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Abstract.  Rib fractures are among the most common skeletal injuries in blunt thoracic trauma and are associated with serious
respiratory complications, especially when multiple fractures are present.  Accurate and rapid identification of fracture type and
location  is  critical  for  treatment  planning  and  prevention  of  potential  complications.  However,  manual  assessment  of  chest
computed tomography (CT) images is time-consuming and prone to error. In this study, we propose a two-stage deep learning
framework for automatic rib segmentation and fracture type classification on chest CT images. In the first stage, rib structures
are segmented using an enhanced U-Net-based  model  with a multi-encoder design trained on an expert-annotated chest CT
dataset. The results show that the model achieves high segmentation performance in terms of  Dice Similarity Coefficient (DSC)
and Intersection over Union (IoU). In the second stage, fracture-centered image patches extracted from the RibFrac dataset are
classified into four fracture types using an ensemble classifier that exploits the outputs of multiple convolutional neural networks.
Experimental results demonstrate that the proposed approach attains an accuracy above 99 percent  in fracture classification,
outperforming individual models and recent methods in the literature. Overall, the findings indicate that the proposed two-stage
deep learning framework can reliably model rib anatomy and fracture types and has the potential to be integrated into future
clinical workflows as a computer-aided decision-support system.
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1. INTRODUCTION 
Rib fractures are among the most common skeletal injuries 
encountered after motor vehicle collisions, falls from a height, 
and blunt thoracic trauma; even a single fracture can cause 
severe pain and respiratory limitation, whereas multiple 
fractures may lead to life-threatening complications such as 
pneumothorax, hemothorax, and pulmonary contusion [1]. 
Therefore, early and accurate identification of the fracture type 
and its anatomical location is critical for determining the 
treatment strategy, optimizing the clinical course and 
preventing potential complications. Although plain radiography 
and computed tomography (CT) are most frequently used for 
the diagnosis of rib fractures, the superimposition of ribs on X-
ray images can cause especially small or non-displaced 
fractures to be overlooked. In contrast, CT delineates the three-
dimensional anatomy of the ribs and surrounding soft tissues in 
detail and thereby facilitates fracture detection; however, the 
manual assessment of a large number of high-resolution slices 
is time-consuming, fatiguing, and error-prone for radiologists. 
This has progressively increased the demand for artificial 
intelligence-based automatic decision support systems that can 
evaluate rib fractures on CT images rapidly, accurately, and in 
a reproducible manner. 

