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ABSTRACT

Accurate identification of vertebral fracture (VF) regions in computed
tomography (CT) images is crucial for surgeons prior to treatment planning,
but remains challenging due to irregular vertebral boundaries, low contrast,
noise, and image unevenness. Recent advancements in deep learning
have shown promising results compared to conventional manual diagnosis
methods in detecting anomalies and segmenting regions of interest in medical
imaging. In this study, a deep learning model, enhanced EfficientNetB7 U-Net
(EEB7-UNet), is proposed to segment the fractured cervical vertebrae. It
includes custom data augmentation to increase the data size and a hybrid
learning rate scheduler strategy technique for faster convergence, which
increases the generalizability and robustness of the model. The proposed model
achieved an improved dice score index of 95.53% and Jaccard coefficient index
of 93.85% on the test dataset. Furthermore, the EEB7-UNet has emerged as a
moderate size with 98.6 MB. The approach yields superior performance in terms
of dice score index and Jaccard coefficient index compared to the other state of
the art convolutional neural network (CNN) used as an encoder in the U-Net.
This research also compared the performance of the proposed model with three
other studies in similar contexts, reported in the literature.
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1. INTRODUCTION
The spinal cord located inside the spinal canal, is a crucial part of the nervous system and plays an

important role in transferring signals from the brain to the entire body. Severe injury in the vertebrae may affect
the nerve cells and axons in the spinal cord, which may lead to paralysis below the level of injury. Following
a spinal cord injury (SCI), some patients might face permanent loss and, others could achieve partial recovery
through proper treatment and rehabilitation. Research showed that the approximate cost of care for patients
with SCI in the US is from $1.1 to $4.6 million/patient over their lifespan [1].

Vertebral bodies play a vital role in ensuring the spine’s stability and serving as a safeguard for the
spinal cord [2]. Vertebral fractures (VFs) are among the most common types of skeletal fractures [3]. VFs
may result from either traumatic or non-traumatic conditions. Some traumatic causes of VFs are road traffic
accidents, falls from height, sports injuries, gunshot injuries, and sudden movements that strain the back.
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The non-traumatic causes include osteoporosis, bone tumors, spinal infections, degenerative disk disease, and
spinal metastasis [4]. These VFs are unstable and can be dangerous, resulting in progressive deformity or
neurological compromise. In a recent survey conducted in Vietnam on men and women over 50 years of
age [5], the prevalence, incidence, and associated risk factors for VF were studied. Out of 401 individuals, it
was found that 49 had VF, yielding a prevalence of 12.2%. The study also found that wedge fractures were
another common type of VF.

Cervical spine (C-spine) injury occurs when any of the seven cervical vertebrae are broken or
damaged. The symptoms of a C-spine injury are associated with neck pain, limited mobility, respiratory
problems, or loss of sensation. Late diagnosis of such cases may cause sudden and severe loss of nerve
function, as C-spine injuries are potentially serious and can cause serious complications if not properly treated.
The available treatment options for C-spine VF can be vertebroplasty and kyphoplasty [6].

It is easier for healthcare professionals to diagnose severe fractures on computed tomography (CT)
scans. However, manually diagnosing subtle or very narrow fractures can be challenging and tedious, as
these fractures are not noticeable on CT scans. Accurate segmentation of vertebral bone in CT scans is
necessary for various applications, such as measuring cortical thickness, regional analysis, and surgical
planning. Automatic segmentation methods using artificial intelligence (AI) are faster, and more consistent,
addressing the limitations of manual segmentation. However, this task is challenging due to partial volume
artifacts, and unclear boundaries between the bones in the vertebrae. This study focuses on finding an AI
solution to such problem.

Bae et al. [7] performed the segmentation of C-spine vertebrae in the axial plane and subsequently
used some post-processing for the entire vertebral segmentation. To achieve this, the two-dimensional (2D)
U-Net was used for segmentation, and then the result of 2D segmentation was used to detect separation points.
The complete experiment was conducted on small datasets obtained from two independent hospitals.

