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Abstract
Objectives: This study aims to build an automated, reliable deep learning
system to detect, locate and quantify musculoskeletal fractures from X-ray
images. The framework is intended to enhance the diagnostic accuracy and
facilitate effective clinical decision-making. Method: The proposed system is
a complete deep learning system to identify fractures. A VGG19–AlexNet
Adaptive Hybrid CNN is used for fracture classification, a transfer-learning
model is utilized for fracture detection and an Attention-ResUNet architecture
is used for fracture segmentation and localization. The integrated framework
allows for an overall evaluation of fractures by classification, detection,
segmentation and extraction of quantitative measurements. Findings: The
performance was tested experimentally on various benchmark datasets and
is found to be excellent. The proposed Hybrid CNN was tested on the MURA
(WRIST) dataset with an accuracy of 99.63% and an AUC of 99.99%. In the
FracAtlas dataset, fracture detection resulted in 91.03% accuracy and 93.46%
AUC. The segmentation model attained Dice score of 0.384 and a pixel
accuracy of 99.02%, and it allowed for meaningful extraction of the geometric
measurements related to fracture. The framework also produces structured
diagnostic outputs and enables deployment via app that relates to a FastAPI
back end. Novelty: The proposed framework combines the classification,
detection, localization and quantitative assessment of fractures in a single
Hybrid CNN-based architecture, in contrast to conventional fracture analysis
approaches that are based on only one task.
Keywords:Medical Image; Musculoskeletal Diseases; X-ray; DL; Convolutional
Neural Network; U-Net
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1 Introduction
The incidence of musculoskeletal disorders (MSDs) and bone fractures is a major clinical burden worldwide, and the timely
and accurate diagnosis of these conditions is vital for avoiding complications and optimizing patient outcomes. Over the past
few years, deep learning (DL) (1) and convolutional neural networks (CNNs) (2) have advanced greatly in the field of automated
radiographic analysis, which involves learning hierarchical features without requiring a lot of manual feature engineering (3), (4).
CNN-based techniques have proved good performance in fracture detection, classification and localization; however, the use
of CNNs for overall diagnostic workflow is hindered by the lack of interpretation of the model, the imbalance of classes, the
limited region of fracture and the limited integration with clinical workflows (5), (6).

There has been significant recent research on AI-based fracture analysis. Fouad et al. (7) used PSO-based neural network
for musculoskeletal risk prediction, and Singh et al. (8) created a PSO-based neural network ”ComDNet-512” to classify finger
fractures. Anuradha and Srinivas (9) proposed a fusion of classification and segmentation networks for the analysis of wrist
fractures, while Aldhyani et al. (10) showed that transfer learning could be useful for large-scale fracture detection. Abdellatif et
al. (11), explored the potential for clinical validation of AI diagnosis, while Duan et al. (12) Proposed a collaborative diagnostic
approach between humans and AI to enhance diagnostic accuracy. Kumar and Anand (13), studied hierarchical anatomical
classification and Hareendranathan et al. (14) explored other imaging modalities, and Hinterwimmer et al. (15) studied scalable
AI data organization. Moreover, Hardalaç et al. (16), and Uysal et al. (17), Wang and Zhao (18), and Mehr (19) demonstrated the
benefits of ensemble learning, object detection, and explainable AI for fracture assessment.

However, most of the current studies are only on specific problems like abnormality classification, fracture detection,
localization or fracture segmentation. Very few frameworks offer an integrated pipeline to perform screening, localization,
segmentation, quantitative fracture characterization and interpretable clinical reporting all in one. Furthermore, issues like
small lesion region, class imbalance, anatomical plausibility, and clinically relevant output generation are not sufficiently
solved. This study introduces an end-to-end DL system that addresses these challenges in automated fracture analysis of
musculoskeletal radiographs. The proposed framework provides the use of VGG19–AlexNet Adaptive Hybrid CNN for
abnormality classification, fracture detection using transfer learning, segmentation using Attention-ResUNet, morphological
refinement, and quantitative morphometric analysis. The framework integrates classification, localization, segmentation and
fracture characterization in a single and clinically comprehensible workflow in contrast to other methods.

The key contributions of this work are as follows:

• Development of an end-to-end fracture analysis pipeline that mimics the clinical diagnostic workflow from abnormality
screening to fracture characterization.

• Integration of a VGG19–AlexNet Adaptive Hybrid CNN to improve robustness and generalization in musculoskeletal
abnormality classification.

• Implementation of an Attention-ResUNet framework with post-processing refinement for accurate fracture localization
and segmentation.

Generation of quantitative fracture measurements and structured diagnostic outputs to enhance clinical interpretability and
decision support.

1.1 Existing Work Gaps

Several promising studies have been showed in the field of classification and segmentation of musculoskeletal abnormalities or
fractures, but there are still several significant drawbacks. Existing approaches tend to focus on the prediction accuracy only, and
do not provide clinically interpretable quantitative measures such as fracture area, fracture length, fracture orientation, fracture
shape descriptors, etc., that are essential for fracture severity assessment and treatment planning. In addition, classification
and segmentation are frequently seen as single tasks and not as part of the workflow of a clinical process for screening
and identification of abnormalities, fracture localization and characterization. Many also suffer from poor post-processing
and have inaccurate results for segmentation output, with no integrated diagnostic reports, severity grading or quantitative
explanation of the results visually. To fill these shortcomings, the proposed framework introduces a novel VGG19–AlexNet
AdaptiveHybridCNN for abnormality classification, transfer-learning based fracture detection,Attention-ResUNet for fracture
segmentation, morphological refinement, quantitative fracture analysis, interpretable visualization and structured clinical
reporting for comprehensive and clinically relevant fracture assessment system.
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2 Methodology
The flowchart described in Figure 1 and methodology of the proposed automated MSD radiographic analysis DL framework
are shown below. The MURA1 and FracAtlas2 datasets were used in the study. Before training models, preprocessing, data
augmentation and class-balancing techniques were employed. For abnormality/fracture classification, a VGG19–AlexNet
Adaptive Hybrid CNNwas used and for fracture localization and segmentation, an Attention-Enhanced Residual U-Net (Attn-
ResUNet) was used. To compare model performance, individual baseline models like VGG19, AlexNet or conventional U-Net
architectures were used as internal control models.The accuracy, precision, recall, F1-score and the AUCwere used to assess the
classification results, and the Dice coefficient, IoU, and the pixel accuracy were used to assess the segmentation results. Paired
statistical tests were used to assess the statistical significance of any performance differences at the significance level of p<0.05.
The entire framework was implemented using a FastAPI backendwith a Fluttermobile app which facilitated automated fracture
analysis and a structured clinical reporting system.

