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ABSTRACT

Accurate diagnosis of long bone fractures is
crucial to prevent complications such as delayed
healing or permanent deformities. In medical
imaging, machine learning (ML), particularly
deep learning (DL) models, have emerged as
powerful tools for enhancing diagnostic
accuracy, reducing human error, and streamlining
workflows through automation. This study
investigates the Detection Transformer (DETR),
a transformer-based DL model, for automated
fracture analysis in X-ray images. A dataset of
3,000 long bone radiographs, manually labeled
and annotated by an expert, was preprocessed and
augmented to support robust model training and
evaluation. DETR achieved a mean Average
Precision (mAP) of 80.9%, demonstrating strong
sensitivity and reliable localization of fracture
regions. Its end-to-end architecture and ability to
capture global contextual dependencies make it
particularly effective in identifying subtle or
complex fracture patterns. These results highlight
DETR’s potential as a clinically relevant tool,
with future improvements anticipated through
larger  datasets, advanced augmentation
strategies, and architectural refinements.

© 2026 Modern Academy Ltd. All rights reserved

1. Introduction

Medical imaging has become an indispensable component of modern healthcare,
enabling clinicians to visualize internal structures and diagnose a wide range of conditions with
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greater precision and confidence. Among the available modalities, X-rays remain the most widely
used due to their affordability, accessibility, and ability to capture fine skeletal details in a
relatively short time | 1]. Although MRI and ultrasound continue to attract research interest, their
higher cost and limited availability constrain widespread clinical use. Moreover, developing
diagnostic models that generalize across modalities and anatomical regions remains particularly
difficult, as this requires large, well-annotated datasets for each imaging type and bone category—
resources that are rarely available in practice. For this reason, the present study focuses on X-ray
imaging, the most practical and clinically relevant modality for bone fracture classification and
detection.

The human skeleton consists of several categories of bones, including long, short, flat, and
irregular bones, each with distinct structural and functional roles. Among these, long bones such
as the femur, tibia, fibula, humerus, radius, ulna, metatarsals, and phalanges are particularly prone
to fractures [2]. Their essential role in weight-bearing and mobility means that injuries often have
serious consequences, impairing patient independence and quality of life. Failure to diagnose such
fractures accurately or promptly can result in delayed healing, functional impairment, or long-term
disability. A large-scale global study across 204 countries further underscores their significance,
identifying long bone fractures as the most common skeletal injury worldwide [3].

The emergence of artificial intelligence (AI) has brought a paradigm shift to medical
imaging, offering powerful tools for enhancing diagnostic accuracy, reducing human error, and
supporting clinical decision-making. Machine learning (ML) algorithms have been applied to
detect, classify, and segment medical images across diverse applications [4-6]. Within this domain,
deep learning (DL) techniques have demonstrated exceptional success due to their ability to learn
hierarchical features directly from imaging data. Transfer learning and pretrained convolutional
models have further accelerated progress by allowing researchers to adapt existing architectures
to limited medical datasets, improving model generalization and robustness [ 7].

Recent reviews have discussed various medical image identification approaches,
highlighting the integration of ML and DL for enhanced decision support and data-driven clinical
workflows [8]. Moreover, Al-based medical image processing and analysis frameworks continue
to evolve, addressing challenges in image quality, computational efficiency, and clinical
interpretability [9].

Al methods have also shown broad applicability across diagnostic disciplines. For
example, CNN- and EfficientNet-based systems have achieved high accuracy in breast cancer
detection [ 10], while handcrafted CNN architectures have been used for brain tumor segmentation
with strong precision and recall [11]. Similarly, EfficientNet variants have demonstrated
exceptional performance in COVID-19 detection from chest radiographs [12]. In dental imaging,
studies comparing object detection architectures such as Faster R-CNN, YOLO, and SSD have
demonstrated the adaptability of DL for anatomic localization and angle estimation tasks [13].
These examples collectively emphasize the potential of Al to streamline radiological workflows,
enhance diagnostic reliability, and improve early disease detection.

Within the orthopedic field, X-ray imaging remains one of the most accessible and cost-
effective diagnostic modalities. Nevertheless, subtle fracture lines, overlapping structures, and
variability in image quality often lead to diagnostic uncertainty, especially in busy clinical settings
[14]. The development of large annotated datasets, such as MURA, has further enabled DL
research in musculoskeletal imaging by providing a benchmark for automated abnormality
detection and classification [15]. Reviews of DL-based fracture detection approaches have
confirmed their growing role in orthopedic diagnostics, noting improvements in sensitivity and
specificity compared with conventional manual interpretation [ 16].