Zhang and Wang [8] proposed a three-stage semi-automatic method for the C-spine vertebrae
segmentation. In which, first, the adaptive thresholding method was used to segment the vertebra bone tissue,
followed by PointNet++ for concave segmentation. PointNet++ handled 3D medical imaging data well but
struggled to find the local details and large point clouds. Research by Liu et al. [9], a statistical method was
proposed for the segmentation of vertebrae of the C-spin. The method performed well with a small dataset;
however, it took a more computational resources and a longer time to get the segmentation result of a CT
scan. In a recent study [10], a hybrid convolutional neural network (CNN)–vision transformers based model
was proposed for lung cancer detection using CT images, which achieved impressive accuracy on benchmark
datasets while also identifying different subtypes of lung cancer.

A web based spine segmentation model was introduced by Kim et al. [11], where U-Net was utilized
for segmentation. However, the model lacked generalization capability as it utilized very small dataset for
training. A hybrid method combining CNN and fully convolutional network (FCN) was used for automatic
spine segmentation, which reported 94% dice similarity index (DSI) and 93% Jaccard coefficient index
(JCI) [12]. The motivation arises from the importance of locating the accurate fractured area before surgery
to prevent any damage to nearby healthy tissue. Enhancement of outline structures of fractures or tumors is
really useful in surgical planning strategies. By observing the success of U-Net in many medical imaging
applications, this work aims to utilize U-Net as baseline for the segmentation of fractured C-spine vertebrae
using axial CT data. Also, in a recent survey, it was found that very little research work on AI assisted VFs
detection were done till 2022, indicating that this field is still in its budding stage [13].

This research makes several key contributions. First, an enhanced EfficientNetB7 U-Net (EEB7-UNet)
is introduced for accurate fractured C-spine vertebrae segmentation, leveraging fine-tuned EfficientNetB7 [14]
as an encoder for precise feature extraction. Second, adaptive learning rate schedulers, along with a specific
configuration of hyperparameters, including the use of the AdamW optimizer, are utilized in the proposed
method for model optimization. Finally, an extensive comparative analysis of EEB7-UNet against various
CNN encoders in the U-Net is conducted to validate the results obtained from the approach.

This work is an extension of the previous study [15]. The present manuscript specifically utilizes
only fractured vertebra dataset to assist medical professionals in accurately delineating fractures prior to
treatment planning. Furthermore, this work performs model interpretability analysis using gradient-weighted
class activation mapping (Grad-CAM) [16] and presents a detailed error analysis.

The rest of the paper is organized as follows. The data preprocessing, and proposed methodology are
presented in section 2. The performance of the proposed model is evaluated using different encoder networks,
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analyzed, and presented in section 3. A comparison between the proposed model and state-of-the-art (SOTA)
methods is also given in section 3. The conclusion and future research directions are presented in section 4.

2. METHOD
The CT scan is often the first-line choice of imaging modality in cases of acute trauma or suspected

fractures in the spine. It provides a detailed visualization of the bony structures and may identify fractures,
dislocations, or other injuries [17], [18]. The dataset used in this study is originally CT data in DICOM format,
which is obtained from the open source data repository [19]. Some sample images of C-spine with fracture, are
shown in Figure 1, where the red arrow indicates fracture location.

Figure 1. Sample fractured CT images of C-spine vertebrae in the axial plane

2.1. Data pre-processing
To address the difficulties involved in training neural network using DICOM images, the CT data are

converted to JPG format in the data pre-processing step. Then the JPG images, along with the corresponding
masks, are utilized for training. The masks are nothing but the ground truth segmentation performed by the
medical experts and provided with the dataset. In the given dataset, the masks are in the sagittal orientation,
whereas the training data are in the axial orientation, therefore, to ensure proper alignment, the transpose
operation on each mask is performed. The overview of data pre-processing is displayed in Figure 2. The 2D
axial CT slices is regularly being used with routine clinical workflows, where fracture assessment is commonly
performed slice wise. Compared to 3D volumetric approaches, 2D models offer reduced model computational
complexity and less inference time with test data, which makes them more practical for large-scale datasets and
potential real-time deployment on cloud-based services.