2.1 Computational Environment and Dataset Preparation

AnNVIDIAGPU, an Intel processor, and 32GB of RAMwere utilized in the research, together with Python, TensorFlow/Keras,
and PyTorch. For reproducibility, the fixed random seed method was used, and for preprocessing and evaluation, OpenCV,
Albumentations, NumPy, Pandas and Scikit-learn were employed.TheMURA dataset contained 10,411 wrist radiographs and
the FracAtlas dataset contained 4,083 annotated fracture radiographs. All images and labels were verified for integrity before
being separated into training, validation, and testing sets for model development and evaluation.

2.2 Image Preprocessing and Enhancement

The radiographic images are processed to a standardized preprocessing pipeline so that there would be uniform input
representation on the classification and segmentation networks. To prevent loss of spatial detail, both the MURA Dataset
(classification) and the FracAtlas Dataset (classification and segmentation) images are resized to 224x224 (classificationmodels)
and 256x256 (segmentation tasks) pixels. The radiographs are turned into a grayscale to eliminate redundancy and pixel
intensity normalization is used to map the values to the range [0,1] as defined in Eq.1:

𝐼𝑛𝑜𝑟𝑚 = 𝐼 −𝐼min
𝐼max −𝐼min

(1)

Subsequently, Contrast LimitedAdaptiveHistogramEqualization (CLAHE) (? ) is implemented to advance the visibility ofmicro
bone structures, particularly in low-contrast regions, for increasing the image contrast. Gaussian filtering (5×5 kernel) is used
to reduce noise, which means that high frequency noise is removed, but edges are not. The Gaussian kernel is well-defined in
Eq.2.

𝐺 (𝑥,𝑦) = 1
2𝜋𝜎2 𝑒−

𝑥2 +𝑦2

2𝜎2 (2)

Where 𝜎 controls the degree of smoothing with a clip limit of 2.0 and 8×8 tile grid to improve local contrast and highlight
subtle fracture lines. Further denoising is performed using Discrete Wavelet Transform (DWT) (20), where high-frequency
components representing noise are attenuated before image reconstruction. Since most pretrained, convolutional neural
networks expect three-channel inputs, grayscale radiographs are converted into pseudo-RGB format by channel replication.
For transfer learning models, images are standardized using ImageNet statistics defined as Eq.3:

𝐼𝑠𝑡𝑑 = 𝐼𝑛𝑜𝑟𝑚 −𝜇
𝜎 (3)

Where 𝜎 = [0.229,0.224,0.225] and 𝜇 = [0.485,0.456,0.406].Finally, grayscale images are pretend into three channels to
match pretrained CNN input requirements, resulting in tensors of shape (N, 224, 224, 3) for classification and (N, 256, 256, 3)
for segmentation.

11https://www.kaggle.com/datasets/cjinny/mura-v11
22https://www.kaggle.com/datasets/mahmudulhasantasin/fracatlas-original-dataset
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Fig 1. Proposed Flowchart for Medical Image Classification Based on MSD Using Deep Learning Models
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2.3 Dataset Structuring and Class Imbalance Handling

After preprocessing, images and labels are organized into tensor structures suitable for deep learning frameworks. Labels are
encoded as binary values, where 0 represents normal or non-fractured cases and 1 represents abnormal or fractured cases.
The MURA dataset exhibited imbalance between normal and abnormal classes; therefore, Synthetic Minority Oversampling
(SMOTE) (21), is applied to create synthetic samples of the minority class. For a minority class sample 𝑥𝑖, one of its k nearest
neighbors 𝑥𝑧𝑖from the same class is selected. A new synthetic sample 𝑥newis created using linear interpolation defined as Eq.4:

𝑋𝑛𝑒𝑤 = 𝑋𝑖 +𝜆×(𝑋𝑧𝑖 −𝑋𝑖) (4)

Where 𝜆 ∈ [0,1] is a random number that identify the position of the synthetic point along the line segment between 𝑥𝑖and its
neighbor. This process enhances the diversity of minority classes by generating plausible intermediate samples, reducing bias
toward the majority class, and enhancing the decision boundaries of the classifier. This increased the dataset size from 10,411
to 18,177 samples, producing an approximately balanced class distribution. For the FracAtlas dataset, imbalance is addressed
through Focal Loss (FL) (22), is rather than oversampling. To further emphasize difficult fracture examples, FL is incorporated
defined as Eq.5:

ℒ𝐹𝐿 = −𝛼(1−𝑝𝑡)𝛾𝑙𝑜𝑔(𝑝𝑡) (5)

It balances the importance of the class and misclassified samples (𝛾 focuses learning and 𝛼 balances class importance and
misclassified samples). In this way, this approach enhances the accuracy of fracture detection without introducing any false
data.

It should be noted that SMOTE was applied to the extracted feature representation rather than directly generating synthetic
radiographic images. Consequently, the method interpolates within the learned feature space and does not create anatomically
unrealistic bone structures or artificial fracture patterns in the original X-ray images. Preliminary experiments using class-
weighted binary cross-entropy were also performed for comparison. Although both approaches effectively addressed class
imbalance, SMOTE yielded slightly higher recall and F1-score for the minority fracture class while maintaining comparable
specificity. Therefore, SMOTE was selected as the preferred balancing strategy for the MURA classification model.

2.4 Dataset Augmentation

Data augmentation using Albumentations was applied to the FracAtlas dataset to enhance the generalization and minimize
overfitting. The following transformations were applied as part of the augmentation pipeline: ShiftScaleRotate (p=0.5;
shift=0.0625, scale=0.1, rotation=15∘), RandomRotate90 (p=0.5), Horizontal Flip (p=0.5), and Random Brightness Contrast
(p=0.2).These transformations helped to model different imaging conditions, patient positioning and orientation, which made
the classification and segmentation models more robust.

2.5 Dataset Splitting

To achieve an equal proportion of non-fractured and fractured patients in each subsample, the dataset is divided into subsamples
using stratified random sampling. There are 80% train data and 20% test data in the MURA dataset. To put the model through
its paces, it is trained using the training set and then tested using the test set. On the other hand, the FracAtlas Dataset split
25% for validation and testing, 70% for training, and 15% for the whole process. Stratification is performed so that annotated
fracture masks and fractured and non-fractured samples are represented in each subset proportionally. Table 1 shows the total
number of images for both datasets after splitting.

