels (94% and 95%, respectively),
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reflecting the model’s ability to capture both localized and global contextual features of incomplete
and angled fracture lines. The Fracture-Dislocation class achieved the highest recall (77%) and a
relatively high F1-score (59%), suggesting that the model effectively recognized the majority of actual
cases for this fracture category while preserving an equilibrium between sensitivity and precision.
Conversely, Spiral and Longitudinal Fractures demonstrated reduced recall performance (29% and
25%), likely due to their visual similarity to other fracture categories and the relatively small number
of samples available in the dataset. These limitations emphasize the importance of dataset balancing
and data augmentation to improve performance in underrepresented classes [53].

Confusion Matrix (PVT)

Avulsion-fracture 12 0 3 0 6 0 0 0 3 1
Comminuted-fracture 4 3 11 6 1 H 0 1 1 2 2 20
Fracture-Dislocation - 2 0 1 H 0 0 0 1 [v]
Greenstick-fracture 2 1 2 4 0 1 0 1 0
15
5 Hairline-Fracture 4 1 0 1 12 2 0 0 1 1
= Impacted-fracture 0 1 2 0 2 9 1 0 1 1
10
Longitudinal-fracture 1 1 5 0 1 1 4 0 2 1
Obligque-fracture 4 1 0 4 0 1 1 0 7 2 1
s
Pathological-fracture o 1 2 4 0 2 2 0 1 0
Spiral-Fracture 2 1 1 0 5 2 0 0 1 5
. . . . . : . . . . L—Lo
e e
€ 3 e o o@‘\o (ar_“"‘ (bc}"" e S & ¥ ,ﬂ(a‘w“’( @ ot (act"‘
- o o ¥ e of B RC L 2
“\‘;\ o o “,,\_\ .\‘\\0 _6(5, 6\“ NG DQ\C EQ\(
B Cg@(\“" o & ia ¥ o a° 0"
Predicted label
Fig. 3. Confusion matrix
Table 2. Performance metrics per fracture type using the PVT model
Accuracy Precision Recall Specificity  F1-Score AUC
F T
Ne racture Type (%) (%) (%) (%) (%) (%)
1 Avulsion Fracture 87 43 48 92 45 75
2 Comminuted Fracture 88 61 37 96 46 82
3 Fracture-Dislocation 85 47 77 86 59 91
4 Greenstick Fracture 94 81 54 86 65 92
5 Hairline Fracture 84 31 55 87 39 80
6 Impacted Fracture 93 53 53 89 53 90
7 Longitudinal Fracture 93 57 25 96 35 73
8 Oblique Fracture 95 57 41 89 35 72
9 Pathological Fracture 88 78 56 93 54 82
10 Spiral Fracture 92 42 29 97 34 74
Average 89.9 55 47.5 91.1 46.5 81.1
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The precision and specificity metrics further reveal that PVT-FractureNet performs well in
reducing false positives. For instance, the Pathological Fracture class recorded a precision of 78% and
specificity of 93%, suggesting that the model correctly identified cases with disease-related cortical
destruction with minimal misclassification. Similarly, the Comminuted Fracture class achieved a
precision of 61% and high specificity of 96%, indicating that the model effectively recognized
complex multi-fragmented patterns in radiographs. However, some classes, such as Hairline Fracture,
showed lower precision (31%), which reflects the inherent difficulty in detecting fine, low-contrast
fracture lines even for advanced Al models.

The overall findings confirm that the hierarchical attention mechanism of the Pyramid Vision
Transformer architecture enables the model to learn multi-scale contextual relationships within bone
structures. This allows PVT-FractureNet to generalize across diverse fracture morphologies more
effectively than traditional CNN-based models. The strong AUC value of 81.1% across all classes
supports the model’s capability to balance sensitivity and specificity, a crucial aspect for medical
diagnostic systems. In summary, the results demonstrate that PVT-FractureNet provides a promising
framework for automated, accurate, and interpretable bone fracture classification in radiographic
imaging, paving the way for clinical decision-support tools that can aid radiologists in early diagnosis
and triage [54].

The ROC curves in the Fig. 4 above illustrate the class-wise discriminative performance of the
PVT-FractureNet model across ten fracture categories. Each curve illustrates the balance between the
sensitivity and the false positive rate (1 — specificity) corresponding to an individual fracture category.
The model attained a macro-averaged AUC score of 0.811, reflecting robust generalization ability and
dependable separability between classes across all fracture types. An AUC value above 0.8
demonstrates that PVT-FractureNet is effective in distinguishing between positive and negative cases
in radiographic fracture detection, a crucial indicator for clinical decision support systems.

