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Abstract
Spinal diseases are among the most prevalent health issues in modern society, 
significantly impacting patients’ quality of life. Diagnosing conditions such as disc 
herniation and spinal deformity requires advanced medical imaging techniques, 
including X-rays, magnetic resonance imaging (MRI), computed tomography, and 
nuclear magnetic resonance. Spine MRI is particularly crucial due to its ability to 
provide high-resolution images of soft tissues, essential for accurate diagnosis. 
However, the manual segmentation of spine MRI images is labor-intensive and 
inadequate for large-scale quantitative analysis. Thus, developing automated 
spinal MRI segmentation methods is critical to alleviating doctors’ workload and 
enhancing diagnostic efficiency. In this study, we propose a novel asymmetric 
U-Net architecture designed to improve the precision of reconstructing complex 
structures and details by increasing the depth of the upsampling side. The 
model incorporates adjacent-scale skip connections to control parameters while 
maintaining high segmentation accuracy. In addition, residual connections on the 
upsampling side prevent gradient vanishing, thereby enhancing the network’s 
feature learning and representation capabilities. Experimental results indicate 
that this method significantly reduces training time and increases model accuracy 
compared to traditional approaches, marking a substantial advancement in 
automated spinal MRI segmentation. This innovative approach holds promise for 
improving clinical outcomes and optimizing the workflow in medical imaging 
departments.
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1. Introduction
Spinal diseases are among the most prevalent health issues 
in modern society. The pathogenesis of spine diagnostics 
involves understanding the underlying mechanisms 
and origins of spinal disorders, which is crucial for 
accurate diagnosis and effective treatment. Modern spine 
diagnostics has evolved significantly with advancements 
in imaging technology, genetic research, and molecular 
biology, providing deeper insights into spinal pathologies. 
Pathogenesis in spine diagnostics refers to the study 
of how spinal diseases develop and progress. This 
includes degenerative diseases such as osteoarthritis and 
intervertebral disc degeneration, as well as inflammatory 
conditions such as ankylosing spondylitis.1 Degenerative 
spinal disorders often involve the breakdown of 
intervertebral discs and facet joints. Factors such as aging, 
mechanical stress, and genetic predisposition contribute 
to the degeneration process. Studies have shown that 
mechanical loading and biochemical changes play 
significant roles in disc degeneration.2 Diagnostic tools 
such as magnetic resonance imaging (MRI) and computed 
tomography (CT) scans allow for detailed visualization 
of these changes.3 Inflammatory spinal diseases, such as 
ankylosing spondylitis, involve chronic inflammation 
of the spinal joints, which leads to pain and stiffness. 
The pathogenesis of these diseases is linked to genetic 
markers such as HLA-B27.4 Advanced diagnostic methods, 
including MRI and blood tests for inflammatory markers, 
are essential for early detection and monitoring.5 Spinal 
tumors’ pathogenesis includes genetic mutations and 
environmental factors that lead to abnormal cell growth. 
Diagnostic imaging, biopsy, and molecular testing are 
crucial in identifying and characterizing spinal tumors, 
guiding treatment decisions.6,7

The advancements in spine diagnostics have a profound 
impact on modern healthcare, influencing clinical practice, 
patient outcomes, and healthcare systems. Improved 
imaging technologies, such as high-resolution MRI 
and three-dimensional (3D) CT scans, provide detailed 
visualization of spinal structures, enhancing diagnostic 
accuracy.8,9 The integration of genetic and molecular 
diagnostics enables personalized treatment plans. By 
understanding the genetic and molecular basis of spinal 
diseases, clinicians can tailor therapies to individual 
patients, improving efficacy and reducing adverse effects.10 
Advances in diagnostic imaging have facilitated the 
development of minimally invasive surgical techniques. 
Real-time imaging guidance during procedures minimizes 
tissue damage, reduces recovery time, and lowers 
the risk of complications.11 Early detection of spinal 
disorders through advanced diagnostics allows for timely 

intervention, potentially preventing disease progression 
and reducing the burden of chronic spinal conditions on 
patients and healthcare systems. Studies have shown that 
early intervention can significantly improve long-term 
outcomes for patients with spinal conditions.12 Accurate 
diagnostics and early interventions can reduce healthcare 
costs by decreasing the need for extensive surgeries 
and long-term care. Efficient diagnostic processes also 
streamline patient management, optimizing resource 
utilization within healthcare systems.