Table 1. Summary of Dataset Splitting with Total Number of Images
Dataset Subset Total Images Fractured Non-Fractured Image Shape Number of Batches
MURA
Dataset

Training 14,541 — — (224, 224, 3) —
Testing 3,636 — — (224, 224, 3) —

FracAtlas
Dataset

Training 2,858 502 2,356 (256, 256, 3)* 178
Validation 612 107 505 (256, 256, 3)* 39
Testing 613 108 505 (256, 256, 3)* 39
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Fig 2. Trained proposed (VGG19_AlexNet_AdaptiveCNN_Hybrid_Model) architecture on the MURA dataset for classification

2.6 VGG19_AlexNet_AdaptiveCNN_Hybrid_Model (MURA Classification)

For fracture classification on the MURA wrist dataset, a VGG19–AlexNet Adaptive Hybrid CNN was developed, as illustrated
in Figure 2. The architecture combines pretrained VGG19 and a custom AlexNet as parallel feature extractors to capture
complementary visual features, while an adaptive CNN branch learns dataset-specific patterns, improving classification
performance.

All the convolutional layers are frozen throughout training of both networks to avoid overfitting and preserve visual
representations. Given an input radiograph 𝑋 ∈ ℝ224×224×3, deep feature maps are extracted as Eq.6:

𝐹𝑣𝑔𝑔 = 𝑓𝑣𝑔𝑔19(𝑋), 𝐹𝑎𝑙𝑒𝑥 = 𝑓𝐴𝑙𝑒𝑥𝑁𝑒𝑡(𝑋) (6)

where𝐹𝑉 and𝐹𝐴are high-level featuremaps capturing complementary texture and structural information from the radiograph.
To reduce spatial dimensionality while preserving discriminative channel information, Global Average Pooling (GAP) is
applied, it defined as Eq.7:

𝑧𝑣𝑔𝑔 = 𝐺𝐴𝑃 (𝐹𝑣𝑔𝑔), 𝑧𝑎𝑙𝑒𝑥 = 𝐺𝐴𝑃 (𝐹𝑎𝑙𝑒𝑥) (7)

These pooled vectors form a compact representation of pretrained deep features. In parallel, a self-adaptive CNN refinement
branch is introduced to learn task-specific fracture patterns directly from the radiographs. This branch performs sequential
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convolutions and pooling defined as Eq.8 and 9:

𝐻1 = 𝜎 (𝐶𝑜𝑛𝑣3×3.256 (𝑋)), 𝐻2 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝐻1), (8)

𝐻3 = 𝜎 (𝐶𝑜𝑛𝑣3×3.128 (𝐻2)), 𝐻4 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 (𝐻31), (9)

followed by flattening to produce a vector defined as Eq.10:

ℎ = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛 (𝐻4) (10)

The pretrained features and adaptive features are fused through concatenation defined as Eq.11:

𝑧 = [𝑔‖ℎ] (11)

A fully connected classifier comprised of three dense layers with 1024, 1024, and 512 neurons is used to process the fused
vector z. Each layer is followed by a Dropout (rate = 0.2) to ensure regularization. The transformations are expressed as Eq.12
to 14:

𝑢1 = 𝜎(𝑊1𝑧 +𝑏1) , 𝑢1 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑢1,0.2) , (12)

𝑢2 = 𝜎(𝑊2𝑢1 +𝑏2) , 𝑢2 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑢2,0.2) , (13)

𝑢3 = 𝜎(𝑊3𝑢2 +𝑏3) , 𝑢3 = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑢3,0.2) , (14)

The final classification layer uses Softmax activation to generate normal and fractured class probabilities, as demonstrated in
Eq. 15:

̂𝑦 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑜𝑢3 +𝑏𝑜) , ̂𝑦 = [𝑝0,𝑝1],𝑝0 +𝑝1 +1 (15)

Model optimization is performed using theAdamoptimizerwith learning rate𝛼 = 1×10−4.The training objectiveminimizes
Binary Cross-Entropy (BCE) loss defined as Eq.16:

ℒ𝐵𝐶𝐸 = − 1
𝑁

𝑁
∑
𝑖=1

[𝑦𝑖𝑙𝑜𝑔( ̂𝑦𝑖)+(1−𝑦𝑖)𝑙𝑜𝑔 (1− ̂𝑦𝑖)] (16)

The MURA dataset underwent three-fold cross-validation in an effort to enhance generalisability and decrease sampling bias.
Using checkpointing, the model’s best weights determined by validation accuracy were maintained throughout the model’s 5-
epoch training with a batch size of 50. By taking this route, the suggested fracture categorization system became more stable
and resilient.
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2.7 Proposed MURA Classification Algorithm of Hybrid Model

Algorithm 1: MURA classification algorithm of VGG19–AlexNet Adaptive Hybrid CNNmodel
Input: RGB image 224×224×3
Branch 1 – VGG19 Feature Extractor (Frozen)

• Load pretrained VGG19 (include_top = False) and freeze all layers
• Extract feature map 7×7×512
• Apply Global Average Pooling → 512-dim vector

Branch 2 – AlexNet Feature Extractor (Frozen)

• Sequential Conv + ReLU + MaxPooling layers
• Final feature map 5×5×256
• Apply Global Average Pooling → 256-dim vector

Concatenation Block 1

• Merge VGG19 (512) + AlexNet (256)
• Output feature vector → 768

Branch 3 – Self-Adaptive CNN

• Conv(3×3, 256) → MaxPool
• Conv(3×3, 128) → MaxPool
• Feature map 54×54×128
• Flatten → 373,248-dim vector

Concatenation Block 2

• Merge 768 + 373,248 → 374,016-dim vector

Fully Connected Head

• 2 x Dense 1024 → ReLU → Dropout (0.2)
• Dense 512 → ReLU → Dropout (0.2)

Output Layer

• Dense(2) → Softmax
• Binary Classification Output

2.8 Fracture Classification via Deep Transfer Learning Models (FracAtlas Dataset)

Several pretrained CNN backbones, including EfficientNet-B0, ResNet50, DenseNet121, and VGG16, were individually
evaluated using identical preprocessing, training strategy, and evaluation metrics. Based on validation performance,
EfficientNet-B0 achieved the highest classification accuracy, F1-score, and ROC-AUC and was therefore selected as the final
fracture classification backbone. Accordingly, all performance results reported for the FracAtlas classificationmodel correspond
to this optimized EfficientNet-B0 architecture rather than an ensemble of multiple networks as per Eq. 17:.

