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Accurate diagnosis of orthopedic injuries, especially pelvic and hip fractures, is vital in trauma 
management. While pelvic radiographs (PXRs) are widely used, misdiagnosis is common. This study 
proposes an automated system that uses convolutional neural networks (CNNs) to detect potential 
fracture areas and predict fracture conditions, aiming to outperform traditional object detection-
based systems. We developed two deep learning models for hip fracture detection and prediction, 
trained on PXRs from three hospitals. The first model utilized automated hip area detection, cropping, 
and classification of the resulting patches. The images were preprocessed using the Contrast Limited 
Adaptive Histogram Equalization (CLAHE) algorithm. The YOLOv5 architecture was employed for the 
object detection model, while three different pre-trained deep neural network (DNN) architectures 
were used for classification, applying transfer learning. Their performance was evaluated on a test 
dataset, and compared with 35 clinicians. YOLOv5 achieved a 92.66% accuracy on regular images 
and 88.89% on CLAHE-enhanced images. The classifier models, MobileNetV2, Xception, and 
InceptionResNetV2, achieved accuracies between 94.66% and 97.67%. In contrast, the clinicians 
demonstrated a mean accuracy of 84.53% and longer prediction durations. The DNN models showed 
significantly better accuracy and speed compared to human evaluators (p < 0.0005, p < 0.01). These 
DNN models highlight promising utility in trauma diagnosis due to their high accuracy and speed. 
Integrating such systems into clinical practices may enhance the diagnostic efficiency of PXRs. 
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Trauma management is a race against time. Accordingly, correct management and accurate diagnosis are the 
most important factors for saving lives.1 High-quality trauma care and treatment depend not only on physicians’ 
experience but also on the correct use of various imaging modalities and innovative technologies such as X-ray 
imaging. X-ray imaging is one of the most widely used diagnostic imaging modalities worldwide for evaluating 
blunt trauma patients. Pelvic radiographs (PXRs) cover the pelvis and upper femur region, providing diagnostic 
value for orthopedic injuries in these regions, including hip fracture, pelvic fracture, hip dislocation, and other 
associated injuries.2 Hip fractures, which are the most common type of fracture for old people, are diagnosed 
using PXRs.3 However, misdiagnosis rates range from 4% and 9%, and delayed diagnosis can result in serious 
complications.4 Pelvic fractures are among the most life-threatening, with mortality rates exceeding 30% in 
unstable patients.5,6 Early diagnosis and treatment in the emergency department can prevent complications 
for injured patients. However, image-based diagnosis often relies on emergency physicians who first meet 
the patient in a chaotic and stressful emergency room. Moreover, radiologists are not always available 24/7, 
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especially in local hospitals or rural areas. An effective computer-aided diagnostic algorithm can help to prevent 
misdiagnoses and provide early warnings for life-threatening complications.7 In recent years, deep learning 
methods have shown remarkable success in medical imaging applications, ranging from skin lesion classification 
to brain tumor segmentation.8

Several studies have investigated the use of deep learning algorithms, such as convolutional neural networks 
(CNNs), for the detection of pelvic and hip fractures from radiographic images. These studies have shown that 
deep learning algorithms can achieve high accuracy in identifying fractures and can provide more detailed 
insights into the location and severity of fractures compared to traditional methods.9–12 Additionally, object 
detection methods were applied to pelvis region analysis and fracture detection tasks. Furthermore, segmentation 
techniques, such as multi-scale feature fusion networks, two-step pipelines that combine segmentation and 
recognition, have also demonstrated high accuracy and refined localization in medical image analysis using 
different modalities, for orthopedic fracture detection.13–17 Compared to traditional image classification 
methods, two-step approaches were developed for different cases such as segmentation with the support of 
detection,18 detection with the support of segmentation,19 and object detection methods that have the advantage 
of providing precise localization information for hip fractures.20–22 We implemented a classification approach 
alongside detection to identify fracture regions in PXR images.