Figure 2. Workflow of data pre-processing

2.2. Custom data augmentation
To improve the model robustness and generalization, data augmentation operations on training data,

including resizing, horizontal and vertical flips, shifting, scaling, rotation, grid distortion, optical distortion,
elastic transformation, and coarse dropout, are considered. Coarse dropout is used to apply in coarse blocks
of pixels as it avoids overfitting by randomly removing rectangular regions from the image [20]. These
augmentation techniques are applied with different probabilities p to each image during the training process.
For instance, p = 0.65 for horizontal flip indicates, 65% probability that the horizontal flip will be applied
to a given image during the data augmentation. This p values adjustment helps to control the intensity and
frequency of specific augmentation. Higher the p value for any operation leads to a higher chance of being
applied that particular augmentation operation, while a lower value decreases the likelihood. This allows us
to experiment with different augmentation strategies to get a good balance between diversity in training data,
avoiding excessive perturbations. The data, along with augmented images are then fed into network for training.
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2.3. Introduction of novel hyperparameters and their optimization
The learning rate is an important hyperparameter, and it controls the convergence and overall

performance of the model. This experiment utilizes a combination of three learning rate scheduler strategies,
as discussed as follows, to adaptively adjust the learning rate [21]. Warm-up scheduler gradually increases
the learning rate at the beginning of training, which allows the model to converge faster. It is also proven
that the deployment of a warm restart with the AdamW optimizer accelerates the training process by a factor
of 10 [22]. The ReduceLROnPlateau scheduler (RLROnP) dynamically adjusts the learning rate to improve
convergence and avoid local minima. The cosine annealing scheduler (CosAnneal) is used to vary the learning
rate cyclically between a minimum and maximum value that exhibits the cosine function. In CosAnneal,
the learning rate initially starts at a maximum value, gradually decreases in a smooth cyclical pattern, and
then returns to the maximum value. By deploying the hybrid learning rate schedulers strategy, the model is
able to explore different regions of the loss landscape, which potentially improves both the convergence and
generalization [23]. In this study, grid search method is utilized to obtain the optimal hyperparameter settings
for the U-Net with different CNNs, as illustrated in Table 1.

Table 1. Chosen hyperparameter values for different encoder architectures in U-Net
Hyperparameter Experimented Chosen value

VGG16 ResNet34 MobileNetV2 EfficientNetB7
Initial LR [0.0001− 0.01] 0.0001 0.005 0.001 0.001

Training batch size [16− 512] 32 32 32 32
Learning optimizer − Adam SGD Adam AdamW

Dropout rate [0− 0.5] 0.2 0.4 0.4 0.5
Weight decay [10−6 − 10−2] 10−4 10−4 10−3 10−4

Width scaling [1.0− 2.0] − − − 1.4
Depth scaling [1.0− 3.0] − − − 2.6
LR scheduler − StepLR RLROnP StepLR RLROnP+CosAnneal
Warmup steps [0− 500] − 200 − 200

Warmup epochs [0− 10] − 5 − 5
Mode [min, max] − min − min
Factor [0.1− 0.9] − 0.2 − 0.1

Although grid search is used for hyperparameter tuning, the motivation behind choosing specific
hyperparameters is based on the architecture of the chosen encoder. EfficientNetB7 contains a large number
of trainable parameters and has deep feature hierarchies, that makes its training unstable. If the large value
of learning rates is taken initially, it increases the risk of overfitting. To address this issue, a lower learning
rate is employed along with dropout and weight decay regularization, while the AdamW optimizer is used to
ensure stable convergence [22]. The initial learning rate and weight decay are set to a value of 10−3 and 10−4,
respectively. Then, the warm-up scheduler slowly increases the learning rate and helps the model to gradually
start learning meaningful patterns. The parameters ‘warm-up step’ and ‘warm-up epoch’ in this scheduler
are chosen to be 200 and 5, respectively. In the ReduceLROnPlateau scheduler, the mode is chosen as ‘min’
mode after observing no improvement in validation loss. The ‘Factor’ parameter reduces the learning rate,
which further helps to decrease validation loss. The value for the parameter ‘Factor’ is chosen to be 0.1. The
value of training batch size is chosen as 32, based on the system configuration and graphics processing unit
(GPU) memory. The width and depth scaling coefficients are key parameters of EfficientNetB7, which balance
the compound scaling. The value of the width and depth scaling of EfficientNetB7 are chosen as 1.4 and
2.6, respectively.