𝐹 = 𝑓𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒(𝑋), (17)

Where F consists of high-level structural and texture representations of bone areas. Since the backbone can generate spatial
feature maps, global average pooling is implemented to summarize each channel to a single value to create a concise feature
vector z. This vector is then inputted into a custom classifier that has fully connected layers. The transformation by the dense
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layers can be summarized as Eq.18:

ℎ = 𝜙(𝑊𝑧 +𝑏) (18)

Where 𝜙(⋅)denotes the ReLU activation function and 𝑊 and 𝑏are learnable parameters. As a measure to mitigate overfitting, a
0.3 dropout rate is implemented between layers.The final neuron outputs a logitl, which is converted into a fracture probability
using the sigmoid function defined as Eq.19:

̂𝑦 = 1
1+𝑒−𝑙 (19)

Here, 𝑦 represents the predicted probability that a fracture is present. In the attention-enhanced model, the extracted feature
vector is further refined before classification. A small attention network produces a weight vector 𝑎, which scales the original
features defined as Eq.20:

𝑧𝑎𝑡𝑡 = 𝛼⨀𝑧 (20)

The element-wise multiplication is denoted with ⊙. This operation highlights informative features of fracture-related data and
inhibits irrelevant background data. This is followed by a dense classifier run on the passed feature vector to get the final
probability.Thebinary cross-entropy loss isminimized bymodel training and it is ameasure of the variance among the predicted
and actual labels. Since the dataset has fewer fracture cases, class weights are used to ensure that fracture samples make a greater
contribution to the loss. The AdamW algorithm is used to perform optimization, and its learning rate is around 1×10−4.

During initial training, the backbone layers were frozen and only the classifier layers were updated to preserve pretrained
features and stabilize learning. After convergence, the backbone was unfrozen for fine-tuning to better adapt to radiographic
images. During inference, fracture predictions were generated using a probability threshold of = 0.5.

The backbone layer is frozen in the first stages of training where the classifier layers only are trained. This store pretrained
visual information, and stabilize education. After convergence has been achieved, the backbone can then be unfrozen so that
fine-tuning can be done so that the model can better adjust to the features of radiographic images. The predicted probability is
compared with a threshold 𝜏 = 0.5 at inference time. If ̂𝑦 ≥ 0.5, the image is termed as fractured otherwise, it is termed non-
fractured. It is an efficient combination of pretrained visual depictions, task-specific classification layers and optional attention-
based refinement executed by using this deep transfer learning model to generate solid fracture detection outcomes.

2.9 Fracture segmentation with Attention U-Net+ Residual (FracAtlas Dataset)

The issue of fracture segmentation is formulated as the medical image segmentation at pixel level, the correct localization of
fracture areas in radiographic images. Figure 3 shows the implemented fracture segmentation with Attention U-Net+ Residual
architectures. Segmentation provides the spatial delineation of the injury unlike classification, which only predicts the presence
or absence of a fracture, thus allows a detailedmorphological examination and quantitativemeasurement. Fractures localization
is carried out as a pixel localization segmentation of FracAtlas Radiographs. With an input of an X-ray image (resized 256 (3)
× 256 (3) the model will predict a binary mask that identifies the spatial location of fracture regions. Let the input image be
represented as 𝑋 ∈ ℝ256×256×3, and the predicted segmentation mask defined as Eq.21:

𝑌 ∈ [0,1]256×256 (21)

The primary architecture that is used in this task is that of Attention U-Net (Proposed algorithm 2), which is a refined variety of
the classical U-Net, whose goal is to pay attention to clinically significant regions. An encoder-decoder network is the building
block of the system. The encoder path uses convolutional block repeated applications which obtain hierarchical features as
max-pooling is implemented progressively on the spatial resolution.The network will be able to learn robust representations of
bone structures’ edges, contours, and textures with the help of each ConvBlock’s two convolutional layers, ReLU activation and
Batch Normalization.

The bottleneck layer captures high-level contextual features, while the decoder progressively restores spatial resolution
through transposed convolutions. Skip connections preserve fine-grained spatial details essential for detecting subtle fracture
lines. To improve localization, attention gates are incorporated into the skip connections, suppressing irrelevant background
information and enhancing fracture-related features. The attention mechanism acts as a weighting function, as defined in Eq.
22.

𝐹 = 𝛼•𝐹 (22)
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Fig 3. Trained segmentation proposed Attention U-Net+ Residual (FracAtlas Dataset) architecture

Where 𝐹 represents encoder features and 𝛼 ∈ [0,1]is a learned attention coefficient map.This allows the model to pay attention
to tiny discontinuities in bone structure while disregarding the surrounding soft tissue. A second architecture, Residual U-
Net (ResUNet), is also implemented to enhance gradient flow and stabilize deep feature learning. Instead of plain convolution
blocks, ResUNet (Proposed algorithm 3), uses Residual Blocks, where the input is added to the output of convolutional layers
defined as Eq.23:

𝐻𝑜𝑢𝑡 = 𝐻𝑖𝑛 +𝑓(𝐻𝑖𝑛) (23)

This allows more navigation through networks without the vanishing gradient problem. This enhances partitioning of
complicated fracture patterns. The last layer of both architectures applies a 1x 1-convolution to map features to single channel
probability map and a sigmoid activation, which is defined as Eq.24:

𝑌 (𝑖,𝑗) = 𝜎(𝑧𝑖,𝑗) (24)

Where the pixel value of the image is given as the probability that the pixel is in a fracture area. The special segmentation loss
functions can be trained to use in imbalanced classes and improving the accuracy of the boundaries.The Dice Loss is a loss that
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is region based and is used in medical imaging segmentation tasks. where the pixel value of the image is given as the probability
that the pixel is in a fracture area. The special segmentation loss functions can be trained to use in imbalanced classes and
improving the accuracy of the boundaries. Dice Loss is a region-based medical picture segmentation loss define as Eq.25.

𝐷𝑖𝑐𝑒 = 2|𝑃 ∩𝐺|
|𝑃 |+ |𝐺| (25)

where P is the anticipated mask and G is the ground truth. Image segmentation makes use of the Jaccard Index, also known
as the Intersection over Union (IoU), a region-based evaluation statistic that measures how close the predicted mask is to the
ground truth mask.. While Dice focuses on overlap proportionally, IoUmeasures howmuch the predicted region overlaps with
the true region relative to their total union. IoU (Jaccard) Loss evaluates region agreement defined as Eq.26:

𝐼𝑜𝑈 = |𝑃 ∩𝐺|
|𝑃 ∪𝐺| (26)

To leverage the strengths of multiple metrics, a Combined Segmentation Loss is used defined as Eq.27:

ℒ𝑡𝑜𝑡𝑎𝑙 = 0.5ℒ𝐵𝐶𝐸 +0.3 ℒ𝐷𝑖𝑐𝑒 +0.2ℒ𝐼𝑜𝑈 (27)

This weighted loss formulation aims at achieving a balance between the precision of the pixels, the overlap of the regions, and
the precision of the boundaries.This segmentation framework is based on an encoder-decoder structure, attentionmechanism,
residual network and optimized loss function, which can accurately localize fracture regions on radiographic images and extract
detailed spatial features for quantitative fracture analysis.