Accurate diagnosis of spinal conditions is critically 
dependent on the analysis provided by MRI.9,13-14 High-
quality spine MRI segmentation is crucial for enabling 
doctors to precisely locate and examine spinal structures, 
thereby facilitating the diagnosis of various spine-related 
diseases such as disc herniation and spinal deformities.15,16 
Accurate segmentation results are essential for assessing 
the severity of these conditions and developing effective 
treatment plans.

To address the labor-intensive nature of medical 
imaging tasks, there is a growing trend toward data-
driven approaches in contemporary medical imaging 
technology.17,18 Traditional image processing techniques, 
such as thresholding,19 edge detection,20 and mathematical 
morphology,21 have yielded some positive outcomes. 
However, significant advancements have been made in 
recent years with the advent of deep learning methods, 
particularly convolutional neural networks, which have 
revolutionized spine medical image segmentation.22,23 
Models such as U-Net,24 DeepLab,25 and Fully 
Convolutional Networks26 have been extensively applied 
to spine image segmentation tasks, with the U-Net 
architecture achieving notable success. This model excels 
in extracting and representing feature information in MRI 
medical image analysis.

To further enhance U-Net’s ability to capture multi-
scale information, Huang et al. introduced U-Net++,27 
which incorporates full-scale skip connections. This design 
effectively aggregates low-level and high-level semantic 
information, improving segmentation performance. 
However, the practical application of U-Net++ is 
challenged by the large size of spine medical images and 
the network’s complex structure, leading to prolonged 
training times and reduced accuracy due to the intricate 
nature of spinal images.

This study proposes an innovative and efficient spine 
segmentation method called “J-Unet” network to overcome 
these limitations and improve model accuracy while 
reducing training costs. Our approach includes optimizing 
multi-scale skip connection paths and deepening the 
network depth of the upsampling component to capture 
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finer features across different depths. The key contributions 
of this study are as follows:
(1)	 Optimization of multi-scale skip connection paths: 

By refining these paths, we can better control model 
parameters while ensuring high segmentation 
accuracy.

(2)	 Increased network depth in the upsampling process: 
This modification enables the model to reconstruct 
complex structures and details more accurately, 
enhancing overall precision.

(3)	 Introduction of residual connections: These 
connections are incorporated locally to mitigate the 
problem of gradient vanishing, accelerate training, 
and strengthen the network’s feature learning and 
representation capabilities.

In summary, the proposed method addresses the 
challenges of excessive training time and model accuracy 
in spine MRI segmentation. By optimizing the architecture 
of U-Net++, we aim to provide a more efficient and 
precise tool for medical professionals, thereby improving 
diagnostic and treatment outcomes for spinal diseases.

2. Data and methods
In this section, the dataset used in this study and the 
processing methods employed are introduced. A detailed 
description of the proposed J-Unet architecture, designed 
specifically for spine MRI image segmentation, is also 
provided.

2.1. Dataset and processing methods

The dataset utilized in this study consists of T2-weighted 
MRI scans obtained from a cohort of 215 patients, sourced 
from multiple medical institutions to ensure diversity and 
robustness in the data.28,29 All images are provided in Nifti 
format, a widely recognized standard for medical imaging, 
which facilitates comprehensive 3D visualization and 
analysis.

Initially, the dataset’s labels included 21 distinct pixel 
values representing various anatomical structures and 
features. For the purposes of this study, these original 
labels were reclassified into three primary categories: 
vertebral bone, intervertebral disc, and background 
regions. This reclassification simplifies the segmentation 
task, focusing on the most clinically relevant structures. 
The reclassified pixel values for segmentation are detailed 
in Table  1, providing a clear framework for subsequent 
image processing and analysis.

We configured the training and validation datasets 
with a 4:1 ratio. To ensure a balanced and representative 
distribution of data, the allocation was performed 
through random sampling, which mitigates potential 

biases and ensures that the training dataset captures a 
comprehensive range of variations present in the images. 
Each input spine image is standardized to a size of 512 
× 512 pixels to maintain consistency and optimize the 
computational efficiency during model training. Figure 1 
shows an example of an original spinal MRI image and its 
corresponding label image, illustrating the visual clarity 
and distinct boundaries of the segmented regions.