In recent years, deep learning-based methods have come to the 
forefront in medical imaging segmentation and classification 
tasks due to their high accuracy and generalizability. In 
particular, convolutional neural networks (CNNs) enriched 
with multi-scale feature extraction, attention mechanisms, and 
three-dimensional analysis modules have been widely adopted 
for the segmentation of rib structures and the automatic 
detection of fracture foci in chest CT images. Contemporary 
studies on rib fracture analysis simultaneously propose end-to-
end detection and classification frameworks and advanced 
architectures dedicated to rib and fracture segmentation, 
thereby enabling the extraction of multi-level information 
regarding both the presence of lesions and their type and clinical 
relevance. 
In the context of automatic detection and clinically meaningful 
subtype classification of rib fractures, various deep learning 
frameworks have been proposed. Marting et al. introduced a 
triple Retina U-Net architecture that combines RetinaNet and 
U-Net to classify trauma-related rib fractures according to the 
Chest Wall Injury Society (CWIS) system, achieving an F1 
score of 0.83 for fracture detection and 94% accuracy for rib 
numbering, thereby demonstrating that CWIS-based 
stratification can be implemented within a single end-to-end 
framework [2]. Li et al. designed a You Only Look Once 
version 8 (YOLOv8)-based model enhanced with an attention *e-mail: dogus.gulgun@toros.edu.tr  
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module to assess the severity of acute rib fractures; their 
approach simultaneously performed fracture localization and 
grading into mild and severe categories and achieved an F1 
score of 0.948 on the development set, indicating that deep 
learning can be effectively adapted to fracture severity 
classification [3]. Wang et al. reported that an extended U-Net-
based system trained on a large patient cohort yielded a 
sensitivity of 93.3% and a specificity of 98.8% at the rib level, 
and provided a marked gain in sensitivity compared with 
experienced radiologists, highlighting the potential of artificial 
intelligence models as second readers to reduce missed 
fractures [4]. Similarly, Li et al. developed the Fresh Rib 
Fracture Detection and Positioning System (FRF-DPS), which 
combines extended U-Net-based rib segmentation with fracture 
detection and localization modules, achieving an F1 score of 
0.923 and 99.7% accuracy in anatomical localization; notably, 
the system was able to detect small and non-displaced acute 
fractures with high sensitivity [5]. The Composite Attention 
Residual U-Net (CAR-U-Net), which integrates attention 
mechanisms into the U-Net architecture, employs composite 
channel-wise and spatial attention modules to emphasize 
fracture regions, thereby improving the F1 score and reducing 
the false-positive rate compared with conventional U-Net 
variants [6]. CenterNet-based models using multi-scale heat-
map pyramids have been proposed to enhance the detection of 
small and slender fractures, outperforming popular detection 
networks such as Faster R-CNN and YOLOv5 in terms of 
higher mean accuracy and lower false-positive rates [7]. The 
end-to-end system developed by Yang et al. integrates 
CenterNet-based detection, a bidirectional long short-term 
memory (LSTM)-enhanced U-Net for segmentation and 
cascaded ResNet-34 classifiers within a single pipeline. It 
achieved an F1 score of 0.827 for fracture detection, 87.6% 
accuracy in distinguishing acute from chronic fractures and 
95.2% accuracy in differentiating displaced from non-displaced 
acute fractures, demonstrating that both anatomical localization 
and clinical subtype classification can be jointly addressed 
within one unified framework [8]. 
Another line of research focuses on advanced segmentation 
architectures that can precisely distinguish rib and fracture 
structures at the pixel level. Liu et al. proposed a UX-Net-based 
Multi-Stream and Multi-Scale Fusion UXNet (M2SUXNet) 
model, which combines multi-stream encoders with multi-scale 
feature fusion. On the RibFrac dataset, their approach achieved 
a Dice score of 75.34% and a precision of 93.79% for fracture 
segmentation, demonstrating that the proposed architecture can 
better capture small and irregularly shaped fractures [9]. Cao et 
al. introduced the Shape-Aware FracNet (SA-FracNet) 
architecture, which integrates contrastive representation 
learning on a large number of unlabeled CT images with 
downstream fracture detection and segmentation tasks; they 
reported a sensitivity of 92.6% for fracture detection and a Dice 
score of 75.46% for segmentation, thereby highlighting the 
performance gains provided by shape-aware learning strategies 
in small and complex lesions [10]. Jin et al. released the RibSeg 
v2 dataset, consisting of CT scans from 660 patients with 
expert-validated rib annotations, together with an 