2.10 Post-Processing of Segmentation Masks

Post-processing of segmentation mask refers to improvements and optimizations performed on the segmentation mask results
generated by the deep learning model. Most of the time a segmentation model (such as U-Net) will produce a result, usually
along with a probability map that provides an indication of how likely each pixel is to be in the fracture region. The network
segments the image, and then produces a probability map P(x,y)∈[0,1] of which pixels are in a fracture region. The first step is
to use the thresholding given in Eq.28 to transform this probability map into a binary mask.

𝑀(𝑥,𝑦) = {1, 𝑃 (𝑥,𝑦) ≥ 𝜏
𝑜, 𝑃 (𝑥,𝑦) < 𝜏 (28)

Where 𝜏 is a predefined threshold (e.g., 0.5). This operation will split foreground (fracture) and background pixels.
Morphological operations are used for the removal of small artifacts and to fill up the minor discontinuities. Morphological
closing fills small gaps of fracture regions specified by Eq.29:

𝑀•𝐵= (𝑀⊕𝐵)⊖𝐵 (29)

Where 𝐵is the structuring element,⊖denotes erosion and ⊕denotes dilation. This helps to maintain continuity of either a
thin fracture area or a thin fractured area. Then connected component filtering is applied to eliminate small regions that are
anatomically implausible. The area of each connected component 𝐶𝑘is computed as defined as Eq.30.

𝐴𝑘 = ∑(𝑥,𝑦)∈𝐶𝑘
1 (30)

Any component with an area less than a certain minimum is rejected. Lastly, smoothing can be performed on the jagged
boundaries which are defined as Eq.31 for smoothing:

𝐺(𝑥,𝑦) = 1
2𝜋𝜎2 𝑒−

𝑥2 +𝑦2

2𝜎2 (31)

This sequence progresses will remove noise,mask coherence and is for anatomically consistent fracture segmentation outcomes.
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2.11 Proposed Segmentation algorithm of Attention U-Net

Algorithm 2: Segmentation algorithm of Attention U-Net
Input: RGB medical image (H×W×3)
Encoder with 4 down-sampling stages

• Each stage: Conv → BatchNorm → ReLU → Conv → BatchNorm → ReLU
• Max-Pooling (2×2) after each stage
• Feature channels increase: 64 → 128 → 256 → 512

Bottleneck: ConvBlock expanding to 1024 channels
Decoder with 4 up-sampling stages

• Transposed Convolution for up-sampling
• Attention Gates applied on encoder skip features
• Concatenation of gated encoder features with decoder features
• ConvBlock refinement at each stage

Final Layer: 1×1 Convolution
Output: Single-channel segmentation mask

2.12 Proposed Segmentation algorithm of Residual U-Net (ResUNet)

Algorithm 3: Segmentation algorithm of Residual U-Net (ResUNet)
Input: RGB medical image (H×W×3)
Encoder with 4 down-sampling stages

• Each stage uses Residual Blocks with shortcut connections
• Two Conv → BatchNorm → ReLU operations + Identity Add
• Max-Pooling (2×2) after each stage
• Feature channels increase: 64 → 128 → 256 → 512

Bridge/Bottleneck: Two stacked Residual Blocks expanding to 1024 channels
Decoder with 4 up-sampling stages

• Transposed Convolution for up-sampling
• Skip-connection concatenation with encoder features
• Two Residual Blocks for feature refinement at each stage

Final Layer: 1×1 Convolution
Output: Single-channel pixel-wise segmentation map

2.13 Model Classification Measures

Theproposed framework performancewas assessed by classification and segmentationmetrics. Fracture detection performance
was evaluated using Accuracy, Precision, Recall (Sensitivity), F1 score, ROC–AUC and Cohen’s Kappa for classification. The
accuracy is the overall prediction correctness, the Precision is the reliability of fracture prediction, the Recall is the ability to
identify true fractures, F1 score is a compromise between Precision andRecall, ROC–AUC is the assessment of class separability,
and Cohen’s Kappa is the assessment of the agreement beyond chance. Additionally, a ConfusionMatrix was created to evaluate
the True Positives, True Negatives, False Positives, and False Negatives. IoU, Dice Coefficient, Pixel Accuracy, Precision and
Recall were used to measure the overlap and accuracy between the predicted fracture area and the ground truth annotations

https://www.indjst.org/ 1682

https://www.indjst.org/


Chauhan et al. / Indian Journal of Science and Technology 2026;19(24):1671–1691

for segmentation. The mathematical expressions for these metrics are given in Eqs. (32)– (36)

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇 𝑃 +𝑇 𝑁
𝑇 𝑃 +𝑇 𝑁 +𝐹𝑃 +𝐹𝑁 (32)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 +𝐹𝑃 (33)

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇 𝑃
𝑇 𝑃 +𝐹𝑁 (34)

𝐹1 = 2× 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑅𝑒𝑐𝑎𝑙𝑙 (35)

𝐶𝑜ℎ𝑒𝑛′𝑠 𝐾𝑎𝑝𝑝𝑎 = 𝑝𝑜 −𝑝𝑒
1−𝑝𝑒

(36)

These measurements can be used together to provide a comprehensive evaluation of the accuracy of diagnostic detection and
anatomical localization, and thus validate the system’s clinical reliability and effectiveness.

3 Results and Discussion

3.1 Result Analysis
In this section, the proposed framework is assessed on two datasets, the MURA dataset and FracAtlas dataset. It compares the
classification result of MSD abnormality detection and fracture identification with other classification result, and classification
result accuracy to locate the fractures precisely. All the tests are run with Pytorch and on both datasets and with Nvidia graphics
processors and Intel Xeon E5-2600 v4 3.60GHz central processing units (CPUs). Anatomic variation MURA and fracture
variability FracAtlas, are the data-specific attributes that have been discussed. Training behaviour, diagnostic measures, and
post-processing performance are used to assess the system’s ability to convert deep learning predictions into practical clinical
information and quantitative fracture measurements.

3.2 Experiments with MURA dataset
TheMURAdataset was used to evaluate the proposedVGG19–AlexNet AdaptiveHybridCNN formusculoskeletal abnormality
classification. After preprocessing and SMOTE-based balancing, the dataset contained 18,177 samples, which were divided into
training and testing sets. As shown in Table 2, the model attained excellent performance with a testing accuracy of 99.63%, F1-
score of 99.73%, Cohen’s Kappa of 99.15%, and ROC-AUC of 99.996%. Furthermore, Figure 4 demonstrates stable training
behavior, with rapid convergence, decreasing loss, and minimal overfitting, confirming the strong generalization capability of
the proposed model.