Early research employing Convolutional Neural Networks (CNNs) and feature pyramid
networks (FPNs) demonstrated promising results in bone fracture detection. Studies leveraging

—
-
The International Journal for Engineering and Modern Science | 5(2026): 26001 | https://mudcrnacadcmy-juurnal.synccg.nih pg 2



S. N. E. A. Kadry / The International Journal for Engineering and Modern Science- IJEMS 5 (2026) 26001

CNN architectures have effectively detected fractures in the thigh and arm regions, revealing their
capacity to extract discriminative spatial features from X-ray images [17-20]. These methods
improved classification and localization performance, setting the stage for more advanced DL
models capable of handling complex fracture morphologies.

Subsequent developments introduced object detection frameworks such as Faster R-CNN,
YOLO, and guided anchoring methods, which significantly enhanced detection precision and
inference speed. These models achieved notable success in identifying fractures across femoral,
spinal, and wrist radiographs, demonstrating their robustness in localizing small or irregular
patterns[21-24]. Despite these improvements, CNN-based models still face limitations in capturing
long-range dependencies, making them less effective when fractures appear subtle or distributed
across large anatomical regions.

To address these challenges, transformer-based architectures have emerged as a powerful
alternative. Foundation models incorporating self-attention mechanisms have reshaped medical
image analysis, enabling models to capture global contextual information more effectively than
traditional convolutional networks [25]. The Vision Transformer (ViT) represented a key
milestone, proving that pure transformer architectures could achieve or exceed CNN performance
on large-scale image classification tasks [26]|. More recent innovations, such as the Contextual
Transformer Network, have further refined attention mechanisms to improve feature extraction
and visual recognition in complex imaging contexts [27]. These advancements have expanded to
medical imaging applications, where transformers are now employed for classification,
segmentation, and detection tasks across modalities, including X-rays, CT, and MRIL

Building upon this evolution, the present study investigates the DEtection TRansformer
(DETR), a transformer-based deep learning model, for long bone fracture classification and
localization in X-ray images [28-31]. DETR’s self-attention mechanism allows the model to
capture both global and local relationships across the entire image, enabling the detection of subtle,
overlapping, or irregular fracture patterns that may be missed by region-based detectors. Unlike
traditional object detection frameworks, DETR operates as a fully end-to-end model, eliminating
the need for handcrafted components such as anchor boxes and non-maximum suppression. It's
set-based prediction with Hungarian matching further improves the accuracy of detecting multiple
fractures in a single image and reduces duplicate detections. These characteristics make DETR
particularly well-suited for orthopaedic imaging, where fractures can vary in size, shape, and
location. Through this approach, the current work aims to evaluate DETR’s diagnostic
performance on annotated long bone datasets, assessing its potential as a clinically relevant
alternative to convolutional and region-based detectors for automated orthopedic imaging.

2. Materials and Methods
2.1. Dataset

This study employed a dataset of 3,000 long bone X-ray images collected from multiple
sources. A large portion was obtained from the MURA dataset, which originally included 1,014
studies of the humerus, 1,080 studies of the forearm (radius/ulna), and 4,384 studies of the wrist.
These studies were labeled as normal or abnormal (e.g., fractures, tumors, wires) [15].After
filtering to retain only normal or fractured bones, a total of 2,339 normal and 275 fractured images
were selected. The remaining long bone X-ray images were collected from other publicly available
sources, as summarized in Table 1.
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Table 1. Number of X-ray images used in the dataset, with their sources

No of

. type Bone name Source
images
2339 normal Humerus/radius/ulna https://stanfordmlgroup.github.io/competitions/mura/

Femur/tibia/fibula/Humerus/radius/ulna

82 normal http://bones.getthediagnosis.org/

275  fracture Humerus/radius/ulna https://stanfordmlgroup.github.io/competitions/mura/

304 fracture Femur/tibia/fibula/phalanges https://www.kaggle.gom/datasets/orvile/human-
bone-fractures-image-dataset-hbfmid

As shown in Figure 1, the dataset encompassed a variety of anatomical regions of long
bones, including the femur, tibia, fibula, humerus, radius, and ulna, and incorporated multiple
radiographic views such as anteroposterior, lateral, and oblique. Each image was manually
annotated by trained experts to provide ground truth labels for both binary classification (fractured
vs. normal) and localization (bounding box annotations). This ensured that the dataset was suitable
for supervised deep learning tasks.

Lateral view AP view Oblique view

Figure 1. Samples of the dataset.

The diversity of bones, imaging conditions, and projection angles included in the dataset
was intended to reflect the variability encountered in real-world clinical settings. Such diversity
enhances the robustness and generalizability of the trained models, especially for subtle or
ambiguous fracture presentations.