In this study, we present an automated system to localize potential fracture areas in the left and right regions 
and to predict fracture presence using CNN-based deep learning approaches instead of direct object detection-
based systems. We combined two deep learning models based on the You Only Look Once v5 (YOLOv5) model 
for object detection to locate the pelvis region and pre-trained CNN models as a classifier to predict fractures. 
We also implemented the Contrast Limited Adaptive Histogram Equalization (CLAHE) algorithm. Finally, we 
measured the effectiveness of the study by comparing this deep learning system with 35 clinicians. To summarize 
our main contributions: (1) we developed a preprocessing pipeline for hip fracture detection and compared its 
performance with a simple object detection-based fracture detection system, (2) we implemented an automated 
cropping system for femur regions and integrated the CLAHE algorithm, and (3) we compared this system 
between our system and 35 clinicians of varying experience levels, including a detailed statistical analysis of 
prediction durations on the test dataset.

Results
This section presents the weighted metrics obtained from the experimental evaluation of our proposed AI 
models. All experiments were conducted using either a holdout or 5-fold cross-validation scheme to validate 
the robustness of our proposed models. Accuracy, precision, F1 score, IoU, mAP and inference time values 
of YOLOv5 object detection model to detect fracture on non-CLAHE PXR images are 92.66%, 94.50%, 
94.50%, 0.8832, 94,80%, and 4.63  s, respectively. For CLAHE applied images, accuracy, precision, F1 score, 
IoU, mAP and inference time values are 88.89%, 89.6%, 88.6%, 0.9033, 92.80%, and 4.43  s, respectively. 
For hip area detection success of YOLOv5, IoU and mAP values are 0.9255 and 96.43%, respectively. Mean 
accuracy, precision, F1 score, AUC score, and inference time values for MobileNetV2 on non-CLAHE images 
are 95.15% ± 1.10, 95.11% ± 1.13, 95.08% ± 1.12, 0.9905, and 0.81  s, respectively. MobileNetV2 performance 
for CLAHE images as mean average accuracy, precision, F1 score, AUC score, and inference time values are 
94.66% ± 1.02, 94.86% ± 0.67, 94.69% ± 0.91, 0.9863, and 0.75 s, respectively. The mean accuracy, precision, F1 
scores, AUC score, and inference time values for the Xception model on non-CLAHE images are 97.67% ± 0.53, 
97.65% ± 0.55, 97.63% ± 0.55, 0.9947, and 1.06 s, respectively. The performance of Xception on CLAHE images 
for mean accuracy, precision, F1 score, AUC score, and inference time values are 96.01% ± 1.10, 95.98% ± 1.13, 
95.94% ± 1.11, 0.9930, and 1.07 s, respectively. Mean accuracy, precision, F1 score, AUC score, and inference time 
values of InceptionResNetV2 for non-CLAHE images are 96.75% ± 0.42, 96.76% ± 0.41, 96.70% ± 0.43, 0.9941, 
and 2.47 s, respectively. InceptionResNetV2 performance for CLAHE images as mean accuracy, precision, F1 
score, AUC score, and inference time values are 96.99% ± 0.23, 97.02% ± 0.25, 96.96% ± 0.25, 0.9955, and 2.33 s, 
respectively. All models were evaluated on the test samples using the Monte Carlo method, and they exhibited 
low uncertainty, as shown in Supplementary Fig. 1.

In this study, 35 clinicians were evaluated on the 326 PXR images of the test dataset. Their mean values and 
standard deviations of 35 clinicians for accuracy, precision, and F1 scores are 84.53% ± 15.01, 89.90% ± 9.21, and 
87.13% ± 11.41, respectively. The prediction duration for 326 images of the test dataset was 16.07 ± 6.26 minues 
and 2.20 ± 1.58  seconds for the clinicians and AI models, respectively. The accuracy, precision, and F1 score 
metrics of the AI models were statistically higher than 35 clinicians (p < 0.0005, p < 0.01, and p < 0.0005, 
respectively). Figure 1 shows an example in which the model succesfully performs both straightforward object 
detection and hip area detection with classification model, visualized using Gradient-weighted Class Activation 
Mapping (GradCAM).23 The performance of object detection and three deep learning models and their standard 
deviations are presented in Table 1.