Table 2. Classification performance of the proposed vgg19-alexnet adaptive hybrid cnn on the mura dataset
Metric Accuracy Precision Recall (Sensitivity) F1 Score Cohen’s Kappa Specificity ROC AUC Score
Training Value 0.99907 0.99938 0.99922 0.99930 0.99792 0.99878 0.99999
Testing Value 0.99629 0.99515 0.99939 0.99727 0.99148 0.98976 0.99996

As shown in Figure 4, the model’s robustness is also evident in rendering examples of its qualitative output, the ROC
curve, and the confusion matrix. The confusion matrix shows that there are 3,282 positive results and 1,547 negative
results, with a sensitivity of 0.9994 and a specificity of 0.9898. There are only 16 false positives and 2 false negatives . The
ROC curve has an AUC of 0.99996, which implies good discriminatory power over all thresholds. Figure 5 also shows 2
representative radiographs correctly classified ”Predicted:Negative” (normal anatomical structures).One of the images depicts a
posteroanterior radiograph of the wrist where cortical margins are intact, bone density is normal and joint spaces are preserved,
whereas the other image depicts a lateral radiograph of the elbow where the humerus, radius and ulna are aligned properly and
no abnormalities.The forecasts were produced with a forecasting time of approximately 5 seconds per step and this was a viable
computational capacity. This specificity is of essential relevance since it helps to lower the frequency of false positive tests and
the efficiency of the clinical radiology procedure.
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Fig 4. Confusion matrix and ROC curve of proposed hybrid model on MURA dataset

Fig 5.Output images with their predicted labels

3.3 Experiments with FracAtlas Dataset

The performance of the proposed fracture analysis framework is summarized in Table 3 for the FracAtlas dataset with the
transfer learning–based classification model and the Attention-ResUNet segmentation model. The classification model, which
is based on the baseline architectures of EfficientNet, ResNet, and DenseNet, achieved an accuracy of 91.03%, precision of
0.7431, recall of 0.7500, F1-score of 0.7465, and anAUC–ROCof 0.9346, which exhibited good performance in terms of fracture
detection and class separability. The Attention-ResUNet, in terms of localization, obtained a Dice score of 0.3843 ± 0.2436 and
an IoU score of 0.2663 ± 0.1907. Although the segmentation task is still difficult because of the low size of the fracture areas
and the low contrast of the images, the pixel accuracy of the model was high (0.9902). Additionally, the segmentation recall
(0.6484) was higher than the segmentation precision (0.3046), signifying that the algorithm was able to identify the regions of
fractures with a high rate of success, but also with some false-positive predictions. Overall, the suggested system has excellent
fracture detection performance and reasonable localization capabilities. Figure 6 presents the Confusionmatrix and ROC curve
obtained from the transfer learning-based fracture classification model on the FracAtlas dataset. The confusion matrix shows
that most cases of non-fracture and fracture were correctly classified, and the ROC curve had an AUC of 0.9346, which is
excellent and has a good discrimination ability and performance in fracture detection.

In fracture segmentation, the Attention-ResUNet model exhibited stable and well-aligned training and validation
performance throughout the training process. Over 12 epochs, both training and validation losses gradually reduced from
around 0.66 to below 0.50, showing good convergence without much overfitting as shown in Figure 7. Likewise, the Dice Score
and Intersection over Union (IoU) also steadily improved up to about 0.35–0.40 and 0.22–0.26, respectively, in the last epochs.
These values are considered to be moderate values in respect to segmentation performance, but the segmentation of fracture
regions is not easy in radiographs because the fracture regions are small, irregular, and have low contrast. The progressive
decrease of the learning rate also played a role in stable optimization and better generalization of the model. In summary, the
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Table 3. Performance Summary on the FracAtlas Dataset
Metric Classification Segmentation
Accuracy 0.9103 0.9902 (Pixel Accuracy)
Precision 0.7431 0.3046
Recall (Sensitivity) 0.7500 0.6484
F1 / Dice Score 0.7465 (F1 Score) 0.3843 ± 0.2436 (Dice)
IoU Score — 0.2663 ± 0.1907
AUC–ROC 0.9346 —

Fig 6. Confusion matrix and ROC curve of FracAtlas classification using TL models

Fig 7. Train/Val/Learning Rate curve of FracAtlas Segmentation using Attention with ResUNet
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Attention-ResUNet model proved to be capable of accurately localizing fractures, and the improvement of data augmentation,
training methods, and network structure could also improve the accuracy of clinical grade fracture segmentation.

Tables 4- 7 provide the quantitative fracture analysis and overall performance of proposed framework. A representative
fracture measurement report is provided in Table 4 and consists of fracture area, perimeter, length, width (dimensions of
the fracture), aspect ratio, orientation (direction of the fracture), centroid location, and shape descriptors. Table 5 shows that
there is substantial variation in fracture size and morphology amongst the different fracture samples. Spatial and structural
features, such as orientation, eccentricity, compactness, convexity, centroid coordinates and skeleton length, are summarized
in Table 6 and demonstrate the ability of the framework to represent fracture geometry and anatomical alignment. As
presented in Table 7, the overall performance of the fracture detection system is excellent with high classification accuracy
(Accuracy: 91.03%, AUC: 93.46%), good fracture localization (Dice: 0.384, IoU: 0.266, Pixel Accuracy: 99.02%), good fracture
morphometric measurement extraction, and excellent structured visual report generation. All of these findings suggest that the
proposed framework is not only capable of detecting and localizing fractures but also offers clinically meaningful quantitative
measurements and all-in-one diagnostic reporting.

Table 4. Detailed Fracture Measurement Report
Category Metric Value
Detection Summary Number of Fracture Regions 2

Overall
Measurements

Total Area 809 pixels (202.25 mm2)
Perimeter 150.7 pixels (75.36 mm)
Length 159.6 pixels (79.78 mm)
Width 23.6 pixels (11.81 mm)
Aspect Ratio 6.76
Orientation −5.6∘

Centroid (121.9, 111.5)

Shape Metrics

Eccentricity 0.511
Compactness 0.448
Convexity 0.253
Skeleton Length 10.50 mm

Table 5. Fracture Size and Geometric Measurements
Sample ID No. of Regions Area (pixels) Area (mm2) Length (mm) Width (mm) Perimeter (mm) Aspect Ratio
1 2 809 202.25 79.78 11.81 75.36 6.76
2 2 283 70.75 24.00 7.50 39.92 3.20
3 1 908 227.00 23.42 12.68 65.48 1.85
4 1 1235 308.75 37.27 16.92 110.79 2.20
5 1 783 195.75 19.76 12.33 57.16 1.60
6 1 535 133.75 14.98 10.73 43.63 1.40
7 1 318 79.50 9.50 9.50 31.85 1.00
8 1 108 27.00 7.50 4.00 19.49 1.88
9 2 1222 305.50 78.58 17.65 95.84 4.45
10 1 380 95.00 11.30 9.90 35.80 1.14

3.4 App Development for Fracture Analysis

A mobile-based Fracture Analysis Application was developed to translate the proposed AI framework into a practical clinical
support tool.The frontend was developed with Flutter and the inference engine, real-time fracture detection, segmentation and
extraction of quantitative measurement, was done in the backend using FastAPI. Users can upload X-ray images via the mobile
interface, and the images are securely processed by the models in the backend.

