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| ABSTRACT 

Automated bone fracture classification from radiographic images remains challenging because fracture evidence is often subtle, 

spatially confined, and sensitive to projection angle and anatomical variation. While convolutional models and standard 

transformer-based architectures have advanced radiographic image analysis, they may not jointly capture fine-grained local 

structural disruptions and the broader contextual dependencies required for reliable fracture recognition. In particular, existing 

methods do not sufficiently unify localized fracture-sensitive feature extraction, cross-window contextual interaction, and multi-

scale structural refinement within a single classification framework. To address this gap, this study proposes a hierarchical 

transformer-based network for binary bone fracture classification built on residual CGTM blocks. The architecture integrates 

window-based multi-head self-attention, shifted-window multi-head self-attention, and a Gated Dilated ConvFFN within a four-

stage representation hierarchy, with adaptive patch merging between stages and attention pooling for discriminative feature 

aggregation. The model was evaluated on a bone fracture radiograph dataset using dedicated training, validation, and held-out 

test subsets, with performance stability assessed through 10-fold cross-validation. Comparative evaluation was conducted 

against MaxViT and EVA-02 under identical experimental conditions. The proposed model achieved a mean validation accuracy 

of 99.276% and a held-out test accuracy of 99.25%, together with a ROC-AUC of 99.99% and an average precision of 99.99%, 

outperforming MaxViT at 97.99% test accuracy and EVA-02 at 93.355% mean validation accuracy. These results indicate that 

jointly modeling local structural sensitivity and cross-window contextual interaction within a hierarchical transformer framework 

offers a meaningful advantage for radiographic fracture classification, though broader validation remains necessary before 

clinical use. 
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1.Introduction 

Bone fractures are among the most frequently encountered injuries in clinical practice and require prompt radiographic 

assessment to guide appropriate treatment [1,2]. Plain radiography remains the primary imaging modality for initial fracture 

evaluation because it is widely available, relatively inexpensive, and provides rapid structural information across a broad range of 

clinical settings[3,4]. As the demand for radiographic interpretation continues to grow, automated fracture classification from X-

ray images has attracted increasing attention as a means of supporting consistent and timely diagnostic decisions [5,6]. Binary 

fracture classification, which distinguishes radiographs showing fracture-related structural disruption from those representing 

normal anatomy, provides a focused and clinically relevant computational problem [7,8,9]. Addressing this task reliably through 

automated methods is technically meaningful, particularly in settings where specialist availability is limited and diagnostic 

throughput is high. 



A Hierarchical Transformer with Residual CGTM Blocks and Gated Dilated Convolutional Refinement for Binary Bone Fracture 

Classification from Radiographic Images 

Page | 212  

Radiographic fracture recognition is inherently difficult, even for experienced clinicians [10]. Fracture lines may be faint, 

incomplete, low in contrast, or partially obscured by overlapping anatomical structures, and their appearance can change 

substantially depending on the projection angle, bone morphology, and acquisition orientation [11]. The diagnostically relevant 

features that distinguish a fractured from a non-fractured radiograph often consist of thin cortical interruptions, slight step-offs, 

irregular trabecular patterns, or narrow discontinuities that occupy only a small portion of the full image [12]. These local 

findings cannot be interpreted in isolation. Their clinical significance depends on surrounding bone contours, joint configuration, 

and the broader spatial relationship between structures within a given projection. This dual requirement of fine-grained 

sensitivity to compact local irregularities combined with awareness of the surrounding anatomical context makes automated 

fracture classification from radiographs a technically demanding problem that places specific constraints on the representational 

capacities of deep learning systems[13]. 

Deep learning has substantially advanced the field of medical image analysis, and both convolutional neural networks and 

transformer-based architectures have been applied to radiographic classification tasks with considerable success [14,15]. 

Convolutional models exploit hierarchical local receptive fields to extract spatially structured features efficiently, and they have 

demonstrated strong performance across a wide range of imaging benchmarks [16,17]. Their dependence on progressively 

stacked local operations, however, can limit direct modeling of long-range structural dependencies, which may be important 

when local fracture evidence must be interpreted relative to more distant anatomical structures or broader projection-dependent 

context [18]. Transformer-based models address part of this limitation by enabling flexible token-level interactions across the full 

spatial extent of the image [19,20]. Yet generic attention formulations do not always preserve spatially delicate local detail with 

sufficient fidelity, particularly when the relevant evidence is sparse, edge-like, and confined to a narrow region [21,22]. 

Hierarchical vision transformers improve on this by operating across multiple spatial scales, but standard attention pipelines 

within such architectures may still lack the spatial refinement mechanisms needed to respond consistently to subtle osseous 

irregularities in radiographic images. 

These considerations point to a concrete methodological gap. Existing approaches do not sufficiently unify localized fracture-

sensitive feature extraction, cross-window contextual interaction, and multi-scale structural refinement within a single 

classification framework. For radiographic bone fracture analysis, this unification is particularly important because fracture 

evidence is often confined to a narrow spatial region while its interpretation depends on surrounding anatomy and view-specific 

structural relationships. An architecture suited to this task should support fine-grained attention within local spatial windows, 

enable communication across neighboring windows so that structural patterns can be interpreted in their spatial context, 

incorporate spatially enriched feed-forward processing that extends sensitivity beyond the immediate attention window, and 

progressively abstract features across hierarchical stages without losing the localized structural detail present at finer scales. 

Generic convolutional or transformer pipelines applied without task-specific adaptation may not simultaneously fulfill all of these 

representational requirements. 

To address this gap, the present study proposes a hierarchical transformer-based network for binary bone fracture classification 

built around residual CGTM blocks. The architecture operates as a four-stage feature hierarchy on patch-partitioned radiographic 

inputs, performing progressive spatial downsampling with channel expansion across stages. Each residual CGTM block integrates 

window-based multi-head self-attention for localized structural modeling, shifted-window multi-head self-attention to promote 

cross-window contextual interaction, and a Gated Dilated ConvFFN for spatially enriched feed-forward refinement. The dilated 

convolutional component within the feed-forward stage expands the effective receptive field without collapsing spatial 

resolution, and the gating mechanism supports adaptive feature propagation based on the incoming representation state. 

Adaptive patch merging handles stage transitions through learned hierarchical downsampling and feature consolidation, while 

attention pooling at the final stage aggregates spatial tokens into a compact representation before classification. This design 

was motivated by the specific representational demands of fracture-sensitive radiographic analysis rather than by the application 

of a general-purpose visual backbone without task-specific adaptation. 

This study evaluates the proposed architecture on a binary bone fracture radiograph dataset using dedicated training, validation, 

and held-out test subsets, with 10-fold cross-validation employed to assess performance stability. The model is compared 

against two competitive transformer-based baselines, MaxViT and EVA-02, under a consistent and controlled experimental 

framework. The central contribution of this work is a fracture-sensitive hierarchical transformer design that more explicitly 

integrates localized structural sensitivity, cross-window contextual reasoning, and spatially aware feature refinement within a 

unified architecture, providing a more task-appropriate framework for automated bone fracture classification from radiographs 

than generic feature extraction pipelines alone. 
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2. Related Work 

Recent contributions to bone fracture classification from radiographic images reflect a broad range of architectural strategies, 

from attention-augmented encoder-decoder networks to novel quantum-inspired pipelines. Devi et al. [23] proposed SAG-UNet, 

which refines the attention gate mechanism of a standard Attention UNet within the decoder upsampling path using batch 

normalization, ReLU activation, dropout, and 1x1 linear convolution to construct a spatial attention weight map that is 

propagated through skip connections; applied to ten-class fracture type classification on the Kaggle Bone Break dataset with 

Growing Neural Gas-based feature quantization as a preprocessing step, SAG-UNet achieved a classification accuracy of 98.78%, 

substantially improving upon the 89% baseline of the unmodified Attention UNet and demonstrating that targeted architectural 

refinement of the gating mechanism can yield a meaningful discriminative advantage. Operating from a different 

methodological premise, Mewada et al. [24] integrated a quantum convolution layer as the initial feature extraction stage of a 

conventional CNN pipeline, constructing a quantum convolutional neural network evaluated on the Bone Fracture Multi-Region 

X-ray benchmark, where it achieved an accuracy of 96% and an F1-score of 95.81%; while the approach introduces a novel 

computational paradigm, its reported performance does not surpass that of well-tuned classical architectures. Elsheikh and Elhag 

[25] proposed DLCVM-MBFDC, combining Wiener filtering for noise suppression, DenseNet-201 for deep feature extraction, and 

a stacked autoencoder optimized with the wild gibbon optimizer algorithm for multi-region fracture classification, reporting a 

superior accuracy of 97.85% on the Kaggle dataset and illustrating that modular optimization of independent pipeline stages can 

produce competitive classification performance, albeit at the cost of end-to-end representational coherence. Kanagaraj et al. [26] 

introduced a Node-Level Capsule Graph Neural Network (NCGNN) for binary fracture classification, preprocessing radiographic 

images with a Distributed Nonlinear Polynomial Graph Filter, extracting textural features including contrast, homogeneity, 

energy, and dissimilarity through the High-Order Synchroextracting Transform, and optimizing the NCGNN with the Gazelle 

Optimization Algorithm; while the capsule routing mechanism provides equivariance to spatial transformations, the architecture 

depends on multi-stage handcrafted feature extraction prior to the classification stage, which constrains the flexibility of the 

learned representation. Torne et al. [27] conducted a systematic comparison of VGG-16, ResNet-50 paired with a support vector 

machine, and EfficientNetB0 paired with XGBoost on a ten-class fracture type classification task using X-ray images, reporting 

that VGG-16 and its ensemble variant with random forest achieved the highest accuracy of 0.95 across all fracture classes; the 

results confirm the practical value of ensemble augmentation of standard convolutional backbones, though the purely 

convolutional feature hierarchy does not explicitly address cross-region structural dependencies that may be relevant when 

fracture evidence must be interpreted in relation to broader anatomical context. 