Discussion
In this study, we developed two models: (1) a straightforward object detection model and (2) a hip area detection 
model with a patch classification feature. Previous studies employing object detection approaches on X-ray 
images have mostly labeled the fracture or related diseases and trained deep learning models accordingly.24 In 
this study, this method was further developed, and an object detection model was trained to detect the potential 
fracture or implant area. The patch detected by this model on PXR images was provided to the classification 
model and the results were obtained. It has been shown in the literature that instead of giving the whole PXR 
image, giving the focused region provides higher performance. In this study, it is shown that higher performance 
can be obtained with patches zoomed in using automatic region detection. To further improve performance, 
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the CLAHE algorithm, which is known to be effective in literature, was also included in the training. While the 
performance of the classification models increased, the performance of the object detection model decreased. 
Using CLAHE might unintentionally amplify noise and modify subtle features necessary for accurate detection, 
leading to decreased model performance. The Xception model, trained on the non-CLAHE dataset, was 
identified as the most effective model among those developed in this study, exhibiting best performance in 
detecting potential fractures or implant areas in images. The Xception model distinguishes the implant class with 
100% accuracy while maintaining a low error rate in distinguishing cases with fracture class and no fracture class, 
emphasizing the robustness of the system and its potential for accurate clinical decision support. To increase the 
reliability of the study, data were collected from three different hospitals, using images obtained from different 
devices and locations. Both developed models were superior to 35 clinicians according to classification metrics. 
In addition, for a test dataset of 326 images, clinicians spent an average of 16 minutes, while the AI models can 
analyze hundreds of images in minutes due to their computational efficiency. To fully realize the benefits of AI in 
clinical practice, it is essential to address challenges such as regulatory requirements, data bias, interpretability, 
and clinician acceptance, ensuring safe and responsible integration of AI systems into healthcare.25–28

Model—data Accuracy Precision F1Score AUC score Inference time

MobileNetV2—C 94.66 ± 1.02% 94.86 ± 0.67% 94.69 ± 0.91% 0.9863 0.75 s

MobileNetV2—NC 95.15 ± 1.10% 95.11 ± 1.13% 95.08 ± 1.12% 0.9905 0.81 s

Xception—C 96.01 ± 1.10% 95.98 ± 1.13% 95.94 ± 1.11% 0.9930 1.07 s

Xception—NC 97.67 ± 0.53% 97.65 ± 0.55% 97.63 ± 0.55± 0.9947 1.06 s

InceptionResNetV2—C 96.99 ± 0.23% 97.02 ± 0.25% 96.96 ± 0.25% 0.9955 2.33 s

InceptionResNetV2—NC 96.75 ± 0.42% 96.76 ± 0.41% 96.70 ± 0.43% 0.9941 2.47 s

YOLOv5—C 88.89% 89.60% 88.60% N/A 4.43 s

YOLOv5—NC 92.66% 94.5% 94.50% N/A 4.63 s

35 Clinicians—NC 84.53 ± 15.01% 89.9 ± 9.20% 87.13 ± 11.41% N/A 16.07 ± 6.26% min

Statistical significance p < 0.0005 p < 0.001 p < 0.0005 N/A p < 0.0001

Table 1.  Shows metrics of object detection, classification models, and 35 clinicians. Statistical significance 
exhibits significancy among deep learning models and 35 clinicians. C, CLAHE applied images used in dataset; 
NC,  No CLAHE applied images used in dataset.