In the case of normal, the application will show a green diagnostic screen which contains the classification result, confidence
score, and a brief clinical summary as shown in Figure 8. The user-friendly interface gives a report without fracture, which

https://www.indjst.org/ 1686

https://www.indjst.org/


Chauhan et al. / Indian Journal of Science and Technology 2026;19(24):1671–1691

Fig 8. Mobile application interfaces for automated fracture analysis showing normal-case diagnosis, fracture detection, quantitative
measurements, and structured clinical reporting
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Table 6. Fracture Location, Shape and Structural Metrics
Sample ID Orientation (∘) Eccentricity Compactness Convexity Centroid X Centroid Y Skeleton Length (mm)
1 -5.63 0.511 0.448 0.253 121.88 111.52 10.5
2 -88.01 0.527 0.558 0.505 162.64 148.50 1.5
3 -44.31 0.868 0.665 0.954 26.15 131.24 26.5
4 -95.79 0.878 0.316 0.694 136.34 117.47 46.0
5 -79.18 0.816 0.753 0.970 125.70 116.88 15.0
6 -19.88 0.713 0.883 1.042 101.97 120.44 6.5
7 -116.57 0.263 0.985 1.074 52.15 185.67 1.5
8 -18.76 0.878 0.894 1.174 105.52 36.07 5.5
9 5.97 0.787 0.418 0.325 140.66 94.99 26.0
10 -101.33 0.625 0.932 1.061 165.57 111.08 5.0

Table 7. Final Selected Classification Backbone: EfficientNet-B0 (Best Performing Individual Model)
Component Model / Output Key Results
Classification EfficientNet-B0 Accuracy: 91.03%, F1: 74.65%, AUC: 93.46%
Segmentation U-Net + ResNet34 Dice: 0.384, IoU: 0.266, Pixel Acc: 99.02%
Fracture Measurements Morphological Analysis Area, Length, Width, Orientation, Shape metrics
Outputs Generated Visual & Reports Mask overlays, annotated images, text reports, CSV summaries

Deployment Files
Classification Model File classification_model.pth
Segmentation Model File segmentation_model.pth
Configuration Files model_config.json, pipeline_config.json

enables clinical reassurance.The segmentation andmeasurement pipeline is automatically triggered for fracture-positive cases.
The application creates fracture masks and provides quantitative parameters for fractures such as fracture length, width, area,
orientation, and centroid location. Results are displayed in an intuitive, red alert interface that displays fracture visualization,
confidence indicators, quantitative measurements, technical image details and structured diagnostic reporting. The automated
fracture detection, segmentation, quantitative analysis, and clinical reporting are seamlessly integrated within the Flutter–
FastAPI framework. The deployment illustrates the real-world utility of the proposed system for clinical support applications,
telemedicine and health research applications.

This study introduces a comprehensive, clinically diverse, selective design of deep learning for the task of automated fracture
detection, localization and quantitative analysis of radiographic images.The systemprovided is a hierarchical fracture detection,
attention-based segmentation and morphometric measure extraction in one pipeline, rather than the traditional approaches
of fracture detection with a classification process and segmenting with a segmentation process. The hybrid VGG19AlexNet
Adaptive CNN demonstrated almost perfect performance on the MURA wrist dataset (accuracy: 0.9963), proving that it can
be trained to learn the discriminative features of the MSD. The transfer-learning classifier was able to achieve high accuracy
(0.9103) onmore difficult FracAtlas data, showing good generalization between the dynamics of anatomical regions and imaging
conditions.Despitemoderate segmentationDice and IoU scores, themodel had been able to localize fracture regions sufficiently
to follow by downstream quantitative analysis, and as such reminded the clinical importance of using both detection and
structural assessment rather than relying on classification alone.

The emphasis on interpretability and application to translation is an important contribution of the work. The clinical
parameters that are obtained from the post-segmentation morphological analysis are fracture length, width, orientation, area
and skeletal continuity. The measurements give objective parameters for use in decision making in orthopedic cases, fracture
severity grading, and long-term monitoring. Also, the implementation of the AI pipeline in a future analysis application based
on Flutter and FastAPI demonstrates the likelihood of real-time clinical use.The proposed hybrid classificationmodel generates
a better recall accuracy, and F1 score when compared to the existing CNN and ensemble-based classifiers, which demonstrate
higher sensitivity of fracture detection. Several past studies (Table 8) yielded high-quality results on filtered datasets, but they
lacked quantitative fracture characterization and did not support infrastructure for implementation. This is being addressed
by the current system, which offers high diagnostic performance and easy to explain outputs, as well as automated reporting,
enhancing the role of computer-aided musculoskeletal imaging.
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Table 8. Comparison among proposed and existing baseline models for fracture classification
Reference Model Accu-

racy
Preci-
sion

Recall F1
Score

Cohen’s
Kappa

AUC
Score

App

Our Proposed
Model

VGG19–AlexNet Adaptive Hybrid
CNN (Proposed)

0.996 0.995 0.999 0.997 0.991 0.990 ×

He, Wang &
Zhao (18)

MSCNN-GCN 0.952 N/A N/A 0.969 0.936 N/A ×
DenseNet169 0.951 N/A N/A 0.968 0.931 N/A ×

Singh et al. (8)

Res+Dense 0.920 0.950 0.820 N/A 0.820 0.970 ×
Calibrated Model 0.920 0.960 0.870 N/A 0.820 0.970 ×
ResNet 0.900 0.940 0.810 N/A 0.800 0.970 ×
ConvNet 0.890 0.920 0.750 N/A 0.760 0.930 ×
DenseNet 0.890 0.920 0.800 N/A 0.770 0.950 ×

Chawla &
Kapoor (23)

ComDNet-512 0.894 0.860 0.940 0.890 0.788 0.890 ×

Dahal, Thapa &
Panth (24)