Among the ten classes, the Greenstick Fracture category attained the top AUC score of 0.920,
implying that the model proficiently identifies subtle cortical disruptions and partial fracture
trajectories typically associated with this fracture type. Similarly, Fracture-Dislocation (AUC = 0.908)
and Impacted Fracture (AUC = 0.900) demonstrated excellent discriminative ability, indicating the
model’s capability to detect unique structural shifts and superimposed bone configurations. These
results underscore the benefit offered by the hierarchical attention design of the Pyramid Vision
Transformer, which learns both local and global spatial dependencies [55], crucial for interpreting
complex radiographic textures and bone alignment abnormalities.

Moderate AUC values were observed for Comminuted and Pathological Fractures (both 0.819),
showing that the model maintained consistent sensitivity and specificity even for classes with
heterogeneous visual patterns. However, lower AUC scores were obtained for Longitudinal (0.732),
Oblique (0.724), and Spiral Fractures (0.741), which are morphologically similar and often exhibit
overlapping characteristics in X-ray images. These results suggest that while PVT-FractureNet
effectively captures key visual cues, certain fracture categories with subtle or ambiguous radiographic
features remain challenging to differentiate. Increasing sample diversity and augmenting rotation-
based transformations could further enhance model discrimination for these classes [56].

Overall, the ROC analysis reinforces that PVT-FractureNet achieves strong class-wise
differentiation and robust diagnostic accuracy. The macro-AUC score of 0.811 validates the model’s
reliability for multi-class fracture classification and its potential as a clinically interpretable Al-
assisted diagnostic tool. By combining hierarchical feature representation and self-attention
mechanisms, PVT-FractureNet successfully identifies intricate fracture morphologies across a wide
spectrum of bone types, providing a promising foundation for real-world clinical integration in
radiographic bone fracture assessment.

To assess the interpretability and reliability of the proposed PVT-FractureNet model, a qualitative
explainability analysis was performed using Grad-CAM and Score-CAM visualizations for
representative fracture cases (Fig. 5). These explainability maps highlight the specific regions within
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each radiograph that most strongly influenced the model’s predictions [57]. By correlating these
attention maps with radiographic anatomy, it becomes possible to verify whether the model focuses
on clinically meaningful areas (such as cortical discontinuities, trabecular distortions, or misalignment
zones) consistent with radiological interpretation. The results across multiple fracture classes
demonstrate that PVT-FractureNet successfully learns to localize relevant fracture regions while
maintaining high prediction confidence.

ROC Curves per Class — Macro AUC (OVR) = 0.811
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Fig. 4. ROC curves per class — macro AUC

In the Fracture-Dislocation case, the model achieved a prediction confidence of 92.39%, correctly
identifying the dislocation site with a focused attention map concentrated around the joint area. Both
Grad-CAM and Score-CAM visualizations reveal that the model accurately emphasizes the region of
bone displacement and articular misalignment, which are key diagnostic indicators for this fracture
type. The surrounding bone structures are less activated, reflecting the PVT’s hierarchical attention
mechanism that prioritizes discriminative local features while minimizing background noise [58]. This
suggests that PVT-FractureNet effectively captures spatial dependencies between the dislocated bone
segments and the adjacent cortical contours, leading to a robust classification outcome.

Similarly, for the Impacted Fracture class, the model demonstrated a strong prediction confidence
of 91.79%. The attention maps show high activation in the central pelvic region, precisely at the
location of bone impaction. Grad-CAM highlights compact localized zones of activation [59], while
Score-CAM presents a broader [60], yet anatomically consistent heat distribution, confirming that the
model not only detects the fracture interface but also considers the contextual bone compression
patterns characteristic of impacted fractures. The low misclassification probabilities for other classes
(each below 1.1%) further indicate that PVT-FractureNet is able to effectively differentiate impact-
related structural changes from other fracture morphologies such as avulsion or comminuted fractures.

In the case of the Spiral Fracture, the model reached a confidence score of 87.08%, correctly
identifying the helical fracture pattern along the humeral shaft. The Grad-CAM visualization distinctly
highlights the midshaft area where the spiral break occurs, while the Score-CAM output extends the
focus along the fracture trajectory, indicating that the model perceives the continuous torsional pattern
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associated with this fracture type. Despite the complex curvature and partial overlap with soft tissue
regions, the model maintained consistent activation over clinically relevant areas. The probability
distribution shows minimal confusion with other fracture types such as pathological (2.55%) or
avulsion (1.67%), confirming high classification specificity.