accompanying method toolkit; they achieved a Dice score of 
90.5% and a labeling accuracy of 91.5% for rib segmentation 
and at the same time, established a large-scale, standardized 
benchmark platform for the rib segmentation field [11]. 
Similarly, comparative studies in the field of bone segmentation 
indicate that architectural choices are also decisive for the 
analysis of more complex injuries such as rib fractures. 
Krawczyk and Starzyński compared FCN, PSPNet, U-Net and 
SegNet architectures on pelvic CT images and showed that a 
ResNet-50-based U-Net achieved an IoU of 92.87% and a Dice 
score of 96.31% for the bone class, demonstrating that deep 
convolutional networks provide a robust basis for reliably 
separating bony structures from surrounding soft tissues [12]. 
These findings suggest that U-Net-based encoder-decoder 
architectures constitute a flexible and extensible starting point 
for tackling more complex segmentation and classification 
problems related to rib fractures. 
The existing literature clearly demonstrates that rib fractures 
can be automatically analyzed on CT images and classified into 
clinically meaningful subtypes. However, precise classification 
of fracture types and accurate segmentation of rib structures 
remain challenging due to factors such as data heterogeneity, 
variability in fracture size and shape and imbalance between 
lesion and background regions. In this study, we propose a two-
stage deep learning-based framework operating on CT images 
to mitigate these challenges. In the first stage, automatic 
segmentation of rib structures is performed using CT scans that 
have been manually masked by an expert physician. In the 
second stage, a classification module leveraging the multi-class 
fracture labels provided within the RibFrac dataset is employed 
to distinguish the type of each fracture. The architectures used 
in the segmentation and classification stages are task-specific 
and configured to achieve high accuracy in their respective 
tasks. In this way, trauma-related rib fractures are analyzed 
within a unified deep learning framework at both the structural 
and fracture-type levels. In the following sections, we describe 
the datasets used, the proposed architectural design, the 
experimental setup, and the obtained results in detail. We then 
discuss these findings in comparison with the existing literature. 

2. MATERIALS AND METHODS 
In this section, we present the technical details of the proposed 
two-stage deep learning framework. In the first stage, rib 
structures are segmented; in the second stage, the detected 
regions are classified according to fracture type. The datasets 
used, preprocessing steps, model architectures, training 
procedures, evaluation metrics, and implementation 
environment are described in dedicated subsections to support 
the reproducibility of the study. 

2.1. Dataset 
In this study, two different chest CT datasets were used for rib 
segmentation and fracture classification. In this subsection, the 
characteristics of these datasets are presented in detail under 
separate headings. For both datasets, the image preprocessing 
steps described in the following sections were applied to render 
them suitable for training the proposed models. 
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2.1.1. Chest CT Segmentation Dataset 
The Chest CT Segmentation dataset consists of 8-bit grayscale 
chest CT slices with a resolution of 512×512 pixels, 
accompanied by segmentation masks that annotate anatomical 
structures such as the lungs, heart and trachea in separate 
channels [13]. In this study, a total of 2774 images suitable 
specifically for rib segmentation were selected and rib masks 
were manually generated in Adobe Photoshop by an expert 
radiologist from Mersin University Faculty of Medicine. This 
curated subset was used for training and testing the 
segmentation model. 
2.1.2. RibFrac Dataset 
The RibFrac dataset is a large medical image collection 
comprising chest CT scans from 660 patients, with 
annotations that categorize rib fractures into four classes: 
Buckle, Displaced, Non-Displaced and Segmental [14]. The 
images are provided as three-dimensional “.nii.gz” volumes 
in which fracture regions are explicitly labeled in the 
corresponding annotation files. In this study, only the training 
and validation subsets containing labels were used for training 
the classification models; the test subset was excluded 
because ground-truth annotations are not available. 

2.2. Data Preprocessing 
In this section, we summarize the image processing and data 
augmentation steps applied to both chest CT datasets. These 
procedures were systematically designed and executed to 
enhance data quality and improve the performance of the 
models. 
2.2.1. Preprocessing of the Chest CT Segmentation Dataset 
For training the segmentation model, 2774 images suitable 
specifically for rib segmentation were selected from the Chest 
CT Segmentation dataset and a rib mask for each image was 
manually created in Adobe Photoshop by an expert radiologist 
from Mersin University Faculty of Medicine. Among this 
curated subset, 2219 images were assigned to the training set 
and 555 to the test set. First, all images were converted to 
grayscale, and pixel intensities were normalized to span from 
0 to 255 using min–max scaling. Next, a piecewise intensity 
transformation was applied to emphasize bony structures: 
pixels with intensities between 0 and 50 were multiplied by 
0.75, those between 50 and 100 by 0.85, those between 150 
and 200 by 1.15, and those between 200 and 255 by 1.25. 
To increase data diversity, only the training subset was 
augmented using horizontal and vertical flipping, random 
rotation and scaling, brightness and contrast adjustments, 
gamma correction and adaptive histogram equalization, 
expanding the 2219 training images to 5000 samples [15]. The 
test set was left in its original form without any augmentation. 
In the final step, all images were converted to three-channel 
red-green-blue (RGB) format, resized to 256×256 pixels and 
normalized using the ImageNet mean and standard deviation. 
In this way, the model was trained and evaluated on a total of 
5555 images. Figure 1 illustrates an example chest CT slice 
from the Chest CT Segmentation dataset and its 
corresponding rib mask after the preprocessing steps. 
 