2.4. Proposed model
U-Net based model has been widely used for various image segmentation tasks, especially in the

biomedical domain by leveraging skip connections between sub-blocks of encoders and decoders. The
performance of U-Net based model strongly depends on the encoder block of the model [24]–[26]. This study
believe that utilizing EfficientNetB7 [14] as an encoder in the U-Net along with custom data augmentation
techniques and various learning rate scheduler could be a promising model for segmenting fine structure in
medical imaging. In this study, a U-Net based model is proposed for accurate segmentation of the fractured
vertebrae, which is referred as EEB7-UNet. To validate the proposed model, several experiments are conducted
by with the various SOTA CNNs, such as visual geometry group-16 (VGG16) [27], residual network with 34
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layers (ResNet34) [28], and MobileNetv2 [29] as encoders in U-Net. The architecture of the proposed model is
displayed in Figure 3, where the blue lines represent the skip connection, which obtain context from different
blocks of the encoder.

Figure 3. Architecture of the EEB7-UNet model

2.4.1. EfficientNet as encoder
In this study, several experiments are carried out with different CNNs as encoders of U-Net,

and found that EfficientNetB7 resulted in better performance. EfficientNetB7 is extensively validated in
medical image segmentation tasks and provides a well-established hierarchical feature extraction mechanism,
which is particularly suitable for subtle anatomical structure delineation. It is structured multi-stage feature
maps that integrate seamlessly with U-Net skip connections, which facilitates effective multi-scale feature
fusion. Moreover, EfficientNetB7 benefits from widely available and stable pretrained weights, enabling
reliable transfer learning in medical imaging applications. Therefore, considering architectural compatibility,
segmentation robustness, and practical deployment stability, EfficientNetB7 is adopted as the encoder backbone
in the proposed framework. The EfficientNetB7 incorporates depth wise separable convolution, which reduces
the number of parameters, and the floating point operations per second, while preserving image resolution.
EfficientNet is one of the SOTA CNN models that exhibits superior performance through adjustments in
network width, depth, and resolution scaling. The balance between these three scaling factors is achieved
through the compound scaling technique [14]. The architectural diagram of EfficientNetB7 is provided in
Figure 4, which contains seven different subblocks with the basic building block is the mobile inverted
bottleneck (MB) convolution block.

Figure 4. Block diagram of EfficientNetB7 with basic building blocks as MBConv

Figure 5 represents the architecture of the MB convolution block, which integrates the squeeze and
excitation (SE) block with the inverted residual network [30]. In the context of feature extraction from an image,
certain channels in the image may carry more relevant information than others. Selecting such channels for

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3770–3781



Int J Artif Intell ISSN: 2252-8938 ❒ 3775

convolution operation, enhances the network’s focus on critical features, potentially leading to improvements
in both representational efficiency and overall segmentation performance. Furthermore, integration of the SE
block within the MBConv facilitates channel wise feature recalibration by explicitly assigning more weight to
the relevant channels. This block identifies and points out the more informative channels during training.

Figure 5. Block diagram of MBConv block

2.4.2. Decoder
In the decoder part of EEB7-UNet, up-sampling of the extracted feature maps is performed to obtain

a high resolution segmentation mask using transpose convolution. In the encoder block of EEB7-UNet, the
feature maps from the input image are being extracted, but the spatial resolution of the original image is
downsampled as it goes through several blocks. The decoder block consists of two major blocks, the Up
Conv2D and the Concat. The Up Conv2D blocks upsample the feature using transpose convolution, and the
Concat blocks concatenate the feature maps received from encoder block through skip connections and from
the previous Up Conv2D blocks. These two operations also minimize the vanishing gradient problem. By
combining low level and high level features through skip connections, the model learns to generate more
accurate segmentation masks.

2.5. Experimental setup and model training
The proposed model is implemented using PyTorch 1.9.0 with CUDA 11.1 support and Python

3.8.3, while maintaining a random seed value of 42. It took approximately 30 hours (1.25 days) to train the
EEB7-UNet model. This study utilized 29,658 images from 724 patients. The entire dataset is divided patient
wise into training, validation, and testing sets in a ratio of 70%, 15%, and 15%, respectively. To prevent data
leakage, the dataset is divided on a patient wise basis. Strict separation between the training, validation, and
testing sets is maintained to ensure that no information from the test set is used during training. The training
set, comprising the CT images and their corresponding masks, are used to train the model. The binary cross
entropy with logits (BCEWithLogitsLoss) is chosen as loss function, which is expressed as (1).