Several recent studies have explored the application of convolutional and transformer-based architectures for radiographic 

fracture classification, with a shared emphasis on transfer learning, hybrid model design, and systematic backbone comparison. 

Sekar et al. [28] evaluated a broad set of architectures including ResNet, DenseNet, VGG-19, EfficientNet, Vision Transformers, 

and domain-adapted hybrid variants such as ResNet-Hybrid and DenseNet-Hybrid on a bone fracture categorization task, 

finding that the DenseNet-Hybrid configuration achieved near-perfect accuracy owing to its domain-specific structural 

adaptations, while Vision Transformers demonstrated superior global relational modeling relative to EfficientNet and standard 

SVM-based approaches showed substantially lower performance due to their reliance on manually defined feature 

representations; these findings confirm that hybrid architectures incorporating domain adaptation can outperform both generic 

convolutional backbones and conventional machine learning pipelines in fracture classification settings. Alex [29] applied a pre-

trained ResNet-18 to binary fracture classification on a multi-region dataset of 10,580 radiographic images, achieving a 

validation accuracy of 97.59% with rotation and horizontal flip augmentation, and demonstrated that lightweight convolutional 

backbones under transfer learning can deliver competitive binary discrimination performance while maintaining computational 

efficiency suitable for resource-constrained clinical environments. Ahammed et al. [30] systematically evaluated DenseNet-169, 

VGG, ResNet, Xception, and EfficientNet as fixed feature extractors paired with logistic regression, random forest, XGBoost, and a 

custom feed-forward network as classifiers, reporting that DenseNet-169 combined with the custom feed-forward classifier 

achieved the highest binary classification accuracy of 99%, a ROC-AUC of 99.99%, and equivalent precision, recall, and F1-score 

of 998%, establishing that the selection of both the feature extractor and the downstream classifier exerts a large influence on 

final classification performance and that DenseNet-based representations are particularly well suited to fracture-discriminative 

feature learning when paired with an appropriate classification head. Islam et al. [31] compared Vision Transformer (ViT-16) and 

convolutional architectures including CNN, ResNet-50, and ResNet-34 on the MURA musculoskeletal radiograph dataset of 

40,019 images for binary fracture classification, finding that ViT-16 achieved the highest reported accuracy of 88%, followed 

closely by a standard CNN at 87% and ResNet-50 at 86%; while these results confirm that vision transformers are applicable to 

radiographic fracture classification, the observed performance levels are notably lower than those achieved by specialized 

convolutional or hybrid designs on comparable tasks, indicating that generic ViT formulations applied without task-specific 

architectural adaptation do not recover sufficient local structural sensitivity to match fracture-specialized convolutional models. 
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A further cluster of recent studies has investigated hybrid feature extraction pipelines, backbone architecture comparisons, and 

end-to-end detection frameworks as complementary strategies for improving automated fracture analysis from radiographic 

images. Alam et al. [32] proposed MobLG-Net, which combines MobileNet as a transfer learning-based spatial feature extractor 

with a light gradient boosting machine (LGBM) to generate class probability representations, subsequently evaluated against 

KNN, LGBM, logistic regression, and random forest classifiers with optimized hyperparameters and cross-validation; the LGBM 

and logistic regression classifiers trained on the MobLG-Net features achieved a binary fracture detection accuracy of 99%, 

demonstrating that routing compact convolutional representations through tree-based classifiers can produce competitive 

performance without the computational overhead of large-scale end-to-end training. Aldhyani et al. [33] evaluated VGG-16, 

ResNet-152V2, and DenseNet-201 for multi-region fracture detection and classification on the Kaggle dataset of 10,580 

radiographic images, reporting a validation accuracy of 97% with DenseNet-201 and VGG-16 and identifying data heterogeneity 

and inter-class visual ambiguity as the primary factors constraining performance in existing convolutional models, thereby 

highlighting that standard transfer learning without architectural adaptation may not be sufficient to handle the full range of 

structural variability present in clinical fracture datasets. Alwzwazy et al. [34] proposed FracNet, an end-to-end detection 

framework incorporating self-supervised pretraining, multi-scale feature fusion, attention mechanisms, and integrated 

visualization tools, which achieved a reported detection accuracy of 100% across three benchmark datasets and demonstrated 

high adaptability to new data with minimal retraining requirements; while the framework provides spatial interpretability beyond 

image-level classification, its formulation as a detection rather than classification system means it is not directly comparable to 

binary classification pipelines operating on full radiographic images. Isgor and Koklu [35] proposed a lightweight hybrid 

approach combining MobileNetV2 exclusively for deep feature extraction with five ensemble classifiers, namely Random Forest, 

Extra Trees, Gradient Boosting, AdaBoost, and Bagging Classifier, evaluated under 10-fold cross-validation on a dataset of 4,840 

fractured and 4,623 non-fractured bone X-ray images; the Extra Trees classifier achieved the highest performance with an 

accuracy of 99.14%, precision of 99.22%, recall of 99.03%, and F1-score of 99.12% within a training time of 199 seconds, 

confirming that decoupling deep feature extraction from ensemble classification can deliver both high accuracy and 

computational efficiency, though the fixed feature extractor prevents joint optimization of the representational and 

discriminative components of the model. 

The final group of reviewed contributions spans detection-oriented architectures, classical hybrid classification pipelines, 

lightweight backbone comparisons, and multi-stage segmentation and classification frameworks, collectively illustrating the 

methodological breadth of current automated fracture analysis research. Srinivasu et al. [36] investigated the combined effect of 

hyperparameter tuning and preprocessing augmentation on YOLO V10 for radiographic fracture detection, applying unsharp 

masking and contrast-limited adaptive histogram equalization prior to training and systematically varying learning rate and 

epoch count; the optimally configured model achieved a detection accuracy of 0.964 on augmented data with a precision of 

0.98, compared to 0.95 on raw images, demonstrating that preprocessing strategy and training configuration exert a substantial 

and measurable influence on localization-based fracture detection performance independent of architectural design. Scutelnicu 

et al. [37] provided a systematic review of automatic bone fracture detection techniques encompassing image processing 

methods, classical machine learning algorithms, CNN-based models, region-based convolutional networks, and transformer-

based architectures, identifying data availability, image quality variability, computational complexity, and integration into clinical 

workflows as the primary challenges confronting current approaches, and highlighting multimodal data fusion, explainable 

artificial intelligence, and federated learning as the most promising directions for improving diagnostic reliability and system 

deployability in future research. Padmakala [38] compared Custom CNN, MobileNetV2, and ResNet-50 on a binary orthopedic 

fracture classification task with images normalized and resized to 224x224 pixels, reporting that MobileNetV2 achieved perfect 

accuracy, sensitivity, and AUC of 1.000 under the reported experimental conditions, while the Custom CNN attained an accuracy 

of 97.74% with a sensitivity of 95.50% and AUC of 0.9915, and ResNet-50 substantially underperformed both alternatives at 

73.18% accuracy and an AUC of 0.7820, illustrating that backbone selection has a disproportionately large effect on binary 

fracture classification performance even when all other training conditions are held constant. Saritas et al. [39] employed 

InceptionV3 within a transfer learning framework to extract multi-layered feature representations from radiographic images, 

subsequently classifying these representations using SVM and Naive Bayes, with SVM achieving an accuracy of 76.8% and Naive 

Bayes reaching 67.3%; while the decoupled extraction and classification design is computationally convenient, the reported 

accuracy levels fall considerably below those achieved by end-to-end trained architectures on comparable fracture classification 

tasks, suggesting that fixed feature representations extracted without joint optimization may not capture the full discriminative 

structure required for reliable fracture-sensitive classification. Jothi and Jayanthi [40] proposed a multi-stage pipeline that 

integrates a dilated mask R-CNN with recurrent Kalman filters and recurrent fuzzy filters for bone fracture segmentation, 

followed by feature concatenation of deep mask R-CNN outputs with handcrafted descriptors including local binary patterns, 

histogram of oriented gradients, and SURF, which are then classified by a Self-Attention Recurrent Neural Network; while the 

framework captures both spatial localization and temporal feature dependencies within a single pipeline, its dependence on 
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handcrafted intermediate representations and multi-stage optimization constrains the end-to-end representational flexibility of 

the model and introduces design complexity that may limit generalization across datasets with different imaging characteristics. 