2.2. J-Unet architecture

The J-Unet architecture introduced in this study represents 
a significant evolution from traditional U-Net and U-Net3+ 
designs, addressing some of the limitations inherent in 
these models and incorporating advanced features to 
enhance performance in spine MRI image segmentation. 
Figure 2 illustrates the architecture of the proposed J-Unet, 
highlighting the innovative structural elements that 
differentiate it from its predecessors.

2.2.1. Asymmetric network architecture

One of the most notable advancements in the J-Unet model 
is its asymmetric network architecture, which diverges 
from traditional U-Net structures by extending the 
upsampling pathway with three additional layers compared 
to its downsampling counterpart. This asymmetry is 
deliberately engineered to enhance the network’s ability 
to capture and reconstruct complex, hierarchical features 
more comprehensively. By increasing the depth on the 
upsampling side, the model can progressively refine the 
spatial resolution of the feature maps, thereby improving 
the accuracy of the segmentation output.

In this design, the input and output channels of 
these additional upsampling layers are set to 120, 
effectively reducing the number of parameters without 
compromising accuracy. The advantages of an asymmetric 
network architecture are evident in its enhanced ability 
to precisely reconstruct complex structures and details. 
Traditional symmetric architectures often struggle with 
images characterized by irregular shapes and intricate 
edges. By increasing the depth on the upsampling side, the 
asymmetric network better adapts to these complexities. 
It also utilizes skip connections between specific scales 
to fine-tune model parameters while maintaining 
segmentation accuracy.

The depth of the upsampling pathway in the J-Unet 
is crucial for reconstructing the finer details of spinal 

Table 1. Reclassified pixel values for segmentation

Vertebral bone Intervertebral disc Background regions

(100 100 100) (255 255 255) (0 0 0)
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structures, which are often lost in traditional symmetric 
architectures. This extended pathway allows the network 
to learn more detailed and nuanced representations of 
the spinal structures, crucial for tasks that require high 
precision, such as medical image segmentation. The ability 
to capture and reconstruct hierarchical features ensures 
that the segmentation of the spine is both accurate and 
reliable, which is essential for clinical applications where 
precise anatomical delineation is required for diagnosis 
and treatment planning.

2.2.2. Adjacent-scale skip connections

Unlike the U-Net3+ architecture, which utilizes fully-
scaled skip connections, the J-Unet adopts adjacent-scale 
skip connections. This approach strategically reduces 
the redundancy and overall parameter count associated 
with the skip connections while maintaining the ability 

to leverage multi-scale feature information effectively. 
Fully-scaled skip connections can introduce excessive 
redundancy, leading to an unnecessary increase in 
computational load and model complexity. In contrast, 
adjacent-scale skip connections streamline the network, 
reducing computational overhead without sacrificing the 
richness of the multi-scale features. This optimization not 
only simplifies the network architecture but also enhances 
computational efficiency and model scalability, making the 
J-Unet more practical for large-scale applications and real-
time processing.

In the J-Unet model, the size of feature maps does 
not uniformly change by integer multiples. For instance, 
adaptive max pooling is employed to resize a 256 × 256 
feature map from the encoder to a 192 × 192 feature map in 
the decoder, whereas standard fixed window max pooling 
is used for regular size adjustments. This method enhances 

Figure 2. The architecture of the proposed J-Unet

Figure 1. Example original spinal magnetic resonance imaging image and its corresponding label image
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internal information flow and integration within the 
network, improves the perception of detailed structures and 
edges, and ultimately boosts the accuracy of segmentation 
tasks. Figure 3 illustrates these tailored connections in the 
J-Unet architecture, showcasing how the model efficiently 
integrates multi-scale information without the overhead of 
fully-scaled connections.

Adjacent-scale skip connections allow the network 
to capture both fine-grained details and coarse-grained 
semantics across different scales but with fewer parameters. 
This design retains the ability to capture detailed features 
necessary for accurate segmentation while reducing the 
computational burden, making the model more efficient 
and scalable. The strategic use of these connections ensures 
that the model can effectively integrate information from 
different scales, enhancing its ability to accurately segment 
complex spinal structures.