 

2.2.2. Preprocessing of the RibFrac Dataset 
For the classification model, the RibFrac dataset was used, 
which contains three-dimensional chest CT volumes in 
“.nii.gz” format and corresponding annotation files that 
delineate fracture regions for 660 patients. The dataset is 
organized into four main subsets: two training sets, one 
validation set and one test set. Each patient volume contains, 
on average, 330 axial CT slices. In this study, only the training 
and validation subsets with available labels were considered. 
The annotation files provide both the rib-level location of the 
fracture and the corresponding fracture type. During 
preprocessing, two-dimensional slices containing fractures 
were extracted from the volumes using the annotation 
coordinates and rib-centered patch images of size 128×128 
pixels were generated by cropping around the fracture focus. 
To enhance image quality, all patches were first converted to 
grayscale, followed by application of contrast-limited 
adaptive histogram equalization (CLAHE) for contrast 
enhancement and unsharp masking to sharpen bone and edge 
details [16]. Because the raw class distribution was 
imbalanced, 2000 images from each class (8000 images in 
total) were reserved for testing and the remaining training 
samples were augmented using horizontal/vertical flipping, 
random rotation and scaling, brightness/contrast adjustment, 
affine transformations and jittering, yielding a balanced 
training set with 10000 images per class across the four 
classes. To prevent data leakage, the train-test split was 
performed at the patient level, ensuring that images from the 
same patient were not included in both sets. These 
augmentation procedures were applied only to the training 
data, while the test images were kept in their original form. 
Example fracture-centered CT patches obtained after 
preprocessing are shown in Fig. 2. 

2.3. Model Architecture 
In this study, we propose a two-stage deep learning 
architecture for automatic rib segmentation and fracture type 
classification on chest CT images. In this section, we first 

 
Fig.1. Example image from the Chest CT Segmentation dataset and 
its corresponding mask 
 

 
Fig.2. Example fracture-centered patch images from the RibFrac 
dataset 
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describe the segmentation model used to extract rib structures, 
and then summarize the classification model architecture 
designed to predict the fracture types under separate 
subsections. 
2.3.1. Segmentation Model 
For automatic extraction of rib structures from CT images, we 
propose a triple-fusion model based on U-Net++, in which 
three different encoder architectures are integrated within a 
single framework [17]. The model takes as input the 
preprocessed and augmented three-channel chest CT images 
of size 256×256 pixels obtained from the Chest CT 
Segmentation dataset described in the previous section and 
consists of three parallel U-Net++ branches, each producing a 
binary segmentation mask. The encoder parts of these 
branches are implemented using ResNet-50, EfficientNet-B4 
and DenseNet-121, respectively, thereby combining a deep 
architecture with residual connections that preserve 
contextual information, a scalable design that optimizes the 
parameter-performance trade-off and a densely connected 
topology that enhances information flow across layers within 
a unified structure [18-20]. All encoder networks are 
initialized with weights pretrained on the ImageNet dataset. 
The continuous-valued output masks generated by the three 
U-Net++ branches are multiplied by learnable weighting 
coefficients (w₁, w₂, w₃) and concatenated along the channel 
dimension, after which they are passed through a 1×1 
convolutional layer to produce a single-channel probability 
map [21]. In the final stage, this map is passed through a 
sigmoid activation function, which scales its values to the 
range from 0 to 1, and a threshold of 0.5 is then applied to 
obtain the final binary mask.  
In this way, the complementary feature representations 
learned by different encoder architectures are fused at the 
output level in a trainable manner, yielding a flexible and 
high-accuracy model for rib segmentation. A schematic 
overview of the proposed segmentation model is presented in 
Fig. 3. 