3.1 Dataset description 

The dataset used in this study supports binary bone fracture classification from radiographic images, with two target classes: 

Fractured and Not Fractured. Radiographs are partitioned into training, validation, and test subsets, which respectively support 

model fitting, performance monitoring, and independent held-out evaluation.Figure 1 presents the class distribution across all 

three subsets. The training subset is the largest and is approximately class-balanced, with a slight predominance of Fractured 

images. The validation subset is smaller and shows moderate imbalance, with more Not Fractured samples than Fractured 

samples. The test subset contains 199 Not Fractured and 200 Fractured radiographs, giving a near-balanced composition of 399 

samples used for final assessment. The dataset consists predominantly of upper-limb radiographs, with wrist and forearm images 

constituting the main anatomical content. The images vary in positioning, projection angle, and anatomical alignment, reflecting 

the kind of diversity encountered in routine radiographic practice. Fracture patterns may present differently depending on the 

viewing angle, and projection-related structural overlap can alter the local appearance of osseous regions. This variability means 

that binary classification cannot rely on global appearance alone.Effective discrimination between Fractured and Not Fractured 

radiographs requires the ability to detect subtle cortical irregularities and local structural discontinuities while also interpreting 

those findings relative to surrounding bone contours and view-specific anatomical context. These dataset characteristics directly 

motivate the need for a model that jointly captures fine local fracture cues and broader structural relationships. 

 

Figure 1:Class distribution of the bone fracture radiograph dataset across training, validation, and test subsets 

3.2 Data preprocessing and augmentation 

Radiographic bone fracture classification places specific demands on input preprocessing. X-ray images vary in spatial resolution, 

intensity range, and acquisition orientation, yet this variability is not inherently diagnostic and can destabilize model 

optimization if left unaddressed. At the same time, preprocessing must remain structurally conservative, because the features 

that distinguish fractured from non-fractured radiographs often manifest as fine cortical interruptions, narrow discontinuities, or 

subtle local contour deviations that can be suppressed by aggressive normalization or unconstrained photometric 

transformation. The pipeline was therefore designed to reduce non-informative acquisition variability in a reproducible way while 

preserving the fine osseous detail on which reliable fracture discrimination depends. 

All radiographs were represented as three-channel inputs to ensure compatibility with pretrained vision architectures that expect 

this tensor format. Where images were not natively three-channel, the luminance signal was replicated uniformly across all three 

channels without channel-specific filtering or intensity transformation. Each image was resized to 224 × 224 pixels to establish a 

uniform spatial resolution for batch-based training. Pixel intensities were then linearly scaled to the range [0, 1], after which 

channel-wise normalization was applied using the fixed ImageNet statistics: mean [0.485, 0.456, 0.406] and standard deviation 

[0.229, 0.224, 0.225]. These constants were adopted as fixed external conventions aligned with pretrained backbone expectations 

and were not estimated from any portion of the present dataset. This distinction is methodologically important: computing 

normalization statistics from training data and applying them uniformly across subsets would constitute a form of 
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preprocessing-level information leakage, which the current approach avoids entirely. No contrast enhancement, edge 

sharpening, denoising, or anatomical cropping was applied, as such operations are unnecessary for the binary classification 

objective and risk suppressing fracture-relevant structural information. 

Stochastic data augmentation was applied exclusively to the training subset to improve model robustness to realistic appearance 

variability in musculoskeletal radiographic images. The augmentation policy was intentionally kept moderate, because fine 

fracture signatures such as thin cortical interruptions and narrow structural discontinuities can be distorted or obscured by 

strong geometric or photometric perturbations. Horizontal flipping was applied with probability 0.5. Rotation was constrained to 

a maximum of ±10 degrees, translation was limited to within 10 percent of image width and height, and zoom was restricted to 

the range 0.90 to 1.10. Brightness and contrast were each independently perturbed within ±10 percent to simulate mild 

acquisition-related intensity differences without producing radiographically implausible inputs. Vertical flipping was excluded 

because it yields anatomically implausible orientations for musculoskeletal radiographs and could introduce structurally 

misleading patterns into the training distribution. 

Data partitioning into training, validation, and test subsets was completed before any preprocessing or augmentation was 

applied. Augmented variants were generated entirely within the training subset and were not permitted to cross partition 

boundaries. Validation and test subsets received only the deterministic operations described above: fixed-size resizing, pixel 

intensity scaling, and channel-wise normalization using the same fixed ImageNet statistics. No stochastic transformation was 

applied to these subsets at any stage. Because normalization constants were not derived from the available data, no statistics-

based information leakage between subsets was introduced at the preprocessing stage. This ordering and separation preserve 

the methodological integrity of each subset's role: training for parameter optimization, validation for model selection, and test 

for independent assessment of generalization performance on data that remained entirely isolated from model development. 

3.3 Overall architecture of the proposed bone fracture classification network 

The proposed model is formulated as a hierarchical transformer-based architecture for binary bone fracture classification from 

radiographic images (Figure 2) . Its design is motivated by the observation that fracture recognition depends on two 

complementary forms of visual reasoning. On the one hand, the model must remain sensitive to subtle local structural 

irregularities such as fine cortical disruption, narrow discontinuities, and weak fracture-related contour deviations. On the other 

hand, these local findings must be interpreted in relation to the surrounding anatomical context, since projection, alignment, 

overlap, and normal morphological variation can alter the apparent visual pattern. This dual requirement motivates an 

architecture that combines localized feature interaction, cross-region contextual modeling, and progressive hierarchical 

abstraction within a unified end-to-end framework.Given an input radiograph  𝑥 𝜖 𝑅𝐻 × 𝑊 × 3, the network first performs patch 

partition and patch embedding to convert the image into an initial latent representation. This initialization step can be expressed 

as :  

                                                           𝑍0 = 𝑃𝐸(𝑋), 

 

where PE(⋅)denotes the combined patch partition and patch embedding operation. The resulting tokenized representation is 

then processed through four sequential stages of hierarchical feature transformation. The global processing pipeline begins with 

the input radiograph, followed by patch partition and patch embedding, then Stage 1, followed by adaptive patch merging and 

Stage 2, again followed by adaptive patch merging and Stage 3, then adaptive patch merging and Stage 4, and finally attention 

pooling, a fully connected layer, and softmax classification. The architecture is built around repeated residual CGTM blocks and 

performs progressive spatial downsampling together with channel expansion, enabling the learning of increasingly abstract 

fracture-sensitive representations across depth. 
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Figure 2: Overall architecture of the proposed hierarchical transformer-based bone fracture classification network 

 

At the methodological level, the model is distinguished by the coordinated integration of window-based multi-head self-

attention, shifted-window multi-head self-attention, gated dilated convolutional feed-forward refinement, hierarchical stage-

wise representation learning, and attention-based final feature aggregation. This combination is technically meaningful for 

fracture classification because local attention windows help preserve short-range structural dependencies that are relevant to 

fine osseous irregularities, while shifted-window interaction facilitates information exchange across neighboring spatial regions 

that may jointly define a fracture pattern. The gated dilated convolutional feed-forward component further enriches the 

representation by introducing spatial refinement with broader contextual sensitivity than a plain feed-forward transformation. As 

a result, the proposed model should not be viewed as a generic vision transformer applied directly to radiographs, but rather as 

a fracture-sensitive hierarchical design intended to retain localized structural detail while also modeling contextual anatomical 

dependencies that influence fracture interpretation. 

𝑍𝑠 = 𝐹𝑠(𝑍𝑠−1) , 𝑠 ∈ {1,2,3,4}, 

where 𝐹𝑠(⋅) denotes the feature transformation associated with the s-th hierarchical stage. This staged progression allows the 

network to move from relatively fine-grained structural encoding toward increasingly abstract contextual representations while 

preserving the hierarchical organization needed for fracture-sensitive analysis.After the final stage, the learned high-level 

representation is aggregated through an attention pooling module before being mapped to the final binary decision through a 

fully connected layer and softmax classifier. This final design choice is consistent with the overall objective of emphasizing the 

most discriminative fracture-relevant features rather than relying on uniform global averaging alone. The present subsection has 

introduced the model at the system level and established the logic of its end-to-end processing pipeline. The following 

subsections describe the residual CGTM block, the hierarchical stage transitions, and the attention pooling classification head in 

greater detail. 