2.2.3. Partial residual connections (PRCs)

The addition of three upsampling layers not only deepens 
the network architecture but also introduces the risk 
of gradient vanishing. To counteract this and boost the 
network’s feature representation capabilities, residual 
connections are strategically employed during the 
upsampling process. Residual connections, introduced by 
He et al.30 in their seminal work on deep residual networks, 
are designed to preserve and reuse the information captured 
in earlier layers, addressing the vanishing gradient problem 
and facilitating the training of deeper networks.

In the J-Unet model, each decoder layer is connected 
to the largest-scale feature map from the most adjacent 
layer through a residual connection, allowing for the 
construction of an even deeper network. The innovation of 
PRCs offers several advantages. Unlike traditional global 
residual connections, PRCs are more selective, maintaining 
and transmitting essential feature information and thereby 
enhancing the network’s ability to learn complex feature 
representations more efficiently.

This selective connection strategy not only accelerates 
the training process but also reduces resource consumption. 
Overall, PRCs significantly improve training stability, 
enhance learning capacity, and bolster the generalization 
performance of neural networks, making them a vital 
component in the design of advanced deep learning models. 
By preserving critical information from earlier layers and 
reintroducing it at later stages, PRCs facilitate a more robust 
learning process, enabling the network to capture intricate 
details and complex patterns within the spinal MRI images.

2.2.4. Integration of advanced structural elements

The integration of these advanced structural elements in 
J-Unet, including extended asymmetry in the upsampling 
path, optimized skip connections, and strategic use of 
residual connections, aims to improve the accuracy 
and efficiency of spine MRI image segmentation. These 
enhancements enable the model to handle the intricacies 
of medical imaging data, which often involve complex 
anatomical variations and subtle pathological features. 

Figure 3. Detailed illustration of connections in J-Unet
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By effectively managing these complexities, the J-Unet 
architecture supports more precise diagnostic outcomes 
and potentially informs better clinical decision-making.

Accurate segmentation of spine MRI images can aid 
in the early detection and diagnosis of spinal pathologies 
such as disc herniation, spinal stenosis, and tumors. Precise 
delineation of these structures is essential for planning 
surgical interventions, assessing disease progression, and 
evaluating treatment efficacy. The improved segmentation 
performance offered by the J-Unet model can therefore 
contribute to better patient outcomes by enabling more 
targeted and effective treatments.

Moreover, the computational efficiency and scalability 
of the J-Unet architecture make it suitable for deployment 
in clinical settings where rapid processing of large volumes 
of imaging data is required. This is particularly important 
in modern healthcare environments, where the demand 
for advanced imaging techniques is increasing, and the 
ability to process and analyze data quickly can significantly 
impact the quality of care provided.

3. Results and analysis
In this section, we detail the organization and methodology 
of our experimental study using magnetic resonance (MR) 
imaging data. The dataset, comprising MR image sequences 
from 215 patients, was stratified into training and test sets 
in a 4:1 ratio. This separation was carefully designed to 
ensure both sets were representative of the overall dataset, 
supporting the generalizability of our findings. Using the 
J-Unet architecture, we developed a model capable of 
automatically segmenting vertebrae and intervertebral 
discs within spinal MR images. The performance of this 
model was rigorously evaluated to ascertain its efficacy 
in medical imaging tasks. In addition, to provide a 
comprehensive analysis of our model’s capabilities, we 
compared its performance with several other established 
neural network architectures: Unet, Unet++, Unet+++, 
and Res-Unet. This comparative study aimed to highlight 
the strengths and potential areas for improvement in the 
J-Unet architecture relative to other models in handling 
complex segmentation tasks in spinal MR images.

The computational experiments were conducted using 
the Pytorch framework and cuDNN library, optimized for 
deep neural network operations. All models were trained 
on a robust hardware setup featuring a single NVIDIA GTX 
3090 graphics processing unit. This high-performance 
computing environment ensured efficient processing of 
large-scale data, facilitating timely training and evaluation 
of the models. This systematic approach allowed us to not 
only assess the specific advantages of the J-Unet model but 
also to establish a baseline for performance against other 

prominent architectures in the field, thereby providing a 
clear perspective on the current state of the art in spinal 
MR image segmentation.