 
2.3.2. Classification Model 
To accurately distinguish the four fracture types (Buckle, 
Displaced, Non-Displaced, Segmental), we adopt a multi-
model and ensemble decision-making strategy based on 
128×128 fracture-centered patch images extracted from the 
RibFrac dataset. In addition to the standard augmentations 
applied during preprocessing, Mixup and CutMix strategies 
are employed prior to classification to smooth class 

boundaries and enhance generalization capability; in this 
setting, the mixing coefficient for Mixup is set to 0.2 and the 
parameter controlling the patch area in CutMix is set to 1 [22, 
23]. 
In the classification stage, four different CNN architectures 
are evaluated: EfficientNet-B1, MobileNetV3-Large, 
ShuffleNetV2, and ResNet-50. EfficientNet-B1 optimizes the 
balance between parameter efficiency and accuracy, whereas 
MobileNetV3-Large offers a lightweight design with low 
resource consumption, making it suitable for computationally 
constrained environments [24]. ShuffleNetV2 employs a 
lightweight architecture based on channel shuffling and 
efficient information flow, while ResNet-50, with its deep 
residual structure, mitigates contextual information loss 
across consecutive convolutional layers [25, 26]. All models 
are initialized with ImageNet-pretrained weights, their final 
classification layers are reconfigured to produce four-class 
outputs and the feature maps from the last convolutional 
layers are transformed into fixed-length vectors using Global 
Average Pooling. These high-dimensional feature vectors are 
then passed through a three-stage feature selection pipeline to 
enhance classification performance. First, a Variance 
Threshold method with a threshold of 1×10⁻⁶ is applied to 
remove low-information components [27]. Second, the 
ANOVA F-test-based SelectKBest method is used to select 
the top 1000 features with the highest discriminative power 
[28]. In the final step, Recursive Feature Elimination with 
Cross-Validation (RFECV), driven by a 200-tree Random 
Forest classifier with 3-fold cross-validation, is employed to 
identify the most informative subset, and the minimum 
number of features is set to 100 [29]. 
For each CNN architecture, the resulting optimized feature set 
is classified using a custom four-layer artificial neural 
network (ANN). Each ANN consists of fully connected layers 
with 1024, 512, 256 and 128 neurons, respectively; each layer 
is followed by ReLU activation, batch normalization and 
progressively decreasing dropout rates of 40%, 30%, 20% and 
10%, thereby increasing nonlinear learning capacity while 
reducing overfitting risk. Class probabilities obtained from the 
final layer of each ANN are computed independently and then 
fused using probability-based soft voting [30]. In this step, the 
probabilities produced by each ANN are normalized and 
averaged with equal weights to generate the final class 
prediction. In this way, the complementary feature-learning 
capabilities of the different CNN architectures are integrated 
at the decision level, yielding a more stable and higher-
accuracy classification system compared with individual 
models. A schematic overview of the proposed probability-
based ensemble classification architecture is presented in Fig. 
4.  