3.4 Residual CGTM block for fracture-sensitive feature modeling 

The residual CGTM block forms the principal computational unit of the proposed architecture and is designed to support 

fracture-sensitive representation learning within radiographic images. Its structure is motivated by the observation that reliable 

fracture classification requires simultaneous sensitivity to fine local structural irregularities and awareness of their relationship to 

surrounding anatomical context. To address this requirement, the block combines localized window-level attention, shifted 

cross-window interaction, and spatially aware feed-forward refinement within a residual pre-normalized formulation. Layer 

normalization is used before each transformation to stabilize feature statistics, while residual learning preserves information flow 

and facilitates optimization in deeper hierarchical stages. In this way, the block is constructed to exploit the complementarity 

between attention-based relational modeling and convolutional structural refinement, which is particularly relevant for subtle 

osseous discontinuities that may occupy only a limited spatial region. 

Let Z  denote the input feature tensor to a residual CGTM block. The first sub-block applies LayerNorm followed by window-

based multi-head self-attention and a residual update. This step is expressed as 

𝑍̂ = 𝑍 + 𝑊𝑀𝑆𝐴(𝐿𝑁(𝑍)), 
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where LN(⋅) denotes layer normalization and WMSA(⋅) denotes window-based multi-head self-attention. The role of this 

operation is to model localized feature interactions within non-overlapping spatial windows. Such window-restricted attention is 

well suited to radiographic fracture analysis because many relevant cues, including thin cortical interruptions, short fracture lines, 

and local contour irregularities, are spatially confined and require fine-grained structural discrimination rather than global 

averaging. By restricting attention to local windows, the block preserves sensitivity to compact structural evidence while 

maintaining computational tractability across hierarchical feature maps.Following this attention-based update, the block 

performs a second normalized residual refinement through the Gated Dilated ConvFFN: 

𝑍′ = 𝑍̂ + 𝐺𝐷𝐶𝐹𝐹𝑁(𝐿𝑁(𝑍̂)), 

where GDCFFN(⋅) denotes the Gated Dilated ConvFFN transformation. This module serves as a spatially aware feed-forward 

refinement stage that complements the relational modeling introduced by local self-attention. The use of dilated convolution 

expands the effective receptive field without requiring excessive spatial downsampling, thereby allowing the block to incorporate 

broader contextual cues around localized fracture-relevant regions. At the same time, the gating operation supports adaptive 

feature modulation, enabling the network to regulate how strongly refined features are propagated based on the incoming 

representation. In the context of fracture classification, this refinement is meaningful because a local discontinuity may need to 

be interpreted together with neighboring cortical alignment, adjacent bone boundaries, and surrounding anatomical structure. 

The Gated Dilated ConvFFN therefore enhances the block’s ability to preserve subtle local evidence while enriching it with 

structurally relevant context.Although localized window attention is effective for short-range structural modeling, its fixed 

partitioning can limit direct information exchange across neighboring windows. To address this limitation, the residual CGTM 

design incorporates a complementary shifted-window attention stage after the initial W-MSA and feed-forward refinement. 

Specifically, the intermediate representation 𝑍′ is normalized and processed by shifted-window multi-head self-attention, 

followed by residual addition: 

𝑍 = 𝑍′ + 𝑆𝑊𝑀𝑆𝐴(𝐿𝑁(𝑍′)), 

where SWMSA(⋅) denotes shifted-window multi-head self-attention. By shifting the attention partition, this operation promotes 

cross-window interaction and allows information from adjacent regions to be integrated more effectively. This is particularly 

important in radiographic fracture analysis because a diagnostically relevant structure may span a window boundary or require 

joint interpretation of neighboring cortical segments. After this contextual interaction, a final normalized Gated Dilated ConvFFN 

refinement is applied with residual learning: 

                                                        𝑍′′ = 𝑍 + 𝐺𝐷𝐶𝐹𝐹𝑁(𝐿𝑁(𝑍)), 

 

yielding the output feature tensor Z′′ of the block. Together, Eqs. (3) to (6) describe a sequence in which intra-window 

dependency modeling, spatial refinement, inter-window contextual exchange, and additional structural refinement are 

integrated within a unified residual unit. The combined use of W-MSA and SW-MSA enables the block to encode both local and 

neighboring structural relationships, while repeated Gated Dilated ConvFFN refinement helps maintain spatial sensitivity beyond 

what a standard transformer feed-forward layer would provide.The methodological contribution of the residual CGTM block lies 

in this deliberate integration of local attention, shifted contextual interaction, and gated dilated convolutional refinement within 

a single hierarchical transformer unit tailored to fracture-sensitive radiographic analysis. Rather than relying solely on generic 

self-attention or purely convolutional processing, the block is specifically motivated by the need to represent subtle osseous 

irregularities while preserving broader structural continuity across the image. This design is appropriate for wrist and forearm 

radiographs, where clinically relevant fracture evidence may be both spatially localized and context dependent. The residual 

CGTM block therefore serves as the foundation for the stage-wise representation learning strategy of the full network. The next 

subsection describes how these blocks are organized across the hierarchical stages and how adaptive patch merging supports 

progressive feature abstraction. 

3.5 Hierarchical multi-stage representation learning and adaptive patch merging 

The proposed network employs a four-stage hierarchical representation strategy to transform the patch-embedded radiograph 

into progressively more abstract and fracture-sensitive feature representations (Figure 3) This stage-wise organization is 

important for bone fracture classification because the target visual evidence spans multiple levels of representation. Fine cortical 

discontinuities, narrow fracture lines, and subtle contour perturbations must be preserved at relatively high spatial resolution, 

whereas reliable classification also depends on progressively broader contextual integration across surrounding bone structure 

and anatomical arrangement. A hierarchical design therefore provides a natural mechanism for moving from local structural 
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encoding toward higher-level semantic abstraction without collapsing the representation prematurely. 

 
Figure 3    Internal structure of the residual CGTM block showing the W-MSA and SW-MSA sub-blocks with Gated Dilated 

ConvFFN refinement 

Within this hierarchy, Stage 1 operates at a feature resolution of H/4 × W/4 × C and contains 2 residual CGTM blocks. Stage 2 

reduces the spatial resolution to H/8 × W/8 × 2C and also contains 2 residual CGTM blocks. Stage 3 further transforms the 

representation at H/16 × W/16 × 4C using 6 residual CGTM blocks, while Stage 4 produces the highest-level representation at 

H/32 × W/32 × 8C with 2 residual CGTM blocks. This progression reflects a structured balance between detail preservation and 

abstraction. The earlier stages retain finer spatial information and are therefore better positioned to encode localized fracture-

sensitive cues such as cortical interruption or local osseous irregularity. By contrast, the later stages operate on more compact 

but higher-dimensional feature maps, allowing the model to represent broader structural relationships and more abstract class-

discriminative patterns associated with the overall radiographic appearance of fractured and non-fractured cases. 

The transition between consecutive stages is achieved through adaptive patch merging, which performs learned hierarchical 

downsampling and feature consolidation. Rather than treating stage transitions as simple resolution reduction alone, the model 

uses this operation to jointly compress spatial structure and expand channel capacity, thereby enabling deeper stages to process 

richer semantic representations at lower spatial cost. The stage transition can be written as: 

𝑍ₛ₊₁𝑖𝑛  =  𝑃𝑀ₛ(𝑍ₛᵒᵘᵗ) 

where Zₛᵒᵘᵗ denotes the output feature tensor of stage s, 𝑍ₛ₊₁𝑖𝑛 denotes the input tensor to the next stage, and PMₛ(·) represents 

the stage-specific adaptive patch merging operation. This formulation highlights that each inter-stage transition performs 

structured feature propagation rather than independent reinitialization. In the context of fracture classification, such hierarchical 

compression is useful because deeper contextual modeling becomes increasingly efficient when the spatial representation has 

been condensed while its discriminative capacity has been enhanced through channel expansion. 

Inside each stage, the feature representation is refined through repeated application of the residual CGTM block. Let Zₛᶦⁿ and Zₛᵒᵘᵗ 

denote the input and output of stage s, respectively. The repeated block composition can be expressed as: 
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𝑍ₛᵒᵘᵗ =  𝐵ₛⁿˢ(𝑍ₛ𝑖𝑛) 

where Bₛ denotes the residual CGTM block and nₛ ∈ {2, 2, 6, 2} gives the number of block repetitions in stages 1 through 4. This 

repeated transformation is particularly meaningful for the third stage, which contains six residual CGTM blocks and therefore 

provides the deepest intermediate-level processing in the hierarchy. Such extended transformation depth is well motivated for 

fracture-sensitive representation learning because many radiographic fracture patterns require more than simple local detection. 

They often require iterative refinement, contextual reconciliation, and disambiguation from normal anatomical variation or 

projection-induced appearance changes. The deeper third stage is therefore positioned to serve as a key intermediate 

representation layer in which local structural evidence and broader contextual cues are repeatedly integrated before the final 

high-level abstraction of the fourth stage. 