2.2. Image Pre-processing and Augmentation

All images underwent a series of preprocessing steps to standardize inputs and improve
diagnostic quality. Manual cropping was performed to isolate long bone regions, removing
irrelevant background structures to reduce noise and improve feature focus. Images stored in RGB
format were converted to grayscale, simplifying feature representation and reducing computational
redundancy.

—
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To ensure uniform input dimensions, all images were resized to 512 x 512 pixels, ,
balancing computational efficiency with the preservation of subtle fracture details. Additional
enhancements, including contrast adjustment and sharpening, improved edge clarity and structural
visibility, ensuring consistent quality across the dataset.

Figure 2. Preprocessing examples of long bone X-rays: (A, B) before and after cropping, (C, D) before and after
contrast adjustment, and (E, F) before and after sharpening.

To further increase dataset diversity and improve model generalization, data augmentation
was applied, expanding the dataset from 3,000 to 6,000 images. Transformations included
horizontal and vertical flipping, brightness adjustments (+£5%), and random rotations within +15°,
simulating natural variability in X-ray acquisition while preserving diagnostic integrity. All
augmentations were implemented using the Albumentations library, which is widely adopted for
efficient medical imaging preprocessing.

3. Model Architecture

This study employed the DEtection TRansformer (DETR) as the primary architecture for
long bone fracture detection and localization. DETR is a cutting-edge deep learning framework
that introduces a fully end-to-end design, eliminating the need for manually defined components
such as anchor boxes and non-maximum suppression (NMS) [32]. Unlike traditional region-based
detectors, DETR formulates object detection as a direct set prediction problem, simplifying the
pipeline and reducing hyperparameter dependence.

As illustrated in Figure 3, DETR operates in three stages:

1. Backbone (ResNet-50): Extracts both low-level and high-level spatial features from X-ray
inputs, capturing structural bone patterns relevant for fracture detection.

2. Transformer Encoder—Decoder: The encoder leverages multi-head self-attention to model
long-range dependencies across the image. The decoder introduces a fixed number of learned
object queries that interact with the encoded features through cross-attention, allowing
simultaneous prediction of class labels (fractured vs. normal) and bounding box coordinates.

3. Prediction Heads: Feed-forward networks output bounding boxes and class probabilities for
each object query. A bipartite matching strategy (Hungarian algorithm) ensures a one-to-one
alignment between predictions and ground-truth annotations.

—
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Figure 3. DETR model architecture used.

The advantages of DETR are particularly relevant for medical imaging. By modeling
global spatial context, DETR improves fracture detection in challenging cases such as subtle
hairline fractures, irregular fracture patterns, and overlapping anatomical structures. The self-
attention mechanism enhances detection accuracy in cluttered radiographs where local features
alone may be insufficient. Moreover, DETR eliminates complex post-processing, making the
workflow simpler and more interpretable.

However, DETR also presents challenges. It typically requires longer training times and
larger datasets to achieve convergence, and performance can be dataset-sensitive. Despite these
limitations, DETR’s architectural elegance and robustness highlight its potential as a powerful
alternative to conventional region-based detectors, especially in tasks demanding high localization
precision, such as fracture detection in radiographs.

4. Training and Evaluation

The DETR model was trained on the augmented dataset of 6,000 X-ray images, divided
into training (70%), validation (20%), and testing (10%) subsets. Training employed the Adam
optimizer with an initial learning rate of le-4, along with a dynamic scheduler that reduced the
rate when validation performance plateaued. To prevent overfitting, early stopping with a patience
of 20 epochs was applied. Hyperparameters such as batch size, weight decay, and dropout rate
were tuned experimentally to ensure stable convergence.

The loss function combined three components:
e Cross-entropy loss for binary classification (fractured vs. normal),
e L1 regression loss for bounding box localization, and

¢ Generalized Intersection over Union (IoU) loss to encourage precise spatial alignment.

Model performance was evaluated using several complementary metrics. The primary
benchmark was mean Average Precision (mAP) at IoU = 0.5, reflecting the overlap between
predicted and ground-truth bounding boxes. Along with the confusion matrix analysis, which was
performed to visualize the distribution of true positives, true negatives, false positives, and false
negatives. This analysis provided valuable insight into the clinical trade-off between minimizing
missed fractures and limiting overdiagnosis.

—
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5. Result and discussion
5.1. Performance of DETR

The DETR model was trained and evaluated on the long bone X-ray dataset, achieving a
mAP of 80.9% at IoU = 0.5 with a total loss of 2.52. This performance indicates that DETR is

highly competitive for fracture detection despite its end-to-end design, which eliminates
handcrafted components such as anchor boxes and non-maximum suppression.