 

 
Fig.3. Overall architecture of the proposed segmentation model 
 

 
Fig.4. Overall architecture of the proposed classification model 
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2.4. Training 
In this section, we summarize the training protocols used for 
the developed segmentation and classification models. The 
choices of hyperparameters, loss functions, optimization 
algorithms and train-test splits are presented in separate 
subsections, tailored to the specific requirements of the 
segmentation and classification tasks. 
2.4.1. Training of the Segmentation Model 
The proposed triple-fusion U-Net++ model for rib 
segmentation was trained on the Chest CT Segmentation 
dataset after applying the preprocessing steps described in the 
previous section. During training, a composite loss function 
consisting of Dice Loss, Jaccard Loss and Focal Loss was 
employed to maximize the overlap between the predicted and 
ground-truth masks and to increase robustness to class 
imbalance [31-33]. The sum of these three components was 
defined as the overall objective function and optimization was 
performed with respect to this combined loss. The model was 
trained for 25 epochs using mini-batches of size 2 and the 
Adam optimizer with a learning rate of 1×10⁻⁴ was adopted. 
To comprehensively assess segmentation performance, 
Intersection over Union (IoU) and Dice Similarity Coefficient 
(DSC) were computed and the overall detection quality was 
further quantified using the Mean Average Precision (mAP) 
metric at thresholds mAP@50 and mAP@75. At the end of 
each epoch, predicted and ground-truth masks for randomly 
selected samples were visualized side by side, allowing the 
training process to be monitored not only through numerical 
metrics but also via qualitative inspection. In this way, the 
combination of a multi-component loss function and detailed 
evaluation strategy enabled a well-balanced training process 
and contributed to improved segmentation accuracy. 
2.4.2. Training of the Classification Model 
In the fracture-type classification task with four classes, 
namely Buckle, Displaced, Non-Displaced and Segmental, we 
employed individual models based on EfficientNet-B1, 
MobileNetV3-Large, ShuffleNetV2 and ResNet-50, as well as 
the proposed ensemble classifier that combines their outputs 
in a probability-based manner. All models were trained under 
a common training protocol on 128×128 fracture-centered 
patches extracted from the RibFrac dataset. To strengthen 
class discrimination, improve sensitivity to minority classes 
under imbalanced sample distributions and enhance the 
generalization capability of the models, a triple composite loss 
function (Triple Loss) consisting of Cross Entropy Loss, 
Focal Loss and Kullback-Leibler Divergence was used [34]. 
In this formulation, weights of 40%, 40% and 20% were 
assigned to Cross Entropy Loss, Focal Loss, and Kullback-
Leibler Divergence, respectively. For optimization of the 
combined loss, the Adam optimizer was used for all CNN 
models with a learning rate of 2×10⁻⁴, and training was 
performed for 50 epochs using mini-batches of size 32. To 
further limit overfitting and increase data diversity, Mixup and 
CutMix strategies were applied during training in addition to 
the standard augmentation procedures described in the 
previous sections. The feature maps obtained from the last 
convolutional layers of the CNN models were processed 
through Global Average Pooling and the three-stage feature 
selection pipeline previously detailed and the resulting 

optimized feature subsets for each model were classified using 
the four-layer ANN architectures defined in the same section. 
Each CNN-ANN combination was trained independently and 
evaluated on the test set using accuracy, F1 score, precision, 
and recall metrics. In the final stage, the class probabilities 
produced by each ANN were normalized and combined via 
equally weighted probability-based soft voting to obtain the 
final class predictions. This setup enabled a comparative 
analysis of both the individual model performances and the 
overall effectiveness of the ensemble system. 

2.5. Implementation Environment 
This study was implemented in Python on a workstation 
running the Windows 11 operating system, using Python 3.8 
within an Anaconda environment. All deep learning models 
were developed under the PyTorch framework and training 
and testing were performed with graphics processing unit 
(GPU) acceleration. For the segmentation task, image 
preprocessing and data augmentation were carried out using 
the torch, torchvision, albumentations, imgaug, OpenCV and 
NumPy libraries, while segmentation masks were manually 
created in Adobe Photoshop. For training and evaluating the 
classification models, torch, torchvision and scikit-learn were 
employed, whereas matplotlib, tqdm, json and random were 
used for visualization and logging of model outputs. The triple 
composite loss function designed to improve sensitivity to 
class imbalance was implemented in PyTorch by extending 
the nn.Module class. Data augmentation pipelines were 
configured separately for segmentation and classification: 
albumentations and imgaug-based transformations were 
applied in the segmentation stage, whereas RandAugment 
from torchvision.transforms together with customized Mixup 
and CutMix implementations built using NumPy and PyTorch 
were used in the classification stage. 