Taken together, the four-stage hierarchy, adaptive patch merging, and non-uniform block repetition pattern form a central 

methodological component of the proposed architecture. The design supports early preservation of localized structural detail, 

intermediate refinement of fracture-sensitive contextual relationships, and later abstraction into compact discriminative 

representations suitable for final classification. In this sense, the hierarchical organization is not merely a generic architectural 

choice, but a task-motivated mechanism for representing radiographic fracture patterns across multiple spatial and semantic 

scales. The final subsection describes how the resulting high-level representation is aggregated through attention pooling and 

mapped to the binary prediction space. 

3.6 Attention pooling and final classification formulation 

The output of Stage 4 constitutes the final high-level fracture-sensitive representation produced by the hierarchical backbone. At 

this point, the feature map encodes both localized structural evidence and broader contextual information accumulated through 

successive residual CGTM transformations and adaptive stage transitions. However, direct uniform aggregation of these features 

may not preserve the most informative responses equally well, particularly in radiographic fracture classification where decisive 

evidence may be concentrated in limited spatial regions rather than distributed evenly across the entire image. For this reason, 

the proposed model employs attention pooling to generate a weighted global representation in which informative final-stage 

tokens contribute more strongly to the downstream decision process than less relevant responses. 

Let {𝑧ᵢ}ᵢ₌₁ᴺ denote the set of final-stage feature vectors after Stage 4, where each zᵢ corresponds to a spatial token or location-

specific representation in the last hierarchical feature map. Attention pooling computes a global feature vector g as a weighted 

combination of these representations: 

                                     𝑔 =  ∑ᵢ₌₁ᴺ 𝛼ᵢ 𝑧ᵢ    ,   ∑ᵢ₌₁ᴺ 𝛼ᵢ =  1   

where αᵢ denotes the learned attention weight associated with the i-th token. This formulation allows the aggregation 

mechanism to emphasize discriminative fracture-relevant responses before classification rather than relying on uniform 

averaging across all spatial positions. Such learnable weighting is especially appropriate for radiographic fracture analysis 

because the visual evidence that determines the final class label may be localized to a narrow cortical region, a small 

discontinuity, or a restricted zone of structural irregularity. Attention pooling therefore complements the preceding hierarchical 

backbone by converting its spatially distributed high-level representation into a compact summary that remains sensitive to the 

most informative structural cues.The pooled representation is then passed to a fully connected layer, followed by softmax 

activation to produce the final class probabilities for the two-category classification task. The prediction function is written as: 

𝑦̂  =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑔 +  𝑏) 

where W and b denote the trainable weight matrix and bias vector of the final classifier, respectively, and 𝑦̂  represents the 

predicted probability distribution over the Fractured and Not Fractured classes. Through this formulation, the network maps the 

weighted global feature representation into a binary decision space while preserving differentiability across the entire pipeline. 

The model is optimized end-to-end for bone fracture classification, allowing the attention pooling module, the classifier, and the 

hierarchical feature extractor to be learned jointly according to the target task.Taken together, the proposed architecture 

integrates residual CGTM blocks for structured local and shifted contextual interaction, Gated Dilated ConvFFN refinement for 

spatially enriched feature transformation, hierarchical multi-stage learning with adaptive patch merging for progressive 

abstraction, and attention-based final aggregation for discriminative classification. This coordinated design constitutes the 

central methodological contribution of the study, as it provides a fracture-sensitive classification framework that is better aligned 

with the structural and contextual demands of radiographic bone fracture recognition than a generic feature extraction pipeline 
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alone. With the architecture formulation established, the following section describes the training configuration, optimization 

strategy, and experimental evaluation protocol used to assess the proposed model. 

3.7 Baseline models for comparative evaluation 

Evaluating the proposed architecture requires comparison against reference models that are genuinely competitive in visual 

representation learning. Reporting classification accuracy in isolation is insufficient to establish whether the proposed design 

offers a meaningful modeling advantage; what is needed is a structured comparison against established backbones capable of 

learning both local structural features and broader contextual dependencies from radiographic images. To this end, two 

transformer-oriented architectures, MaxViT and EVA-02, were selected as baselines for binary bone fracture classification.MaxViT 

was chosen as the primary comparative baseline because it integrates convolutional inductive bias with multi-axis attention 

within a hierarchical processing framework, making it well suited to the dual requirements of fracture detection: identifying fine-

grained cortical discontinuities and capturing broader anatomical context across the image. This combination makes MaxViT a 

more demanding benchmark than conventional convolutional networks, and it provides a meaningful reference point for 

assessing whether the proposed residual CGTM-based design offers additional discriminative value beyond what a strong 

general-purpose visual architecture already provides. In the present study, MaxViT achieved a mean training accuracy of 98.591% 

and a mean validation accuracy of 98.445%, with a test accuracy of 97.99% on the held-out evaluation set. These results confirm 

that MaxViT constitutes a genuinely competitive baseline rather than a weak comparator. 

EVA-02 was included to provide a second reference point from a distinct architectural lineage. As a large-scale vision transformer 

backbone, EVA-02 represents a high-capacity approach to visual recognition that does not incorporate the same local window 

interaction, shifted contextual modeling, or gated dilated feed-forward refinement that characterise the proposed network. This 

architectural contrast is methodologically useful, since it permits an assessment of whether the explicit design choices in the 

proposed model confer a practical advantage in fracture-sensitive representation learning relative to a competitive backbone 

that operates under a different representational paradigm. In the fold-wise evaluation, EVA-02 achieved a mean training 

accuracy of 93.599% and a mean validation accuracy of 93.355%. 

 

To ensure that observed performance differences reflect architectural properties rather than differences in experimental 

conditions, all baseline models were evaluated using the same binary classification task, identical data partitions, and the same 

10-fold cross-validation protocol applied to the proposed method. This consistent experimental setup reduces the risk that any 

observed performance variation is attributable to differences in data exposure or evaluation formulation.Together, MaxViT and 

EVA-02 constitute a methodologically appropriate and technically credible reference set. MaxViT represents a high-performing 

hierarchical architecture that already integrates multi-scale visual modeling, while EVA-02 provides a complementary comparison 

from a large-scale transformer backbone with a distinct representational strategy. The combination of these two baselines 

enables a principled assessment of whether the proposed hierarchical CGTM-based network offers a genuine and consistent 

advantage for radiographic fracture classification. 

3.8 Training configuration and implementation details 

A carefully specified training configuration is essential for reproducible and methodologically fair evaluation in radiographic 

bone fracture classification. In this study, all compared models were trained under a consistent experimental framework so that 

performance differences could be interpreted primarily in relation to architectural design rather than inconsistent optimization or 

implementation choices. This is particularly important for fracture classification from X-ray images, where performance can be 

influenced by input standardization, optimization stability, regularization strength, and the interaction between model capacity 

and subtle structural image cues. For this reason, the proposed hierarchical transformer model and the comparative baselines, 

MaxViT and EVA-02, were implemented using the same core training and data-handling configuration. 

All radiographs were represented as 3-channel inputs and resized to a fixed spatial resolution of 224 × 224 pixels. This input size 

was selected to maintain compatibility with modern vision backbones while preserving sufficient structural detail for binary 

fracture classification. Pixel intensities were rescaled to the range [0, 1], followed by channel-wise normalization using the 

ImageNet mean [0.485, 0.456, 0.406] and standard deviation [0.229, 0.224, 0.225]. The use of this normalization scheme ensured 

a standardized input distribution aligned with pretrained feature extraction conventions commonly adopted in contemporary 

vision models. Importantly, the same input representation and normalization protocol were applied consistently to the proposed 

model, MaxViT, and EVA-02 so that the comparative evaluation remained methodologically aligned across architectures. 

Optimization was performed using the AdamW optimizer with an initial learning rate of 1 × 10⁻⁴ and a weight decay coefficient 

of 1 × 10⁻⁴. All models were trained with a batch size of 16 over 100 epochs. The learning rate followed a cosine annealing 
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schedule to support stable convergence across the full training horizon, preceded by a linear warmup phase spanning the first 5 

epochs. The warmup phase was incorporated to limit early optimization instability arising from large gradient updates at 

initialization, allowing the learning dynamics to adjust gradually before the cosine decay took effect. Mixed-precision training 

was enabled throughout to improve computational efficiency and reduce memory consumption, which is of practical importance 

when training transformer-based architectures on radiographic inputs processed at the target resolution. Gradient clipping was 

applied with a maximum gradient norm of 1.0 to prevent destabilizing parameter updates during training. A dropout rate of 0.30 

was applied within the final classification head as a regularization mechanism, reducing the risk of overfitting to training-set-

specific feature co-adaptations while preserving the discriminative capacity of the learned representation. 