Ensemble 0.885 0.871 0.857 0.892 0.770 0.927 ×

Liang & Gu HRD-Model 0.867 0.823 0.906 0.812 0.767 0.940 ×

Mehr (19)

ResNet152 0.852 0.913 0.742 0.819 0.696 N/A ×
ResNet101 0.848 0.901 0.744 0.815 0.688 N/A ×
VGG16 0.846 0.917 0.721 0.808 0.682 N/A ×
ResNeXt50 0.844 0.893 0.742 0.810 0.680 N/A ×
VGG19 0.844 0.907 0.727 0.807 0.679 N/A ×
ResNet34 0.842 0.905 0.725 0.805 0.675 N/A ×
MobileNetV2 0.837 0.896 0.721 0.799 0.665 N/A ×
ResNet50 0.838 0.910 0.710 0.798 0.666 N/A ×
VGG-16 + ViT 0.828 0.780 0.880 N/A N/A N/A ×

Chawla &
Kapoor (23)

Inception V3 0.787 0.854 0.632 0.727 0.558 N/A ×
InceptionResNetV2 0.776 0.840 0.720 0.780 0.550 N/A ×
DenseNet201 0.765 0.840 0.690 0.760 0.530 N/A ×

Although the proposed Attention-ResUNet achieved satisfactory localization performance, the moderate Dice and IoU
scores indicate that precise delineation of fracture boundaries remains challenging due to extremely thin fracture lines, low
image contrast, irregular anatomical structures, and annotation variability within the FracAtlas dataset. Future research may
improve boundary refinement through deep supervision, where auxiliary loss functions are applied at multiple decoder levels
to encourage accurate multi-scale feature learning. In addition, boundary-aware loss functions and edge-guided refinement
modules could further improve localization of fine fracture contours. Recently, transformer-based segmentation models,
including Vision Transformers (ViTs), Swin Transformers, and hybrid CNN-transformer architectures, have demonstrated
superior capability in modeling long-range contextual dependencies while preserving global anatomical information.
Integrating transformer attention with the proposed framework may substantially improve fracture boundary localization,
particularly for subtle cortical discontinuities and complex fracture morphologies.

Limitations: Although the proposed framework achieved strong fracture detection and analysis performance, several
limitations remain. The moderate Dice and IoU scores reflect the difficulty of accurately segmenting small, irregular, and low-
contrast fracture regions. It is based on publicly available datasets that do not necessarily reflect the full clinical variability.
Furthermore, synthetic class balancingmight not fully reflect the natural fracture distribution andmulticenter clinical validation
is still needed. Future work will focus on larger multicenter datasets, transformer-based attention mechanisms, uncertainty-
aware prediction, self-supervised learning, advanced data augmentation, and PACS/DICOM integration to improve localization
accuracy, scalability, and clinical deployment readiness.

Novelty of the Proposed Framework: The novelty of this work is the creation of an integrated and clinically oriented
framework for fracture analysis that encompasses abnormality classification, fracture localization, quantitative morphometric
analysis and structured reporting in a single pipeline. In contrast to most of the previous works which focus on either the
classification of the fracture or the segmentation, the proposed framework combines hierarchical abnormality screening based
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on a VGG19–AlexNet Adaptive Hybrid CNN with abnormality segmentation based on Attention-ResUNet and automated
geometric measurement extraction. Another unique feature is the ability to provide clinically relevant outputs such as
fracture area, length, width, orientation, centroid location, shape descriptors, probability heatmaps, and structured diagnostic
reports. Furthermore, the complete system when deployed into the mobile application created using the Flutter and FastAPI
frameworks demonstrates the potential of this proposed solution for clinical application, beyond the algorithmic evaluation.
Theproposed framework is special in that itmerges detection, localization, quantitative evaluation and contextualized reporting
for deployment.

Discussion:The experimental results show the effectiveness of the proposed framework for the automated fracture analysis.
The VGG19–AlexNet Adaptive Hybrid CNN achieved a classification accuracy of 99.63% and AUC of 0.9999 on the MURA
dataset, while the transfer learning model attained 91.03% accuracy and 0.9346 AUC on the FracAtlas dataset. The Attention-
ResUNet provided reliable fracture localization despite the challenges of segmenting small and low-contrast fracture regions.
Unlike existing studies that focus mainly on fracture detection, the proposed framework additionally performs quantitative
fracture characterization, interpretable visualization, and structured reporting. The successful deployment of the system in
a mobile application further demonstrates its potential for clinical decision support, telemedicine, and real-time fracture
assessment.

Compared with recent AI-based fracture analysis studies, the proposed framework demonstrates several important advan-
tages. Recent investigations have shown that transfer learning and deepCNNarchitectures provide high fracture detection accu-
racy but remain largely focused on image-level classification without comprehensive quantitative characterization (10), (11), (6).
Similarly, recent wrist fracture detection studies have demonstrated effective fracture classification; however, these approaches
do not integrate pixel-level localization with automated morphometric measurements (9), (12).

4 Conclusion
This study aimed to establish and clinically interpret a new DL framework for automated fracture detection, localization, and
quantitative analysis fromX-ray images.The proposed frameworkwas implemented in the three components: VGG19–AlexNet
AdaptiveHybridCNN formusculoskeletal abnormality classification, Attention-ResUNetmodel for fracture segmentation, and
automated morphometric analysis module for fracture characterization and structured reporting, which successfully achieved
this objective. This is one of the novelties of the work as it combines classification, localization, extraction of quantitative
measurements, and mobile-based deployment within one end-to-end diagnostic pipeline, surpassing traditional methods that
deal with classification or segmentation alone. Experimental results have shown good performance with the hybrid classifier
outperforming with 0.9963 accuracy and 0.9973 F1-score for the MURA set, and the FracAtlas classifier with an accuracy of
0.9103 and an AUC of 0.9346. In addition, the effectiveness of the Attention-ResUNet segmentation model was demonstrated
by obtaining a Dice score of 0.384 and a pixel accuracy of 0.9902, which allowed for reliable localization of fractures and
downstream extraction of clinically relevant measurements such as fracture area, length, width, orientation, centroid location,
and shape descriptors. The successful implementation of the framework in a mobile application (Flutter–FastAPI) further
highlights its applicability in clinical support, telemedicine, and healthcare research. Multi-center clinical validation, finding
the location of fractures through the use of a transformer, uncertainty-aware prediction mechanisms, integration of the
PACS/DICOM and optimization of the deployment in real-time will be the focus of future work. Future intelligent fracture-
analysis systems should integrate multiple AI technologies, such as explainable AI, quantitative morphometric evaluation, and
clinical workflow integration, to improve reliability, interpretability, and decision support in orthopedics.
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