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Abstract   

 
Bone fracture is a common medical condition that often affects elderly populations or individuals with degenerative 

diseases such as osteoporosis. Manual classification of fractures from X-ray images presents diagnostic challenges due to 

visual complexity and interobserver variability. In this study, we implemented and compared Deep Neural Network (DNN) 

and Convolutional Neural Network (CNN) architectures to classify bone fractures from radiographic images. The dataset 

consisted of 4099 X-ray images divided into fractured and non-fractured categories. Each model was trained using 

preprocessed and augmented data and evaluated using accuracy, precision, recall, and F1-score metrics. The evaluation 

results showed that the CNN model achieved better classification performance, with an accuracy of 80% and balanced class 

scores. In contrast, the DNN model showed poor generalization and strong bias toward the fractured class, yielding only 

51% accuracy. This study concludes that CNN are more suitable for bone fracture classification tasks due to their superior 

ability to extract spatial features and generalize across categories. 
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1. INTRODUCTION  

Bone fractures are one of the most common medical conditions, especially in the elderly population and 

patients with degenerative diseases such as osteoporosis [1]. Proper identification and classification of fractures 

is essential to determine optimal treatment [2],[3],[4]. However, conventional approaches through 

interpretation of medical images (e.g., radiographs or CT scans) often rely on radiologic expertise that is not 

always equally available, and may introduce inter-examiner variability [5]. 

In clinical practice, the classification of bone fractures based on medical images such as X-rays or CT 

scans still relies heavily on manual interpretation by radiologists or orthopedists [3], [4]. The main problems 

that arise are the limited number of experts in first-level health facilities, as well as the potential for 

interobserver variability in diagnosis, which can affect the accuracy of determining the type and location of the 

fracture [5], [6], [7]. In addition, fracture images are often complex, visually overlapping with soft tissue, or of 

low quality, compounding the identification challenge [8], [9]. This makes fracture classification a real 

challenge that requires technology-based automated solutions to ensure accuracy and speed in clinical decision-

making [9], [10]. 

In recent years, advances in artificial intelligence (AI) technology, particularly Deep Learning (DL), 

have brought about a transformation in medical image analysis [11], [12]. Two main approaches in DL, namely 

Deep Neural Network (DNN) and Convolutional Neural Network (CNN), have shown high performance in 

detecting and classifying abnormalities in medical images with accuracy approaching, even exceeding, the 

performance level of human clinicians [13], [14]. CNN is particularly effective in image data processing due 

to its ability to extract spatial features, while DNN excels in complex classification processes based on 

processed feature vectors [8], [15], [16]. 

Several previous studies have applied deep learning models, especially CNNs, to classify bone fractures, 

such as those of the vertebrae, extremities, or pelvis, and have shown promising results in image-based 
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automatic detection [9], [17], [18]. In addition, one study developed an Artificial Neural Network (ANN) model 

using 20 input features to predict hospitalization duration, intensive care unit stay, survival rate, and mortality 

in patients with rib fractures [19]. In a recent study, an approach combining DenseNet201 and VGG16, 

achieving 97% accuracy during the validation phase, accurately identified and classified different types of 

fractures [8], [20]. 

Another study proposed a TandemNet approach that integrates natural language understanding with 

musculoskeletal image analysis, to improve the accuracy and interpretability of deep learning models through 

the incorporation of visual and textual information from medical reports [21], [22]. Meanwhile, in a study that 

designed a Recurrent Neural Network (RNN) model with a visual attention mechanism, which is able to focus 

on critical areas in medical images to detect bone fractures more efficiently and precisely [23], [24]. 

This study aims to build and compare DNN- and CNN-based bone fracture prediction models using 

split classification. The main contribution of this study is the exploration of a model architecture that can handle 

the complexity of medical image features while providing specific classification outputs for fracture categories. 

This study also proposes an integrative approach combining DNN and CNN to improve the model's accuracy 

and interpretability, aiming to address a gap in the literature on the application of DL for precise fracture 

prediction. 