The study addressed a binary fracture-classification task using a two-class softmax output formulation. Model training was 

guided by a class-weighted cross-entropy loss, with class weights computed exclusively from the training split. This choice was 

used to account for mild distribution variation across the available data subsets while avoiding leakage of information from 

validation or test data into the optimization process. The same classification objective and the same core training configuration 

were applied to the proposed residual CGTM-based hierarchical model and to both baseline architectures, MaxViT and EVA-02. 

This consistent protocol was important for fair comparative evaluation because it limited confounding due to architecture-

specific tuning differences and ensured that the observed performance patterns reflected the representational properties of the 

models under a common training regime. 

The implementation environment was designed to support reproducibility and practical experimental execution. All experiments 

were implemented in Python 3.10 using PyTorch 2.1 and torchvision 0.16 with CUDA 12.1 support. The experimental 

environment was based on Ubuntu 22.04 LTS. Training and evaluation were conducted on a single NVIDIA GPU with at least 12 

GB VRAM, accompanied by a modern multi-core processor and sufficient system memory for batch-based radiographic 

classification experiments. To promote controlled experimentation and reproducibility, the random seed was fixed to 42 

throughout the training pipeline. 

4.1 Results of the proposed model 

The proposed model demonstrated consistently strong performance across both fold-wise evaluation and held-out testing. Over 

the 10-fold training and validation procedure, it achieved a mean training accuracy of 99.384% and a mean validation accuracy 

of 99.276%, indicating highly stable optimization behavior across repeated data partitions. On the held-out test set, the model 

attained an accuracy of 99.25%, together with a ROC-AUC of 99.99% and an average precision of 99.99% on the precision-recall 

curve. These results collectively indicate that the proposed architecture maintained strong generalization on unseen radiographic 

samples without evidence of severe overfitting under the adopted training regime. 

Table 1 presents the fold-wise training and validation accuracies across all 10 evaluation folds. Training accuracy remained 

uniformly high, ranging from 99.19% to 99.56%, while validation accuracy ranged from 99.08% to 99.47%. This narrow interval 

reflects limited fold-to-fold fluctuation despite natural variation across sampled partitions. The corresponding standard 

deviations were 0.123 for training accuracy and 0.127 for validation accuracy, confirming highly consistent performance across 

repeated evaluation folds. The small difference between mean training and mean validation accuracy further suggests controlled 

generalization behavior. Together, the fold-wise pattern indicates that the proposed architecture learned stable fracture-sensitive 

representations in a reproducible manner rather than benefiting from a single favorable partition. 

 

Table 1    Fold-wise training and validation accuracy of the proposed model across 10 evaluation folds 

Fold Training  Validation  

1 99.48 99.36 

2 99.41 99.29 

3 99.27 99.18 
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4 99.52 99.44 

5 99.34 99.21 

6 99.19 99.08 

7 99.45 99.33 

8 99.38 99.26 

9 99.24 99.14 

10 99.56 99.47 

 

Figure 4 presents the confusion matrix obtained on the held-out test set. The model produced only three misclassifications out 

of 399 evaluated samples. All 199 Not Fractured cases were correctly classified with zero false positives, while 197 of 200 

Fractured cases were correctly identified and 3 were misclassified as Not Fractured. This error distribution is consistent with the 

reported test accuracy of 99.25%, corresponding to 396 correct predictions. The matrix exhibits a strongly diagonal structure 

with minimal off-diagonal entries, indicating near-complete class separation and a highly localized error pattern confined to a 

small subset of Fractured cases. 

 

Figure 4:Confusion matrix of the proposed model on the held-out test set 

Figures 5 and 6 present the ROC curve and precision-recall curve evaluated on the held-out test set, respectively. The ROC curve 

is concentrated near the upper-left corner of the plot, reflecting excellent threshold-independent class separability, and yielded 

an AUC of 99.99%. The precision-recall curve remained close to the upper boundary across nearly the full recall range, producing 

an average precision of 99.99%. This behavior confirms that the classifier maintained very high precision across a wide range of 

operating thresholds, which is particularly informative in settings where a single accuracy value may obscure discrimination 

characteristics at varying decision boundaries. Together, these curves demonstrate that the strong held-out accuracy reflects 

favorable ranking behavior across thresholds rather than performance at a single operating point. 
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Figure 5:ROC curve of the proposed model on the held-out test set (AUC = 99.99%) 

 

 

Figure 6    :Precision-recall curve of the proposed model on the held-out test set (AP = 99.99%) 

Figure 7 presents the class-wise classification report on the held-out test set. For the Fractured class, precision was 98.51%, recall 

was 100.00%, and F1-score was 99.25%. For the Not Fractured class, precision was 100.00%, recall was 98.50%, and F1-score was 

99.24%. The macro-average precision, recall, and F1-score were 99.26%, 99.25%, and 99.25%, respectively. These values indicate 

that both classes were recognized with very high and nearly symmetric reliability. The model achieved complete recall for the 

Fractured class, meaning no fractured case was missed in the held-out evaluation, while maintaining perfect precision for the Not 
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Fractured class. The near-identical F1-scores across both categories confirm that the classifier did not exhibit a systematic bias 

toward either class. 

 

Figure 7    :Classification report of the proposed model on the held-out test set 

 

4.2 Results of the MaxViT model 

The MaxViT model achieved strong and stable performance across both fold-wise validation and held-out evaluation, confirming 

its suitability as a competitive benchmark for binary bone fracture classification from radiographic images. Over the 10-fold 

training and validation procedure, MaxViT obtained a mean training accuracy of 98.591% and a mean validation accuracy of 

98.445%. On the held-out test set, the model achieved an accuracy of 97.99%. These results indicate that MaxViT maintained 

consistent learning behavior across repeated folds while also demonstrating strong generalization on unseen radiographic 

samples.Table 2 presents the fold-wise training and validation accuracies across all 10 evaluation folds. Training accuracy ranged 

from 98.31% to 98.77%, while validation accuracy ranged from 98.18% to 98.66%. This narrow interval indicates limited fold-to-

fold variability and suggests that model performance was not driven by a small number of unusually favorable partitions. The 

corresponding standard deviations were 0.147 for training accuracy and 0.151 for validation accuracy, supporting the stability of 

the learned representation across repeated evaluation runs. The difference between mean training and mean validation accuracy 

remained small, indicating controlled generalization behavior without obvious overfitting under the adopted training protocol. 

 

Table 2    Fold-wise training and validation accuracy of the MaxViT model across 10 evaluation folds 

Fold Training  Validation  

1 98.74 98.61 

2 98.68 98.52 

3 98.55 98.39 

4 98.77 98.66 

5 98.49 98.34 

6 98.31 98.18 
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7 98.63 98.47 

8 98.58 98.42 

9 98.44 98.29 

10 98.72 98.57 

 

 

Figure 8 presents the confusion matrix obtained on the held-out test set. MaxViT correctly classified 193 of 199 Not Fractured 

samples and 198 of 200 Fractured samples. The residual errors comprised 6 Not Fractured cases misclassified as Fractured and 2 

Fractured cases misclassified as Not Fractured. This bidirectional error pattern is consistent with the reported held-out accuracy 

of 97.99%, corresponding to 391 correct predictions out of 399 evaluated samples. The off-diagonal entries indicate that a 

limited degree of class confusion persisted in both directions, reflecting the visual ambiguity between certain Fractured and Not 

Fractured radiographs in the held-out evaluation. 

 

 
 

Figure 8    :Confusion matrix of MaxViT on the held-out test set 
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Figure 9 presents the class-wise classification report on the held-out test set. For the Not Fractured class, precision was 98.97%, 

recall was 96.98%, and F1-score was 97.96%, based on a support of 199 samples. For the Fractured class, precision was 97.06%, 

recall was 99.00%, and F1-score was 98.02%, based on a support of 200 samples. The overall accuracy was 97.99%, and the 

macro-average precision, recall, and F1-score were 98.01%, 97.99%, and 97.99%, respectively. The precision-recall tradeoff 

differed modestly between the two classes: Not Fractured showed higher precision but lower recall, while Fractured showed 

higher recall but slightly lower precision. Despite this asymmetry, the F1-scores across both classes remained closely matched, 

and the overall profile indicates a balanced performance without a systematic bias toward either category. 

 
Figure 9    :Classification report of MaxViT on the held-out test set 

 

4.3 Results of the EVA-02 model 

The EVA-02 model demonstrated stable fold-wise training and validation behavior across the 10-fold evaluation procedure. 

Averaged over all folds, the model achieved a mean training accuracy of 93.599% and a mean validation accuracy of 93.355%. 