L(xn, yn) = − 1

N

N∑
i=1

(yn log(σ(xn)) + (1− yn) log(1− σ(xn))) (1)

Where σ(xn) = 1
1+e−xn is the sigmoid function, xn is a input to the model, and yn is true label for the nth

sample which is either 0 or 1.
The BCEWithLogitsLoss handles class imbalance that is common in segmentation tasks, as

background class is often dominant. The BCEWithLogitsLoss, combined with a sigmoid activation function
squashes the model’s predictions into the range [0, 1], which represents the probabilities of belonging to
the foreground class, making it well-suited for a binary segmentation task. The choice of AdamW as the
optimizer, incorporates the weight decay and turns out to be effective for regularization. The synergy between
AdamW and different learning rate schedulers enhances the overall performance of our model. Early stopping
technique, based on the validation score is also employed in the model, to ensure that it halts the training
process at the appropriate juncture.

The performance curves of the proposed model, in terms of dice score, along with those of U-Net
models using VGG16, ResNet34, and MobileNetV2 encoders, are presented in Figure 6. High variations and
oscillations in the dice score in Figure 6(a) and loss curves in Figure 6(b) can be observed for the U-Net
model with VGG16, ResNet34, and MobileNetV2 as encoders separately. In contrast, the proposed model
demonstrates reduced variation as well as the best dice score and lowest loss evolution among all models.

EEB7-UNet: a deep learning framework for automated segmentation of ... (Abhishek Kumar Pandey)



3776 ❒ ISSN: 2252-8938

(a) (b)

Figure 6. Performance curves of the proposed model during training of (a) dice score variation over epochs
and (b) loss variation over epochs

3. RESULTS AND DISCUSSION
In this section present a detailed analysis of the experimental outcomes of the work and discuss their

implications.

3.1. Evaluation metrics
The regions of interest in the CT image correspond to fractures in the vertebrae, which are located in

some tiny parts of the image. Therefore, the class imbalance is inevitable as the background class dominates.
DSI and JCI are less affected by class imbalance, as they penalize both false positives and false negatives.
Therefore, these metrics are appropriate as performance measures for our model. Both metrics quantify the
degree of overlap between the predicted regions and ground truth regions. The DSI and JCI are mathematically
expressed as (2) and (3).

DSI =
2
∑N

i=1 yiŷi∑N
i=1 y

2
i +

∑N
i=1 ŷ

2
i

(2)

JCI (yi, ŷi) =
|yi ∩ ŷi|
|yi ∪ ŷi|

(3)

Where yi and ŷi represent the ground-truth and predicted masks respectively of ith sample. The term
∑N

i=1 yiŷi
calculates the element-wise product (intersection) of the ground truth y and predicted mask ŷ. The values of
both DSI and JCI range from 0 to 1, where 0 indicates no overlap and 1 signifies perfect overlap, between the
predicted mask and ground truth masks.

3.2. Performance analysis with different encoders
In Table 2, increasingly better performance in terms of DSI and JCI are observed on the test dataset

for all the encoders used in U-Net. However, the EEB7-UNet achieved superior performance, with the best
DSI and JCI of 95.53% and 93.85%, respectively. Mixed results, in terms of model size, are observed in our
experiment. Among all the models listed in Table 2, U-Net with MobileNetV2 as encoder turns out to be
the smallest model with size 18.2 MB. However, its performance is least among all the models considered
therein. Also, U-Net with VGG16 is comparatively lightweight with a size of 46.9 MB, but this comes with
the trade-off of compromised performance, with lower DSI and JCI compared to EEB7-UNet. In fact, the
EEB7-UNet has outperformed all the models, achieving the highest test score of DSI and JCI with 95.53% and
93.85%, respectively. However, it has emerged as a moderate-sized model at 98.6 MB, which can be practically
deployed on the cloud or integrated with a portable clinical system.
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Table 2. Comparison of model performance with different encoder network
Model DSI (%) JCI (%) Model size (MB)

U-Net with VGG16 encoder 72.19 69.2 46.9
U-Net with ResNet34 encoder 73.36 70.26 138.4

U-Net with MobileNetV2 encoder 72.13 68.49 18.2
Proposed model (EEB7-UNet) 95.53 93.85 98.6

3.3. Analysis of results
Figure 7 illustrates the segmentation results obtained from the U-Net with different encoders and also

highlights the effectiveness of the proposed model by zooming into the fractured area. The first column in
Figure 7(a) indicates the original image, while the subsequent columns represent the result obtained from the
U-Net with VGG16, ResNet34, MobileNetV2, and the proposed model, respectively. Comparing the original
images with the corresponding predicted masks obtained from different models, it is evident from Figure 7(a)
that the proposed model (EEB7-UNet) is able to predict the accurate profile, in terms of shapes and edges, of
the vertebrae.