 

2. MATERIAL AND METHOD  

The process begins with the collection of X-ray image data, which is the main material for model 

training. Next, a preprocessing stage is performed to improve image quality and prepare the images in a format 

suitable for the model. After that, the processed images undergo an augmentation stage to increase data 

diversity and reduce the risk of overfitting during training. The augmented data is then used to train two types 

of models, namely DNN and CNN, each with a different approach to identifying characteristics in images. The 

next stage is model evaluation using performance metrics. The process ends once the evaluation demonstrates 

that the model has attained the desired performance.  

The research methodology diagram is observable in Figure 1. 

 

 

Figure 1. Research Methodology 

 

2.1. Deep Learning 

Deep learning is an advanced development of machine learning that uses layered artificial neural 

networks to learn hierarchical representations of data, ranging from simple perceptron models to complex 

architectures such as CNN, SAE, DBN, and DBM, as well as generative innovations such as GAN [25], [26]. 

These methods show significant advantages in speech and image recognition that require large data and 

intensive computation, with wide applications in computer vision, natural language processing, and medical 

analysis [27]. Therefore, future research is directed towards developing more efficient architectures, 
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interpretability techniques, and training methods that address complexity and maintain security and fairness in 

the use of deep learning [28]. 

 

2.2. Deep Neural Network (DNN) 

DNN is an architecture that consists of multiple hidden layers and is able to learn non-linear patterns 

from input data through a structured training process [29]. The network works by gradually transforming the 

data in each layer to produce an optimal feature representation to support the final classification [30], [31]. In 

this study, DNN is trained using a dataset that has been processed through the stages of image augmentation 

and normalization, then optimized using the backpropagation algorithm and ReLU activation function for each 

hidden layer [32]. 

 

2.3. Convolutional Neural Network (CNN) 

CNNs are purpose-built to process grid-shaped data like images, by utilizing convolution layers 

followed by pooling operations, as well as non-linear activation functions for the purpose of producing deeper 

and more meaningful feature representations [33], [34], [35]. The CNN model is made up of several 

convolution blocks, each followed by batch normalization and max pooling, and ends with two classes 

classified using a fully connected layer: broken and unbroken [36]. The CNN is trained using X-ray image data 

that has been quality-enhanced through histogram equalization and augmentation to prevent overfitting [37]. 

 

2.4. MobileNetV2  

MobileNetV2 is a CNN architecture from Google, designed for mobile devices and embedded systems 

with limited computation [38]. It balances accuracy and model size through optimizations such as depthwise 

separable convolution, which splits the convolution into depthwise and pointwise stages for efficiency, and 

linear bottleneck, which reduces feature dimensions and computation using fewer filters [39]. The basic unit is 

the inverted residual block, which combines convolution, batch normalization, and shortcut connections [40]. 

As a result, MobileNetV2 performs well for identifying objects and categorizing images with a smaller model 

and lower computation than conventional CNNs, making it ideal for limited power devices [38]. 

 

2.5. Adam  

Adam optimizer is an optimization algorithm developed from stochastic gradient descent by combining 

the benefits of AdaGrad and RMSProp, so that it is able to adaptively adjust the per-parameter learning level 

based on the mean of previous gradients and gradient moments [41]. Adam is computationally efficient and 

requires relatively small memory, making it suitable for deep learning models with large datasets and sparse 

gradient and noisy problems [42]. Adam's advantages include fast convergence, automatic learning rate 

adaptability, and generally better performance than other optimizers such as SGD and RMSProp [43]. 

However, the drawbacks are that sometimes Adam can produce poor generalization in some cases and 

sensitivity to hyperparameter settings such as learning level and beta decay value that require further tuning to 

be optimal [44].  

 

3. RESULTS AND DISCUSSION   

At this phase, the outcome of the bone fracture image classification process using CNN are analyzed. 

The previous process began with data collection, preprocessing, and the use of the hold-out method to split the 

data. Next, the DNN model is optimized with the ADAM optimizer, while the CNN model is built using the 

MobileNetV2 architecture and optimized with the ADAM optimizer. An evaluation is conducted To assess the 

performance of the combination of architecture and optimizer in categorizing bone fracture condition images. 