3.1. Experimental setup

We utilized three evaluation metrics to assess the 
segmentation performance of our models: accuracy, mean 
intersection over union (mIOU), and dice coefficient. 
These metrics provide a comprehensive view of the model’s 
effectiveness in segmenting vertebrae and intervertebral 
discs in spinal MR images. The formulas for these metrics 
are as follows:
(1)	 Accuracy: Measures the proportion of true results 

(both true positives [TP] and true negatives [TN]) 
among the total number of cases examined.

+
=

+ + +
TP TNAccuracy

TP FN FP TN
� (I)

(2)	 mIOU: Calculates the average IOU across all classes, 
providing an overall measure of segmentation 
performance.

+
=

2
cIOU ucIOUmIOU � (II)

(3)	 Dice coefficient: Evaluates the overlap between the 
predicted and ground truth segments, often used in 
medical image analysis.

=
+ +
2

2
TPDice

TP FP FN
� (III)

Definitions of confusion matrix terms are given below:
•	 TP: A positive class instance correctly predicted as 

positive.
•	 False negative (FN): A  positive class instance 

incorrectly predicted as negative.
•	 False positive (FP): A  negative class instance 

incorrectly predicted as positive.
•	 TN: A negative class instance correctly predicted as 

negative.

In these definitions, TP and TN indicate correct 
predictions of the instance class, while FN and FP 
indicate incorrect predictions. Table 2 outlines the specific 
parameter settings used for the segmentation model.

These settings were carefully chosen to optimize model 
performance and ensure reliable evaluation metrics. They 

Table 2. Parameter settings of the segmentation model

Parameter Learning rate Optimizer Batch size Epoch

Value 1e‑4 Adam 2 100
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include details on learning rate, batch size, number of 
epochs, and other hyperparameters critical for training 
deep learning models. The segmentation performance 
of J-Unet was benchmarked against several established 
models: Unet, Unet++, Unet+++, and Res-Unet. Each 
model was trained and evaluated using the same dataset 
and parameter settings to ensure a fair comparison. The 
results were analyzed using the aforementioned metrics to 
determine the relative strengths and weaknesses of each 
model.

3.2. Optimization and loss function selection

In this study, we utilized the Adam optimizer due to its 
significant advantages in deep learning model training. 
Adam’s ability to apply different scaling factors to 
parameter updates facilitates the discovery of the global 
optimum more efficiently during the training process. This 
tailored approach to parameter adjustment helps navigate 
the complex loss landscapes often encountered in deep 
learning models, ensuring that each parameter evolves at 
an appropriate pace. By adaptively adjusting the learning 
rate for each parameter, Adam accelerates convergence, 
enhancing the overall efficiency of the training process. In 
addition, Adam is known for its computational efficiency 
and ease of implementation. It requires less memory 
compared to other optimizers, making it ideal for handling 
large-scale data and complex models. To ensure stable 
convergence towards a local optimum, we set the learning 
rate to 0.0001. This small learning rate helps in fine-tuning 
the model parameters, preventing overshooting and 
ensuring a smooth descent in the loss landscape.

The choice of Dice Loss as the loss function for this 
study is driven by its effectiveness in addressing common 
challenges in medical image segmentation. Dice Loss is 
particularly robust in scenarios with imbalanced classes, 
a common occurrence in medical imaging. Its calculation 
involves the intersection and union of the predicted and 
true values, making it less sensitive to the disproportionate 
pixel counts of different classes. This robustness ensures 
that the model performs well even when certain classes are 
underrepresented.

Moreover, Dice Loss provides smoother gradients 
compared to other loss functions, contributing to a more 
stable training process. This stability helps mitigate issues 
such as exploding or vanishing gradients, which can hinder 
the training of deep neural networks. By emphasizing the 
similarity between predicted and true segmentations, Dice 
Loss encourages the model to produce accurate and refined 
segmentation results. This focus on overlap and accuracy is 
crucial for tasks requiring precise delineation of structures, 
such as in medical imaging where detail and precision are 
paramount.

The proven applicability of Dice Loss in medical 
imaging further validates its use in this study. Dice Loss 
is widely employed in medical image segmentation 
tasks, particularly those demanding high accuracy, such 
as tumor segmentation. Its sensitivity to fine structures 
and boundaries makes it an excellent choice for medical 
applications, where the accurate segmentation of anatomical 
structures is critical for diagnosis and treatment planning. 
The combination of the Adam’s optimizer and Dice Loss 
provides a robust framework for training our segmentation 
model. Adam’s efficiency and adaptability, coupled with 
Dice Loss’s robustness to class imbalance and emphasis on 
accurate segmentation, ensure a high-performance model 
suitable for the complexities of medical image analysis.