Although these values are lower than those observed for the strongest models in the study, they still indicate a consistent 

optimization pattern under the defined experimental setting. From a results perspective, EVA-02 therefore serves as a 

meaningful transformer-based reference model for binary bone fracture classification from radiographic images.The fold-wise 

training results reported in Table 3 show that EVA-02 maintained relatively compact performance across all 10 folds. Training 

accuracy ranged from a minimum of 93.21% to a maximum of 93.89%, indicating that the model converged to a similar level of 

performance across repeated partitions of the data. The corresponding training standard deviation was 0.220, which further 

supports the observation of limited fold-to-fold variability. This numerically constrained range suggests that the training 

behavior of EVA-02 was reproducible and not strongly dependent on a small subset of favorable folds. In other words, the model 

exhibited stable optimization dynamics rather than irregular or highly volatile learning across the repeated runs. 

Table 3    Fold-wise training and validation accuracy of the EVA-02 model across 10 evaluation folds 

Fold Training  Validation  

1 93.82 93.61 

2 93.74 93.48 

3 93.57 93.26 
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4 93.89 93.70 

5 93.46 93.19 

6 93.21 92.98 

7 93.68 93.43 

8 93.51 93.27 

9 93.34 93.08 

10 93.77 93.55 

 

A similarly consistent pattern was observed for validation performance. The validation accuracy ranged from 92.98% to 93.70% 

across the 10 folds, with a validation standard deviation of 0.236. This range remained compact, indicating that generalization 

behavior was also stable under cross-validation. Moreover, the difference between the mean training accuracy and mean 

validation accuracy was small, which suggests consistent train-validation behavior and no obvious sign of severe overfitting 

within the adopted training regime. The validation pattern therefore indicates that EVA-02 was able to retain a relatively steady 

performance level across different data partitions, even though its absolute accuracy remained below that of the strongest 

architectures evaluated in this work. 

4.4 Statistical analysis and comparative evaluation 

To assess comparative model behavior under a consistent experimental setting, statistical analysis was conducted using four 

complementary views: descriptive statistics of ten-fold validation accuracy, descriptive statistics of fold-wise training accuracy, 

pairwise significance testing with effect-size analysis, and ranking by mean validation accuracy. This structure allows the 

comparison to move beyond single-point performance reporting and instead examine central tendency, variability, pairwise 

separation, and overall ordering of the evaluated models. Across these analyses, the proposed model achieved the strongest 

mean validation accuracy and the most favorable overall statistical profile among the compared architectures. 

 

Table 4 summarizes the descriptive statistics of ten-fold validation accuracy and therefore reflects model behavior on validation 

folds rather than held-out test evaluation. The proposed model achieved the highest mean validation accuracy at 99.276%, 

followed by MaxViT at 98.445% and EVA-02 at 93.355%. The associated standard deviations were 0.127, 0.151, and 0.236, 

respectively, indicating that the proposed model also showed the lowest fold-to-fold dispersion among the three methods. Its 

95% confidence interval ranged from 99.185% to 99.367%, which was both narrow and centered at the highest performance 

level. MaxViT showed a 95% confidence interval of 98.337% to 98.553%, while EVA-02 showed a wider interval of 93.186% to 

93.524%, consistent with its lower mean and larger standard deviation. The minimum and maximum validation accuracies 

followed the same ordering: the proposed model ranged from 99.08% to 99.47%, MaxViT from 98.18% to 98.66%, and EVA-02 

from 92.98% to 93.70%. Taken together, Table 4 indicates that the proposed model not only achieved the best average 

validation performance, but did so with highly stable fold-wise behavior. 
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Table 4    Descriptive statistics of ten-fold validation accuracy for the proposed model and baseline models 

Model Mean (%) SD 95% Cl Min Max 

Proposed Model 99.276 0.127 99.185 to 99.367 99.08 99.47 

MaxViT 98.445 0.151 98.337 to 98.553 98.18 98.66 

EVA-02 93.355 0.236 93.186 to 93.524 92.98 93.70 

 

Table 5 provides the corresponding descriptive statistics for fold-wise training accuracy. Here again, the proposed model 

achieved the highest mean value at 99.384%, followed by MaxViT at 98.591% and EVA-02 at 93.599%. The standard deviations 

remained low across all three models, with values of 0.123, 0.147, and 0.220, respectively, indicating stable optimization over 

repeated folds. The 95% confidence interval for the proposed model ranged from 99.296% to 99.472%, while MaxViT ranged 

from 98.486% to 98.696% and EVA-02 from 93.442% to 93.756%. The minimum and maximum fold-wise training accuracies were 

99.19% and 99.56% for the proposed model, 98.31% and 98.77% for MaxViT, and 93.21% and 93.89% for EVA-02. These training 

summaries indicate that all three models converged consistently under the shared optimization setting, but the proposed model 

retained the strongest overall optimization profile. 

Table 5    Descriptive statistics of fold-wise training accuracy for the proposed model and baseline models 

Model Mean (%) SD 95% Cl Min Max 

Proposed Model 99.384 0.123 99.296 to 99.472 99.19 99.56 

MaxViT 98.591 0.147 98.486 to 98.696 98.31 98.77 

EVA-02 93.599 0.220 93.442 to 93.756 93.21 93.89 

 

A direct comparison of Tables 1 and 2 provides further insight into generalization behavior. For the proposed model, the mean 

training accuracy was 99.384% and the mean validation accuracy was 99.276%, representing only a small reduction from training 

to validation. A similarly modest gap was observed for MaxViT, with 98.591% training and 98.445% validation, and for EVA-02, 

with 93.599% training and 93.355% validation. These relatively small differences suggest controlled generalization behavior 

across all three architectures, without an obvious indication of severe overfitting in the fold-wise summaries. However, the 

proposed model distinguished itself by maintaining both the highest training mean and the highest validation mean, while also 

preserving the lowest variability among the compared models in the validation setting. MaxViT remained a strong competitive 

baseline with high and stable performance, whereas EVA-02 showed a consistently lower but still internally stable result profile. 

 

Table 6 reports pairwise statistical comparison using mean differences, confidence intervals, paired tests, Wilcoxon p-values, and 

Cohen’s dz effect sizes. The reported comparisons indicate statistically significant differences across all three model pairs. For the 

proposed model versus MaxViT, the mean difference was +0.831 percentage points, with a 95% confidence interval of 0.792 to 

0.870. For the proposed model versus EVA-02, the mean difference was +5.921 percentage points, with a 95% confidence 

interval of 5.832 to 6.010. For MaxViT versus EVA-02, the mean difference was +5.090 percentage points, with a 95% confidence 

interval of 5.027 to 5.153. All of these intervals are strictly positive and do not cross zero, which supports a consistent directional 

advantage of the higher-performing model in each pairwise comparison. The Wilcoxon p-value was reported as 0.001953 for all 

three comparisons, further supporting statistical separation under a non-parametric paired analysis. One numerical issue should, 

however, be acknowledged explicitly: in the first comparison, the reported paired t-statistic for the proposed model versus 

MaxViT was 48.076, whereas the corresponding p-value was listed as 3.65 × 10⁻². This p-value appears numerically inconsistent 
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with a test statistic of that magnitude and may reflect a typographical reporting issue. Even with that inconsistency noted, the 

overall evidence in Table 6, including the positive confidence interval, the Wilcoxon result, the very large reported effect size, and 

the consistent fold-wise superiority, still supports a meaningful advantage of the proposed model over MaxViT and EVA-02 

within the reported experimental setting. 

Table 6    Pairwise statistical comparison of model performance using paired significance tests and effect size analysis 

Comparison Mean 

difference(%) 

95% Cl Paired t p-value Wilcoxon p Cohen's dz Significant 

Proposed vs 

MaxViT 

0.831 0.792 to 

0.870 

48.076 3.65 × 10⁻² 0.001953 15.203 Yes 

Proposed vs 

EVA-02 

5.921 5.832 to 

6.010 

149.756 1.34 × 10⁻¹⁶ 0.001953 47.357 Yes 

 MaxVit vs EVA-

02 

5.090 5.027 to 

5.153 

182.252 3.65 × 10⁻¹² 0.001953 57.633 Yes 

 

The reported Cohen’s dz values are also informative from a practical standpoint. The proposed model versus MaxViT comparison 

yielded dz = 15.203, the proposed model versus EVA-02 yielded dz = 47.357, and MaxViT versus EVA-02 yielded dz = 57.633. 

These are extremely large effect sizes in the context of paired fold-wise comparisons and indicate that the observed differences 

were not only statistically detectable but also substantial in magnitude within the present evaluation framework. The largest 

separation was observed between the proposed model and EVA-02, while the proposed model also maintained a clear and non-

trivial advantage over MaxViT. Although such large values should be interpreted within the bounded and highly accurate 

performance regime of this specific experiment, they nonetheless reinforce the conclusion that the ordering among the models 

was not marginal. 