 

3.1. Collecting Data 

The data taken showing the x-ray condition of the bone that is broken or not in this study is obtained 

from the Kaggle platform and is owned by [45]. The dataset used has 2 classes, namely fractured or not 

fractured, with each class consisting of 2020 images and 2079 images, totaling 4099 images. Details can be 

seen in Table 1. 

 

Table 1. Details of x-ray dataset count 

Class Number of Datasets 

Fracture 2020 

Not Fracture 2079 

 

3.2. Preprocessing 

In the preprocessing step, all pictures were resized to a uniform 150x150 pixels and scaled to the range 

0-1. To increase the diversity of the training data and prevent overfitting, data augmentation techniques like 

random rotation of up to 30 degrees, horizontal and vertical position shifts of 10% of the image dimensions 
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each, shear transformation, zoom of up to 20%, and horizontal inversion were applied. In addition, a hold-out 

validation method was used, with 20% of the data set aside for validation. The augmented image is shown in 

Figure 2. 

 

 

Figure 2. Result Augmentation 

 

3.3. Training Process 

This research implements two deep learning architectures, namely DNN and CNN, to classify fractures. 

Data sharing occurs at the beginning, followed by the augmentation of the dataset images for later use. A DNN 

with a simple non-convolutional design is used. The input image was first flattened, then passed to two dense 

layers (256 and 128 units) with ReLU activation. Dropout regularization (0.3) is applied after each dense layer 

to mitigate overfitting. The final output layer uses softmax activation with the same number of neurons as the 

number of target classes for probability prediction. The model training configuration involves the Adam 

optimizer, categorical cross-entropy loss function, and accuracy metric. 

Table 2 shows the results of the DNN Model Evaluation. 

 

Table 2. DNN Model Evaluation Results 

Class Precision Recall F1-Score Support 

Fractured 0.51 1.00 0.67 41 

Not Fractured 0.00 0.00 0.00 40 

Accuracy   0.51 81 

Macro Avg 0.25 0.50 0.34 81 

Weighted Avg 0.26 0.51 0.34 81 

  

 The evaluation of the DNN model revealed a modest accuracy of 51% on the validation dataset. While 

the model demonstrated a commendable ability to identify all instances of fractured images, achieving perfect 

recall (1.00) for this class, its precision was limited to 0.51. This suggests that a significant proportion, indeed 

over half, of the predictions categorized as "broken" were, in fact, misclassified. Conversely, the model 

performance on the "not fractured" class was notably deficient, as indicated by precision, recall, and F1-score 

values of 0.00. This effectively indicates the model's inability to recognize this particular class. The overall 

challenge the DNN model faced in distinguishing equitably between the two classes within the validation data 

is further underscored by the weighted average and macro average F1-scores, both of which settled at a 

relatively low 0.34. 

 Concurrently, a CNN architecture was designed, incorporating a series of convolutional layers 

specifically to discern and extract salient spatial features from the input images. This model architecture 

strategically employs the Rectified Linear Unit (ReLU) as its activation function. It is structured with three 

sequential convolutional blocks, featuring 32, 64, and 128 filters of a 3x3 kernel size, respectively. Following 

each of these convolutional blocks, a 2x2 max pooling layer is implemented to systematically reduce the spatial 

dimensionality of the feature maps. Upon the successful extraction of these features, the resultant output is 

transformed into a one-dimensional vector via a Flatten layer. This flattened representation is then processed 

by a densely connected layer comprising 128 neurons, with a dropout rate of 0.3 to mitigate overfitting. The 

architecture culminates in an output layer that utilizes a softmax activation function, enabling it to generate 

predictions suitable for a multiclass classification task. For the training process, the Adam optimization 

algorithm was selected, and this model was developed using categorical cross-entropy as the loss function, 

with accuracy as the main metric for performance evaluation. 
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Table 3. CNN Model Evaluation Results 