 

Fig. 1.  Shows an example from test dataset for object detection model and classification model with GradCAM 
results.
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This study includes some limitations. First, the dataset was collected from different hospitals and thus from 
different devices, causing variations in image quality. Second, the data classified as fractures and implants in the 
collected images were fewer than the healthy data resulting in an imbalanced dataset. Third, analyzing a large 
set of images (test dataset, N = 326) consecutively could induce fatigue in clinicians, potentially impacting their 
performance. Fourth, our dataset primarily comprises older patients with hip fractures and was collected from 
three hospitals, which may introduce demographic biases (e.g., age, gender) that could limit the generalizability 
of our findings, especially for younger patients.

In conclusion, this study demonstrates the significant potential of AI-driven models in improving the 
accuracy and speed of diagnosing hip fractures on PXRs. Utilizing YOLOv5 for object detection and pre-trained 
deep neural network (DNN) architectures for classification, our models achieved accuracies between 94.66% 
and 97.67%, outperforming clinicians who had a mean accuracy of 84.53%. The AI models demonstrated both 
efficiency and greater accuracy by delivering results in a reduced amount of time. Despite a slight reduction in 
accuracy, the application of CLAHE preprocessing maintained robust performance. These results indicate that 
the integration of AI systems into medical practice can improve the accuracy and efficacy of diagnostics. Further 
research could explore a broader range of orthopedic injuries with subtypes of fractures and address real-world 
implementation challenges to fully realize the benefits of AI-assisted diagnostics in trauma care. The future 
research could also address mitigation of class imbalance.

Methods
Deep learning can autonomously extract relevant features that are difficult to identify using traditional methods, 
due to its neural architecture.29 In our study, we developed and compared two systems: the first is based on 
object detection for fracture identification, while the second detects the hip area, crops the relevant section, 
and classifies the cropped patches in an automated manner. Firstly, hip regions on PXRs were detected and 
annotated, and an object detection model based on YOLOv5 was trained on this dataset to detect crop regions 
automatically. Then, data preprocessing using the CLAHE algorithm was applied to the cropped hip images. 
For the classification of the patches, MobileNetV2, Xception, and InceptionResNetV2 DNN architectures were 
deployed using the transfer learning method. Finally, the three deep learning models were tested on a test dataset 
(n = 326) that was not used during training. Performance metrics based on the holdout validation result for 
YOLOv5 model and the 5-fold cross-validation results for MobileNetV2, Xception and InceptionResNetV2 are 
presented. Statistical analysis among DNN models and clinicians was performed using the results of 35 clinicians 
on the test dataset. The overview of the study is shown in Fig. 2.

Dataset
The dataset used in this retrospective study was collected and anonymized in Digital Imaging and Communications 
in Medicine (DICOM) format from the databases of three distinct hospitals. This is a multicenter study, which 
enhances the generalizability and robustness of the findings. The dataset comprises 1657 PXRs, including 699, 
402, and 556 radiographic images collected from Manisa Alaşehir State Hospital, Manisa City Hospital, and 
Manisa Celal Bayar University Hafsa Sultan Hospital, respectively. Detailed dataset specifications are shown in 
Table 2 and statistics of these centers are shown in Table 3. Ethical approval was obtained from the Institutional 
Review Board of Manisa Celal Bayar University, Faculty of Medicine (reference number: 20.478.486/1027, 
no:65093, approval date: 24/11/2021). This is a retrospective study, and the dataset was anonymized. Due to the 
retrospective nature of the study, (the Institutional Review Board of Manisa Celal Bayar University, Faculty of 
Medicine) waived the need for obtaining informed consent. All methods were performed in accordance with 
the relevant guidelines, regulations, and ethical approval. The fracture images in the dataset were obtained 
from patients undergoing surgery. Each PXR image was reviewed and verified by four expert orthopedists (KG, 
ZOG, HKT, GO). Images (N = 115) exhibiting poor quality (e.g., blurry images, under/overexposure) were 
excluded from the dataset. To prevent overfitting and enhance the performance of deep learning models, data 
augmentation techniques were implemented.30 Specifically, an image generator was developed to enrich a batch 
of images using various methods, such as rotation, magnification, width-height shift, and vertical-horizontal 
flip. The image generator was applied with a 45-degree rotation range, a 20% zoom range, and 20% width-height 
shift ranges. The effectiveness of the image augmentation strategy enables the deep learning model to improve 
its learning performance.