Figure 7(b) demonstrates the results of the EEB7-UNet on some sample test data. The first column
in Figure 7(b) shows a few random sample images from the test set, with the injury area marked in a red
rectangular box. The second and third columns represent the ground truth and predicted masks, respectively.
Then, the predicted masks obtained from the proposed model are superimposed with the corresponding ground
truth masks and displayed in the fourth column. It is observed that, most of the areas are perfectly overlapped.
The non-overlapping regions are depicted in dark red color. A part of a non-overlapping region is zoomed in
and displayed in a yellow rectangular box in top right corner of the respective sub-figures. The last column
illustrates the overlap of the original image with the predicted mask, in which the overlapped regions in the
superimposed images are highlighted in red. It can be observed that, the bony structure and fractures of the
vertebrae are not clearly visible in the original CT images in the first column, but in the last column, one can
identify them clearly. It can also be observed that the predicted mask obtained from the EEB7-UNet is very
close to the ground truth, which demonstrates the effectiveness of the proposed model.

(a) (b)

Figure 7. Segmentation results on some test samples of (a) comparison of U-Net with different encoders and
the proposed EEB7-UNet and (b) zoomed-in fractured regions predicted by EEB7-UNet

3.4. Error analysis
To understand where the model falls short, this study examined test samples with low DSI and JCI

scores, presented in Table 3. The error analysis shown in Table 3 indicates that low-contrast CT slices lead to
indistinct vertebral boundaries, which reduces the model’s performance and results in under-segmentation. In
cases with complex anatomical structures of vertebral bone, the model tends to produce mild over-segmentation
by extending into adjacent soft tissue regions. Noisy CT images have acquisition artifacts that degrade the
boundary clarity, which eventually cause irregular and inaccurate predictions. Additionally, when the area
of interest occupies a very small region in the image, the model exhibits under-segmentation due to limited
foreground pixels. Overall, this analysis shows that the sources of errors mainly stem from low contrast,
complex anatomical structure, noisier image, and unbalanced classes or a combination of these factors. To
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reduce these errors, some of image preprocessing techniques, such as CT image contrast normalization [31],
noise robust feature learning through denoising filters [32], and improved handling of small regions of interest
using multi-scale preprocessing, can be utilized in the future.

Table 3. Quantitative error analysis of the proposed model using some test samples
Patient ID Image characteristics Segmentation error type DSI (%) JCI (%) Description/observed cause

1.2.826.0.1.3680043.10016 Very low contrast slice Under segmentation 62.04 58.03 Boundary ambiguity
1.2.826.0.1.3680043.10443 Anatomically complex region Over segmentation 65.62 62.04 Irregular anatomy
1.2.826.0.1.3680043.10515 Noise or artifacts present Boundary inaccuracy 68.38 65.27 Noise artifacts
1.2.826.0.1.3680043.10579 Small vertebral structure Under segmentation 60.09 55.95 Small targets (class imbalance)

3.5. Interpretability analysis of EEB7-UNet using Grad-CAM
The proposed model’s interpretability analysis is performed using the Grad-CAM method, and the

results are shown in Figure 8. To perform this analysis, the last convolutional layer of the encoder block
of EEB7-UNet is utilized. Two sample test images chosen from C1 and C4, along with their corresponding
predicted class activation maps, are presented in Figures 8(a) and 8(b), respectively, which demonstrates that
the proposed model effectively focuses on the fractured regions, highlighted by the green rectangular boxes in
the chosen test samples. The heatmaps show that the model focuses on the true anatomical regions associated
with fractures.

(a) (b)

Figure 8. Class activation map visualization on sample test images of (a) from C1 and (b) from C4

3.6. Comparison with the other existing methods
The results of the proposed model are compared with those of the closed problems found in the

literature, which are given in Table 4. In this table, N and n represent the number of patients and the number of
slices. All the existing works listed in Table 4 utilized CT images, but varied in dataset size due to differences
in voxel spacing and slice thickness. Most of the previous studies concentrated on segmenting the vertebrae
of different levels of spine, on the other hand, our work focused particularly on fractured C-spine vertebra
segmentation. A few works were reported on C-spine vertebra segmentation which used the fractured cervical
vertebra images for training, validation, and testing. The objective of the present work is to segment the
fractured vertebra accurately so that the fracture area and its span can be clearly visible.