Class Precision Recall F1-Score Support 

Fractured 0.84 0.76 0.79 41 

Not Fractured 0.77 0.85 0.81 40 

Accuracy   0.80 81 

Macro Avg 0.81 0.80 0.80 81 

Weighted Avg 0.81 0.80 0.80 81 

  

 Analysis of the validation dataset reveals that the CNN architecture outperforms the preceding DNN 

model, particularly in achieving a more balanced and accurate classification. For the 'fractured' class, the CNN 

model attained a precision of 0.84, a recall of 0.76, and an F1-score of 0.79. These metrics indicate that, 

although some misclassifications persisted, the model was largely successful at correctly identifying images of 

fractures. 

 Meanwhile, for the 'not fractured' class, the model demonstrated a distinct performance profile, 

achieving a precision of 0.77 and a recall of 0.85. These figures illustrate that most images without fractures 

were accurately identified, even though some instances within this class were not perfectly captured. The 

overall robustness of the model is further substantiated by achieving identical macro and weighted average F1-

scores of 0.80, and an overall system accuracy of 80%. Collectively, these results indicate the model's excellent, 

reliable ability to differentiate between the two image categories. 

 To analyze the training performance more thoroughly, see Figures 3 and 4. 

 

 

Figure 3. Training and Validation Accuracy DNN 

 

 

Figure 4. Training and Validation Accuracy CNN 

 

Based on the accuracy and loss graphs in Figure 4, the CNN model shows better performance than the 

DNN model in Figure 3. CNN shows a consistent increase in accuracy, with a small difference between training 

and validation accuracy, and a steady decrease in loss, indicating good generalization. In contrast, DNN shows 

fluctuations in validation accuracy and a large initial loss difference, indicating low learning efficiency and 

potential underfitting. To provide a clearer picture of the classification performance of the two algorithms, 

Figures 5 and 6 show the confusion matrix of the DNN and CNN algorithms, respectively.  

The confusion matrix of the CNN algorithm shows good classification performance, with most of the 

data being classified correctly. This can be seen from the high main diagonal values, where 31 fractured 

samples and 34 not fractured samples were correctly predicted. However, there are still misclassifications, such 

as 10 fractured samples predicted as not fractured, and 6 not fractured samples predicted as fractured. Overall, 
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the CNN model showed a balanced performance with an accuracy of 80%, as reflected in the near-ideal 

prediction distribution. 

 

 

Figure 5. Confusion Matrix DNN 

 

 

Figure 6. Confusion Matrix CNN 

 

In contrast, the DNN algorithm consistently predicted all images as “fractured,” with no predictions 

for the “not fractured” class. This is demonstrated by 41 “fractured” samples being correctly classified, but all 

40 “not fractured” samples being misclassified as “fractured”, resulting in a very high false positive rate. This 

imbalance indicates that the model suffers from extreme bias towards one class, which could be caused by 

issues in the training data distribution, a suboptimal training process, or an inappropriate model architecture. 

As a result, the model's accuracy reached only 51%, and although it appeared high for one class, its overall 

performance in distinguishing between the two was very low. 

Overall, CNN performed better than DNN in terms of fracture image classification, with more balanced 

and accurate precision, recall, and f1-score values. This shows that CNN is better at distinguishing visual 

features in the image than DNN, as illustrated in the confusion matrices for each model. 

   

4. CONCLUSION   

After comparing the performance of DNN and CNN at classifying bone fracture conditions based on 

X-ray images. The DNN model, despite its simple architecture, failed to generalize well and showed extreme 

bias toward the fractured class, misclassifying all non-fractured images. The accuracy of this model only 

reached 51%. In contrast, the CNN model performed much better, achieving 80% accuracy, balanced recall 

and precision across both classes, and a more representative confusion matrix. These findings suggest that 

CNNs are more appropriate for medical image classification tasks, particularly for bone fracture identification. 

Future research could explore the adoption of architecture optimization techniques to improve accuracy and 

reduce error rates in a broader clinical context. 
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