Hip area detection and fracture detection
Object detection techniques combine image classification and object localization to predict and localize 
different types of objects within an image. An object detection algorithm primarily involves three sequential 
processes: region selection, feature extraction, and classification.31 In this study, our dataset comprising PXR 
images covering a large area of patients’ bodies was collected by emergency medicine physicians to perform 
fracture detection using an AI model. This model aims to locate the hip region for subsequent fracture detection 
to achieve higher performance. The dataset for object detection training, originally in DICOM format, was 
converted to JPEG format, and bounding boxes for the hip regions were annotated using the labelImg toolbox.32 
These labeled images were used to train two separate YOLOv5 models.33 The first YOLOv5 model was trained 
for an object detection-based fracture detection system. Subsequently, the second YOLOv5 model was used to 
identify the hip area regions within the dataset for the automated system. A new dataset containing only the 
hip areas for training the classification model was created. To improve the visibility of bone structures within 
the dataset, the CLAHE algorithm was applied.34 The CLAHE method adjusts the local contrast of an image 
by adaptively equalizing the histogram in small regions, thereby preventing over-amplification of noise. The 
implementation of CLAHE enhances the sharpness of bone regions, providing a clearer representation for the 
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Data source Fracture Implant No fracture Total

Manisa Alasehir State Hospital 87 82 530 699

Manisa City Hospital 102 72 228 402

Manisa Hafsa Sultan Hospital 65 68 423 556

Total 254 222 1181 1657

Table 3.  Dataset specifications.

 

Characteristics Sample size (total = 1657)

Male/female 756/901 (45.62%/54.38%)

Fracture/implant/no fracture 14.75%/12.96%/72.29

Mean Age, y 48.42 ± 30.28%

Age groups

 – < 40 666 (40.19%)

 – 40–49 163 (9.84%)

 – 50–59 202 (12.19%)

 – 60–69 196 (11.83%)

 – ≥ 70 430 (25.95%)

Table 2.  Dataset characteristics and patient statistics.

 

Fig. 2.  (a) We collected 1,657 images from three different hospitals. (b) We annotated the hip regions with 
fracture, implant, and non-fracture labels. 300 of these images were used for automated hip area detection. 
All of them were used to train the object detection model. The CLAHE algorithm was applied to all images, 
including hip patches. (c) Classification model was trained and compared with the performance of 35 
clinicians.
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deep learning model. This final dataset was then utilized as input for the deep learning-based classification 
model.

Patch classification
DNNs, particularly CNNs, have received significant attention for the classification of medical images in recent 
years due to their superior performance compared to traditional techniques.35 This study builds upon previous 
research by introducing a deep learning model in the form of an artificial neural network (ANN) designed to 
classify hip regions of PXR images into fracture, implant, and no-fracture classes. The ANN model comprises 
multiple layers, each serving a distinct function in the feature extraction and classification process. The CNN 
block of the DNN automatically learns the image features. The second part of the DNN classifies the learned 
features to produce a prediction, utilizing fully connected neural networks. The input layer of the CNN serves 
as the entry point for PXR images, which are subsequently processed by the convolutional layers. The weight 
and bias parameters of the nodes are updated with each calculation using the backpropagation technique, 
enabling the model to learn the features that facilitate differentiation between samples.36 The subsequent layer 
is the pooling layer, which reduces the size of the previous layer, parameters, and computational load. The 
flattening layer then converts the output of the CNNs into a single vector for the classification block, establishing 
connections between the extracted features and prediction classes. The DNN classifies samples based on these 
features. The final layer generates probability values for each category and produces predictions for input images.