250
102 200
150

- 100

fractured

True

normal
;
=
w

- 50

fractured normal
Predicted

Figure 4. The confusion matrix of the DETR model.

The confusion matrix presented in Figure 4 offers a detailed assessment of DETR’s
diagnostic performance. The model accurately classified 232 fractured and 253 normal
radiographs, resulting in an overall accuracy of 80.8%. DETR demonstrated high sensitivity
(94.7%), successfully identifying nearly all true fracture cases, which is critical for clinical
decision-making. Although approximately 29% of normal cases were incorrectly flagged as
fractured, this tendency toward conservative over-detection reflects a model bias favouring patient
safety—prioritizing the minimization of missed fractures over the risk of additional follow-up
imaging. Such a trade-off is clinically acceptable in early diagnostic settings, where sensitivity is

paramount, and further refinement with expanded datasets could enhance specificity without
compromising detection reliability.
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Figure 5. Receiver Operating Characteristic (ROC) curve for the DETR model in fracture detection.
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To further evaluate the model’s discriminatory power, a Receiver Operating Characteristic
(ROC) analysis was conducted shown in Figure 5. The DETR model achieved an Area Under the
Curve (AUC) of 0.9741, demonstrating an excellent capacity to differentiate between fractured
and non-fractured long bones. This high AUC value provides a more comprehensive measure of

performance than accuracy alone, as it accounts for the model's behavior across all classification
thresholds.

Figure 6. Model predictions : (A) ground truth, (B) predicted boxes.

Figure 6 illustrates examples of the DETR model’s predictions, where the ground truth
bounding box is shown on the left side and the corresponding predicted bounding box is displayed
on the right.

5.2. Comparison with Previous Studies

Table 2 summarizes DETR’s results in relation to previously reported detection models
applied to musculoskeletal X-rays. Earlier studies using region-based detectors such as Faster R-
CNN reported mAP values ranging from 68.8% on femoral fractures [20] to 79.8% on custom
datasets [34]. Variants like GA_Faster R-CNN achieved 70% on hand fractures [23], while single-
stage models such as YOLOVS reported 77% on larger wrist datasets [33|. Heterogeneous datasets
like MURA produced lower results, with an mAP of 62% using FPN [21].

Table 2. The comparison between Detection models

Ref Dataset / Image Type Task Type Model No. of Images Performance
[20] Femoral X-ray(10 classes) Faster R-CNN 2333 mAP = 68.8%
[21] MURA X-ray(2 Classes) FPN 4000 mAP = 62%
[23] Hand X-ray(2 Classes) (lassification GA_Faster R-CNN 3067 mAP =70%
[33] Wrist X-ray (10 classes) ~+ Detection YOLOvVS 10308 mAP =77%
[34] Custom X-ray(4 classes) Faster R-CNN 3000 mAP =79.8%
*This study* Custom X-ray(2 Classes) DETR 3000 mAP =80.9%

In comparison, the proposed DETR model attained an mAP of 80.9% on a two-class
custom X-ray dataset, slightly outperforming Faster R-CNN under identical conditions [34]. These
results indicate that DETR delivers competitive or superior detection accuracy while offering the
advantages of an end-to-end transformer architecture that eliminates handcrafted components such
as anchor boxes and non-maximum suppression. DETR’s capacity to model long-range spatial
dependencies further enhances its robustness in identifying subtle or overlapping fracture patterns.
Overall, these findings position DETR as a strong and scalable alternative to conventional
convolution-based detectors for automated fracture localization and classification in radiographic
imaging.
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6. Conclusion and Future Work

This study evaluated the DEtection TRansformer (DETR) for automated detection of long
bone fractures in X-ray images. DETR achieved a mAP of 80.9% with strong sensitivity, correctly
identifying nearly all fractures and minimizing false negatives. While the model showed a higher
false positive rate, this is clinically preferable to missed fractures, underscoring DETR’s value for
patient safety.

The results highlight DETR’s strength as an end-to-end transformer-based detector,
capable of modeling global dependencies and handling subtle or complex fracture patterns.
However, performance remains limited by dataset size and variability. Expanding the dataset,
applying advanced augmentation techniques, and incorporating interpretability tools like Grad-
CAM could further improve robustness and clinical trust.

Future work should explore transformer variants such as ViT or Swin Transformers and
hybrid CNN-transformer approaches, as well as developing an integrated diagnostic pipeline that
combines classification and detection within a user-friendly system. With continued optimization,
DETR and related architectures hold strong potential to advance automated musculoskeletal
imaging in real-world clinical practice.
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