Class: Spiral-Fracture — PVT

Grad-CAM Score-CAM

Original pred: Spiral-Fracture (0.87) pred: Spiral-Fracture (0.87) True Label: Spiral-Fracture

Predicted Label:
Spiral-Fracture: 87.08%
Pathological-fracture: 2.55%
Avulsion-fracture: 1.67%
Comminuted-fracture: 1.42%
Oblique-fracture: 1.39%
Hairline-Fracture: 1.27%
Impacted-fracture: 1.24%
Fracture-Dislocation: 1.19%

Class: Impacted-fracture — PVT

Grad-CAM Score-CAM
pred: Impacted-fracture (0.92)

Original pred: Impacted-fracture (0.92) True Label: Impacted-fracture

£

Predicted Label:
Impacted-fracture: 91.79%
Hairline-Fracture: 1.05%
Longitudinal-fracture: 1.03%
Avulsion-fracture: 1.03%
Comminuted-fracture: 0.95%
Greenstick-fracture: 0.92%
Fracture-Dislocation: 0.82%
Oblique-fracture: 0.82%

Class: Fracture-Dislocation — PVT

Grad-CAM Score-CAM
pred: Fracture-Dislocation (0.92) pred: Fracture-Dislocation (0.92)

.

Fig. 5. Grad-CAM visualizations for representative samples

Original True Label: Fracture-Dislocation

Predicted Label:
Fracture-Dislocation: 92.39%
Comminuted-fracture: 1.18%
Avulsion-fracture: 0.91%
Hairline-Fracture: 0.88%
Spiral-Fracture: 0.86%
Oblique-fracture: 0.81%
Pathological-fracture: 0.75%
Greenstick-fracture: 0.75%

Collectively, these Grad-CAM and Score-CAM results validate the explainability and clinical
interpretability of PVT-FractureNet. The model demonstrates an ability not only to achieve high
quantitative accuracy but also to visually justify its decision-making process by focusing on
anatomically significant regions. This combination of predictive performance and transparency
reinforces the model’s potential for real-world deployment as a decision-support tool in radiographic
fracture diagnosis [61]. The findings indicate that hierarchical transformer-based representations, as
implemented in PVT-FractureNet, are capable of providing both precise and trustworthy visual
explanations, an essential feature for clinical adoption and physician confidence in Al-assisted
diagnostic systems.

5. Conclusion

This study presented PVT-FractureNet, a novel deep learning framework based on the PVT
architecture, for automated multi-class bone fracture classification using radiographic images. The
model was specifically designed to capture both local fracture features (such as cortical discontinuities
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and microstructural distortions) and global anatomical context, enabling accurate and interpretable
classification across ten fracture types. Experimental evaluations demonstrated that PVT-FractureNet
achieved an average accuracy of 89.9%, AUC of 81.1%, and high specificity (91.1%), indicating
reliable performance in distinguishing between subtle and complex fracture morphologies. These
results confirm that the hierarchical attention mechanism inherent in PVT can effectively extract
multi-scale visual features from X-ray images, outperforming conventional CNN-based approaches
in both robustness and diagnostic precision. The ROC analysis further validated the model’s strong
discriminative capability, with several fracture classes (such as Greenstick, Fracture-Dislocation, and
Impacted Fracture) achieving AUC values above 0.90, reflecting excellent separability from other
categories. The confusion matrix and per-class evaluation metrics also highlighted that PVT-
FractureNet maintained consistent performance across different fracture types, even when the dataset
presented imbalanced sample distributions or morphologically similar patterns. Moreover, the
integration of explainable Al techniques, including Grad-CAM and Score-CAM, confirmed that the
model’s decision-making process aligned closely with clinical interpretation. Visualization heatmaps
showed that PVT-FractureNet accurately localized fracture regions and focused attention on relevant
cortical areas, reinforcing its trustworthiness for potential clinical deployment.

In summary, the findings demonstrate that PVT-FractureNet provides a clinically interpretable,
high-performance, and scalable solution for radiographic fracture classification. Its ability to combine
feature hierarchies, attention-based representation learning, and explainability mechanisms makes it a
promising framework for Al-assisted diagnostic systems in orthopedics and radiology. Future work
may focus on expanding the dataset to include multi-view radiographs, 3D CT modalities, or real-
world hospital data, as well as incorporating clinical metadata such as patient demographics and injury
mechanisms to further enhance diagnostic accuracy. With continued refinement, PVT-FractureNet
has the potential to support radiologists in early diagnosis, reduce diagnostic variability, and improve
clinical decision-making in fracture management.
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