3. RESULTS AND DISCUSSION 
In this section, we present the test results of the proposed deep 
learning models for rib segmentation and fracture classification, 
compare them with recent studies in the literature, and discuss 
the applicability of the findings to clinical practice. 

3.1. Results 
In this subsection, we report the test results obtained for the 
proposed rib segmentation and fracture classification models. 
3.1.1. Segmentation Model Results 
The proposed triple-fusion U-Net++ model developed for rib 
segmentation achieves an Intersection over Union (IoU) of 
0.9311 (93.11%), a Dice Similarity Coefficient (DSC) of 
0.9576 (95.76%), an mAP@50 of 0.9819 (98.19%), and an 
mAP@75 of 0.9747 (97.47%) on the test set. 
3.1.2. Classification Model Results 
In the four-class fracture-type classification task, models 
based on EfficientNet-B1, MobileNetV3-Large, 
ShuffleNetV2, and ResNet-50, together with the proposed 
ensemble classifier that combines the outputs of these four 
models in a probability-based manner, were evaluated. 
Features extracted from the last convolutional layer of each 
model were classified using the four-layer artificial neural 
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network described in the previous sections, and the resulting 
class probabilities were fused within the ensemble using a 
soft-voting scheme. The accuracy, precision, recall, and F1 
score values obtained on the test set are summarized in Table 
1. As shown in Table 1, the accuracies of the individual CNN 
models range between 0.9791 and 0.9911, while the proposed 
ensemble classifier achieves the highest values across all 
metrics, yielding an accuracy of 0.9935 (corresponding to 
99.35%) and an F1 score of 0.9935. 

TABLE 1. Classification results of the proposed models 

Model Accuracy  Precision Recall F1 score 

EfficientNet-B1 0.9911 0.9911 0.9911 0.9911 
MobileNetV3-Large 0.9902  0.9903 0.9903 0.9902 
ShuffleNetV2 0.9791 0.9791 0.9791 0.9791 
ResNet-50 0.9820 0.9820 0.9820 0.9820 
Proposed model 0.9935 0.9935 0.9935 0.9935 

 

3.2. Discussion 
The proposed triple-fusion U-Net++ model achieves superior 
performance compared with recent approaches in the 
literature, yielding Dice, IoU, mAP@50, and mAP@75 scores 
of 95.76%, 93.11%, 98.19%, and 97.47%, respectively, on the 
rib segmentation test set. Learnable fusion of the outputs from 
three different encoder architectures based on ResNet-50, 
DenseNet-121, and EfficientNet-B4 enables the joint 
exploitation of low-level details and high-level contextual 
features, which in turn contributes to a more consistent 
delineation of rib contours and fine structural details. In 
addition, the triple loss function combining Dice, Jaccard, and 
focal components mitigates issues related to class imbalance 
and improves sensitivity to minority pixels, thereby enhancing 
the stability of the model. Table 2 presents the Dice score of 
the proposed triple-fusion U-Net++ architecture in 
comparison with the results reported in existing rib 
segmentation studies. 

TABLE 2. Comparison of the proposed segmentation model with 
related methods in the literature 

Study Model Dice (%) 

Proposed study Triple-fusion U-Net++ 95.76 
Li et al. [5] FRF-DPS 92.30 
Jin et al. [11] Two-stage sparse model 90.50 
Yang et al. [8] CenterNet + Bi-LSTM U-Net + ResNet-34 82.70 
Cao et al. [10] Shape-Aware FracNet 75.46 

 
Furthermore, the proposed ensemble-based classification 
model combines the class probabilities obtained from four 
convolutional neural network architectures using a 
probability-based soft-voting scheme. The RFECV-based 
feature selection strategy and advanced data augmentation 
techniques employed in this study substantially improve the 
classification performance of the model. According to the test 
results, the model achieves 99.35% accuracy in fracture-type 
classification, outperforming related approaches reported in 
the literature. Table 3 presents the performance of the 

proposed classification model in comparison with recent 
methods. 