Table 4. Performance evaluation of the proposed model against existing approaches in the literature
Work Method Target N Modality (n) DSI (%) JCI (%) Segmentation time/image
Hyun et al. [7] U-Net C-spine 17 CT (1,684) 93.15 ± 3.09 87.54 ± 5.11 –
Xinxin et al. [9] Hybrid (AI + SiFC) C-spine 20 CT (60) 95.47 – 48 min
Taeyong et al. [33] CNN T-spine/L-spine 158 CT (341) 94.00 – 1.18 s
Proposed model EEB7-UNet C-spine 724 CT (29,658) 95.53 93.85 0.27 s

Automated segmentation is considered more effective than manual and semi-automated segmentation
for spinal fracture diagnosis. Several AI-based models were found to be highly accurate in segmenting
vertebrae on CT images. Bae et al. [7], an algorithm was proposed for vertebra segmentation, which achieved a
mean DSI and JCI of 93.15% and 87.54% respectively, on test data. Liu et al. [9] proposed and implemented a
semi-automated method based on the combination of AI and sparse intervertebral fence composition (SiFC) for
cervical vertebra segmentation, which worked well with a small dataset, but it took approximately 48 minutes
to get the complete segmentation result of a single CT image. Recently, a CNN algorithm trained on CT data
of lumbar and thoracic spine of 158 patients to perform automated segmentation of fractured vertebral bodies,
obtained DSI 94% on test data, and it took approximately 1.18 seconds to segment a vertebra [33]. The fully
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automated proposed model reported impressive DSI and JCI of 95.53% and 93.85%, respectively. The time
taken to segment a single CT scan is 0.27 seconds, which is the fastest in terms of computational time and the
best in terms of DSI and JCI compared to all other methods listed in Table 4.

Performance improvements using deep encoder–decoder architectures have also been reported in prior
studies, where backbone enhancements and multi scale feature extraction strategies contributed to improved
overall segmentation accuracy [34], [35]. These findings align with the results and further support effectiveness
of the proposed EEB7-UNet model. Prior studies have also emphasized the importance of accurate vertebral
segmentation for clinical assessment [36] and the difficulty of segmenting small vertebral structures [37].

4. CONCLUSION
This work focused on segmentation of fractured vertebrae in the C-spine, intended to assist healthcare

professionals in further investigation and treatment planning. In this study, the encoder block of the proposed
EEB7-UNet is optimized by utilizing a hybrid learning rate scheduler technique, custom data augmentation, and
hyperparameter optimization. The overall modification in the EEB7-UNet significantly improved the model’s
performance and showed outstanding segmentation results, such as DSI and JCI of 95.53% and 93.85%,
respectively. The time required to get the segmentation result of a single CT image from the proposed model
is only (0.27) seconds, further demonstrating the efficiency of the proposed model when used in real-time
applications. The proposed model may help surgeons by providing a precise delineation of the fractured
vertebrae, allowing a better assessment of the location of the fracture, the extent of injury and the involvement
of adjacent anatomical regions. This information is valuable during preoperative planning to determine the
surgical approach. In addition, the proposed model reduces the time required for manual annotation, supports
consistent interpretation across clinicians, and helps in rapid triage in emergencies. However, despite strong
quantitative performance, expert clinical validation remains essential before clinical deployment, which is one
of the potential limitations of this study. In future work, incorporating 3D CNNs will leverage volumetric
information, which may enhance feature representation and enable segmentation of more complex anatomical
regions. However, it might require volumetric segmentation for better visualization of the actual pathology. The
future work could be to address these limitations by using SOTA methods, such as methods based on 3D U-Net
with a suitable encoder. Furthermore, the study does not explicitly segment other anatomical structures of the
spine, such as cortical and cancellous bone, and vertebral arch, due to the lack of ground truth data. Moreover,
the present model is trained only on CT images, however combining image with different modalities such
as magnetic resonance imaging (MRI) and positron emission tomography (PET) may make the model more
generalized and robust. This study emphasize the importance of model size, as a smaller model size enables
faster and cost-effective, real-time deployment on the cloud to ensure accessibility for healthcare practitioners.
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