Table 7 provides a compact ranking based on mean validation accuracy. Under this criterion, the proposed model was ranked 

first with a mean validation accuracy of 99.276%, MaxViT was ranked second with 98.445%, and EVA-02 was ranked third with 

93.355%. This ranking is fully consistent with the descriptive validation statistics in Table 5 and with the direction of the pairwise 

comparisons in Table 7. As a summary device, the ranking table is useful because it condenses the comparative performance 

landscape into a simple ordinal view while remaining aligned with the more detailed statistical evidence reported elsewhere. 

Table 7    Ranking of the proposed model and baseline models based on mean validation accuracy 

Rank Model Mean Validation (%) 

1 Proposed Model 99.276 

2 MaxViT 98.445 

3 EVA-02 93.355 
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4.5 Interpretability and error analysis of the proposed model 

To examine the decision-making behaviour of the proposed model and identify the sources of residual classification errors, two 

complementary analyses were performed: a false-positive error analysis using representative misclassified samples from the 

held-out test set, and a Grad-CAM-based interpretability study using correctly classified fracture cases. 

 

Figure 10 presents three false-positive cases in which the model assigned the Fractured label to radiographs whose ground-truth 

class is Not Fractured. The three cases are associated with Not Fractured class probabilities of 0.0481, 0.4095, and 0.0098, 

respectively, indicating that the model expressed substantially different levels of certainty across these errors. The first and third 

cases represent high-confidence misclassifications, where the model's posterior probability for the Fractured class exceeded 0.95 

and 0.99, respectively, suggesting that the relevant image regions strongly activated fracture-discriminative features despite the 

absence of a true fracture. The second case is comparatively more ambiguous, with a Not Fractured probability of 0.4095, placing 

the prediction near the decision boundary and indicating that the model was less committed to the incorrect label. Visual 

inspection of the radiographs in Figure 10 reveals that all three cases exhibit subtle structural characteristics, including trabecular 

irregularities, cortical density variations, and overlapping bony contours, that can visually resemble fracture-associated image 

patterns. Such presentations are consistent with well-documented sources of confusion in radiographic fracture detection, where 

imaging geometry, patient positioning, or pre-existing degenerative changes introduce local discontinuities that superficially 

mimic fracture lines. The concentration of false positives in this structural category suggests that residual model errors are not 

random but reflect a specific and diagnostically plausible failure mode. 

 

 

 

Figure 10:False-positive examples produced by the proposed model during bone fracture classification 

Figure 11 presents Grad-CAM visualizations for two correctly classified Fractured cases, constructed to assess whether the 

proposed model attends to diagnostically relevant anatomical regions during inference. For each case, Figure 11 displays a 

triplet composed of the original radiograph, the corresponding Grad-CAM activation heatmap, and the overlay of the heatmap 

on the input image. The two selected cases achieved predicted Fractured class probabilities of 0.9948 and 1.0000, confirming 

that both were classified with high confidence. The Grad-CAM heatmaps in Figure 11 reveal that activation gradients are 

concentrated in the perilesional region of the bone, with the highest response localised to the area surrounding the fracture site. 

This activation pattern aligns with the primary visual criteria employed in radiological fracture diagnosis, including cortical 

discontinuity, periosteal reaction, and disruption of trabecular architecture. The spatial coherence of the highlighted regions 

across both cases indicates that the model does not rely on peripheral image artefacts, background tissue, or non-diagnostic 

structures, but instead learns representations that are directly grounded in the bone morphology relevant to fracture 

identification. The convergence of high classification confidence with anatomically plausible Grad-CAM activations provides 

evidence that the proposed model captures clinically meaningful features and does not achieve discriminative performance 

through shortcut correlations in the training data. 
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Figure 11:Grad-CAM visualization of correctly classified fractured radiographs produced by the proposed model 

Each row shows the original radiograph, the Grad-CAM heatmap, and the corresponding overlay for a correctly classified 

Fractured case. The predicted Fractured probabilities are 0.9948 and 1.0000, indicating highly confident positive predictions. In 

both examples, the activation is concentrated in localized osseous regions of the wrist and distal forearm rather than being 

uniformly distributed across the full image. This figure provides qualitative evidence that the proposed model relies on 

structurally relevant image regions during fracture-positive prediction, while not implying exact clinical lesion localization. 

5. Limitations and future work 

The findings reported in this study should be interpreted in the context of several methodological limitations that constrain the 

scope of the current conclusions and define productive directions for subsequent research.The most consequential limitation is 

the reliance on a single publicly available dataset. While the dataset provided a sufficient foundation for model development, 

internal validation, and comparative evaluation, it represents a narrow sample of the radiographic variability encountered in 

routine clinical practice. Fracture appearance depends on anatomical location, fracture morphology, projection angle, 

superimposed structures, image acquisition quality, and patient-specific bone characteristics, and the present dataset cannot be 

assumed to capture this full spectrum of variation. Furthermore, the evaluation did not include external validation on an 

independent cohort collected under different imaging protocols or from a distinct patient population. Without such cross-

dataset assessment, the degree to which the reported performance generalises beyond the present experimental setting remains 

uncertain. Future work should therefore prioritise multi-centre data collection and cross-institutional validation to produce a 

more reliable estimate of model robustness under realistic clinical variability.A second limitation concerns the scope of the 

classification problem. The proposed model addresses binary fracture detection and does not extend to fracture type 

identification, severity grading, skeletal region specificity, or fracture localisation within the image. These are clinically relevant 

distinctions that binary classification cannot capture. Extending the framework to support multi-class fracture type 

categorisation, region-specific models, or fracture detection formulations would substantially increase clinical utility and would 
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require architectural and training adaptations beyond those described in the present study.A third limitation relates to model 

interpretability. The Grad-CAM visualisations presented in this study offer qualitative evidence that the proposed model attends 

to perilesional bone regions during fracture-positive predictions. However, these visualisations are spatially coarse, are derived 

from gradient aggregation rather than explicit spatial supervision, and were not assessed by radiologists for diagnostic 

correspondence. They should therefore be understood as indicative of general attention behaviour rather than as precise 

fracture localisation or clinically validated reasoning. A rigorous interpretability evaluation would require structured radiologist 

review, spatial agreement metrics against ground-truth fracture annotations, and systematic failure-mode characterisation across 

a representative case spectrum.A fourth limitation is the absence of uncertainty quantification. The proposed model produces 

point estimates of class probability without any accompanying measure of prediction confidence or epistemic uncertainty. In a 

clinical context, the ability to identify cases for which the model is uncertain and to flag these for expert review is as important as 

classification accuracy on confident predictions. Integrating uncertainty estimation mechanisms, such as Monte Carlo dropout or 

deep ensemble methods, would improve the practical utility of the framework and support more responsible deployment in 

high-stakes settings. 

Future research should address these limitations through several complementary directions. Validation on larger and more 

diverse datasets, including cases collected from multiple clinical sites with varying imaging equipment and acquisition protocols, 

would provide a more stringent test of the generalisability of the proposed architecture. Extension to fracture type classification 

and fracture localisation would broaden the clinical relevance of the framework. Multimodal integration, incorporating computed 

tomography or magnetic resonance imaging alongside radiographic input, could further enrich the representational basis for 

fracture assessment, particularly in cases where plain radiography is diagnostically ambiguous. Incorporating uncertainty 

quantification into the model output and conducting prospective clinical validation in collaboration with radiologists would 

constitute important steps toward establishing the practical applicability of the proposed approach beyond the controlled 

experimental setting of the present study. 

6. Conclusion 

This study presented a hierarchical transformer-based architecture for binary bone fracture classification from radiographic 

images, motivated by the inherent difficulty of the task: fracture evidence is often subtle, spatially localised, and simultaneously 

dependent on fine osseous detail and broader anatomical context. The proposed network addressed this dual requirement 

through residual CGTM blocks that integrate window-based multi-head self-attention, shifted-window multi-head self-attention, 

and Gated Dilated ConvFFN refinement, supported by adaptive patch merging across four hierarchical stages and attention 

pooling for discriminative feature aggregation at the classification head.Evaluated under a 10-fold cross-validation protocol, the 

proposed model achieved a mean training accuracy of 99.384% and a mean validation accuracy of 99.276%. On the held-out test 

set, it reached an accuracy of 99.25%, a ROC-AUC of 99.99%, and an average precision of 99.99%, outperforming both MaxViT 

and EVA-02 under identical experimental conditions. The Grad-CAM analysis further demonstrated that high-confidence 

fracture-positive predictions were supported by activation gradients concentrated in perilesional bone regions, consistent with 

the diagnostically relevant structural features targeted by the proposed design rather than background image content or 

peripheral tissue.These findings collectively support the conclusion that the proposed hierarchical CGTM-based architecture 

learns fracture-discriminative representations effectively within the binary radiographic classification setting. The combination of 

local window attention, shifted contextual interaction, and gated dilated convolutional refinement within a single unified 

framework appears to be well matched to the representational demands of radiographic fracture analysis, and the results 

suggest that such task-oriented architectural design can provide a meaningful advantage over strong general-purpose visual 

backbones. 
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