Transfer learning and fine tuning
Transfer learning is a machine learning approach that enables the reuse of previously trained models for new 
tasks, thereby reducing the amount of data and computation required and increasing performance.37 This method 
is particularly effective in deep learning, where training large-scale neural networks can be both computationally 
and time-intensive. Transfer learning leverages a pre-trained model, trained on a large and diverse dataset, as a 
starting point for a new task. The pre-trained model serves as a feature extractor, with the lower layers fine-tuned 
to adapt to the new task, while the higher layers remain unchanged. This is attributed to the fact that the lower 
layers of a neural network typically learn more general features, such as edges and shapes, whereas the upper 
layers learn task-specific features.

Fine-tuning is a crucial step when employing transfer learning.38 In this method, the entire pre-trained 
model is fine-tuned.

Model implementation
Due to processing time and memory limitations, the resolution of images was reduced before being fed into the 
DNN. In this study, the collected images were resized to 224 × 224 × 3 pixels and 299 × 299 × 3 pixels for the deep 
learning models of MobileNetV2, Xception, and InceptionResNetV2. To improve the training performance of 
the model, the RGB values of the images were transformed to NumPy arrays and stored.

To train the deep learning models on the specific dataset, the deep learning architectures pre-trained on the 
ImageNet dataset were extended with additional neural network layers.39 Empirically, a GlobalAveragePooling 
layer and a Dropout layer with a ratio of 0.2 were added to improve the performance of the classification task. 
The output was then flattened and processed in a fully connected layer. The original fully connected layers of the 
ImageNet model were removed, and two 128-node dense layers, along with a dropout layer with a ratio of 0.2, 
were added. The final layer was a three-node output layer designed to predict fracture, implant, and no fracture. 
To improve the success of the pre-trained deep learning models, a two-stage training approach was used. In the 
initial phase, all CNN layers were frozen without the fully connected layers. This step enables the extraction of 
universal features from the ImageNet dataset. In the second step, all layers were included in the training and the 
model was fine-tuned for optimum performance by optimizing CNN nodes and universal features extracted 
from ImageNet. During training, a dynamic learning rate method was used to optimize the learning rate using 
the ReduceLROnPlateau function. If validation performance did not improve after 10 epochs, the learning rate 
was decreased by its 10% of its current value to ensure more effective convergence and avoid oscillations in the 
learning process. The minimum learning rate was set to 0.00001 to ensure a lower bound on the learning rate 
adjustments.

The models were trained using the Python programming language and the Keras library. The models were 
trained on a system that has an Nvidia RTX3090Ti graphics card with 24 GB of memory, an Intel Core i5 
13600 K processor, and 64 GB of RAM.

Statistical analysis
For object detection, the Intersection over Union (IoU) and Mean Average Precision (mAP) metrics were used to 
evaluate model performance. For classification performance, weighted values of accuracy, sensitivity, specificity, 
precision, negative predictive value (NPV), and false positive rate (FPR) for each class were calculated. To 
measure overall performance, the area under the receiver operating characteristic (ROC) curves were calculated 
as shown in Fig. 3.

For statistical significance testing, a two-sided t-test was used, with a p-value of p < 0.05   considered 
statistically significant to compare AI model and clinician performance. The statistical analysis was performed 
using Python. All values are presented as mean ± standard deviation (SD) format. For the test procedures, 
PXR images of the test dataset (n = 326) were assessed by 35 clinicians with an average of 7.24 ± 7.29 years 
of experience (range:1–27 years). Holdout or k-fold cross-validation and classification metrics were used to 
evaluate the success and reliability of the trained model. To compare the accuracy results of different AI models, 
a one-way ANOVA test was conducted. Furthermore, Tukey’s Honestly Significant Difference (HSD) test was 
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also performed to measure the significance between individual models. The results of the ANOVA and HSD tests 
are given in Supplementary Tables 1 and 2, respectively.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.
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