TABLE 3. Comparison of the proposed classification model with 
related methods in the literature 

Study Model Accuracy (%) 

Proposed study Ensemble (four CNN + ANN) 99.35 
Yang et al. [8] CenterNet + Bi-LSTM U-Net + ResNet-34 95.20 
Marting et al. [2] 3×Retina U-Net + nnU-Net 95.00 
Su et al. [7] CenterNet + heat-map pyramid 89.20 
 
From a segmentation perspective, as shown in Table 2, Li et 
al. report a Dice score of 92.30% with the Fresh Rib Fracture 
Detection and Positioning System (FRF-DPS), while Jin et al., 
using a two-stage sparse point-cloud–based approach on the 
RibSeg v2 dataset, achieve a Dice score of 90.50% [5, 11]. In 
contrast, the Dice score of 95.76% obtained by the proposed 
triple-fusion U-Net++ model indicates that rib structures can 
be segmented more finely and consistently compared with 
these strong methods in the literature. 
From a classification perspective, among the studies 
summarized in Table 3, the end-to-end system proposed by 
Yang et al., which combines CenterNet-based detection, Bi-
LSTM U-Net segmentation, and cascaded ResNet-34 
classifiers, achieves an accuracy of 95.20% [8]. In 
comparison, the ensemble-based model proposed in this 
study, which classifies fractures into four distinct categories 
and fuses the outputs of four different CNN architectures 
using probability-based soft voting, attains an accuracy of 
99.35%. This result demonstrates a substantial performance 
gain over existing methods, even under a more complex 
problem definition. 
Overall, the two-stage framework proposed in this study—
comprising a triple-fusion U-Net++–based segmentation 
model and an ensemble-based classification model—provides 
a powerful solution for the automatic detection and analysis 
of rib fractures on CT images. The high Dice, IoU, and mAP 
values obtained in the segmentation task, together with the 
high accuracy achieved in the classification stage, indicate 
that the system can reliably model both rib anatomy and 
fracture types. The combined use of architectural flexibility, 
multi-encoder fusion, a triple loss function, and an ensemble 
decision-making strategy highlights the potential of the 
proposed approach to serve as a decision-support tool for 
radiologists in clinical evaluation workflows and establishes a 
solid basis for future studies in AI-assisted medical imaging. 

4. FUTURE WORK 
The triple-fusion U-Net++–based segmentation model and 
ensemble-based classification system proposed in this study 
have yielded promising results for the automatic analysis of rib 
fractures on CT images. However, the fact that the datasets used 
were collected from a limited number of centers and that the 
distribution of fracture types does not fully reflect real clinical 
populations constitutes an important limitation for the 
generalizability of the model. In future work, external 
validation studies are planned using larger, multi-center CT 
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datasets that encompass a broader range of scanners, imaging 
protocols, and patient profiles. 
From a model development perspective, future work will focus 
on designing hybrid architectures that more effectively capture 
both the topological relationships of rib anatomy and the 
volumetric context of CT data by integrating Transformer-
based components, graph neural networks, and three-
dimensional segmentation models. From a clinical integration 
perspective, interpretability approaches that visualize the 
decision-making process and quantify predictive uncertainty 
will be incorporated. In this regard, methods such as attention 
maps and explainable feature-attribution maps will be explored, 
and the system will be integrated into PACS-based workflows 
as a second reader in order to evaluate its impact on radiologist 
performance and reporting time in routine clinical practice. 
Additionally, the source code and pretrained model weights 
developed in this study will be made available from the 
corresponding author upon reasonable request. 
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