3.3. Model training

During the training process, Dice Loss was employed as 
the loss function for our deep learning model. Dice Loss 
is a widely used metric in image segmentation tasks, 
designed to measure the similarity between the predicted 
segmentation and the ground truth.

The segmentation models, namely UNET, UNET++, 
UNET+++, ResUNET, and J-UNET, were trained using 
the training set. Figure  4 illustrates the variation of loss 
and Dice coefficient during training and validation for 
these five models. The graphs provide a clear comparison 
of how each model’s performance evolved over the training 
epochs. During the training process, we encountered 
several instances of gradient explosions, particularly with 
the UNET+++ model. These gradient explosions resulted 
in a sharp increase in loss values. To address this issue, we 
employed a strategy of resuming training from checkpoints 
saved before the occurrence of the gradient explosions. 
This approach allowed us to continue training effectively, 
leading to eventual convergence. The training of the 
remaining network models exhibited normal convergence 
patterns without such disruptions.

Upon analyzing the final convergence ranges, it was 
evident that J-UNET and UNET achieved lower loss 
values on the training set compared to the other models. 
On the test set, although the differences in loss values 
among the various models were not substantial, J-UNET 
and ResUNET consistently demonstrated smaller loss 
values. This indicates that J-UNET, in particular, exhibited 
superior generalization ability, aligning well with the 
task objectives. The combination of Dice Loss and the 
robust architecture of J-UNET contributed to its superior 
performance in segmenting vertebrae and intervertebral 
discs in spinal MR images. The J-UNET model not only 
converged effectively but also showed a strong ability to 
generalize from the training set to the test set, making it a 
highly effective tool for medical image segmentation tasks.
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3.4. Results

Upon completion of the training phase for the various 
network models, we computed several key metrics on the 
test set to assess their performance. These metrics include 
dice, accuracy, and mIOU, which are standard measures 
for evaluating segmentation quality. For detailed formulas 
of these metrics, refer to section 3. The results, presented in 
Table 3, highlight the superior performance of the J-Unet 
model across all evaluation criteria.

As illustrated in Table  3, the J-Unet model achieved 
notable improvements in comparison to other models. 
Specifically, J-Unet improved the dice score by at least 
0.24%, accuracy by 0.74%, and mIOU by at least 0.24%. 
These improvements underscore the effectiveness of the 
J-Unet architecture in accurately segmenting spinal MR 
images.

In addition to evaluating segmentation performance, we 
compared the number of parameters across the different 
models, as shown in Table  4. Our J-Unet model, while 
having a parameter count approximately 29.3% higher than 
UNET, boasts approximately 78.1% fewer parameters than 
Res-UNET, 13.0% fewer than UNET+++, and roughly 8.6% 
fewer than UNET++. Despite its relatively smaller parameter 
count, J-Unet consistently achieved the highest performance 
in all evaluation metrics. This efficiency indicates that our 
model is not only accurate but also resource-effective.

The experimental results clearly demonstrate that 
the design choices of J-Unet, such as the asymmetric 

network structure, adjacent-scale skip connections, and 
PRCs, contribute significantly to its enhanced accuracy 
and generalization capabilities. These architectural 
innovations enable J-Unet to maintain high performance 
with fewer parameters, reducing the computational 
resources and time required for both training and 

Table 4. The number of parameters of different models

Model Unet Unet++ Unet+++ Res‑Unet J‑Unet

Total 
parameters

17267523 24423232 25659999 101942977 22331979

Notes: Percentages indicate the relative reduction in the total number 
of parameters compared to reference models. Formula: Reduction % = 
[(Params_{baseline} - Params_{J-Unet}) / Params_{baseline}]×100.

Table 3. Scores obtained of all models

Model Dice Accuracy mIOU

Unet 0.8791 0.9613 0.8093

Unet++ 0.8885 0.9655 0.8264

Unet+++ 0.8866  0.9606 0.8248

Res‑Unet 0.8889 0.9642 0.8241

J‑Unet 0.8913 0.9729 0.8288

Notes: The values in boldface indicate the best performance among all 
models in each metric. The improvement values represent the absolute 
difference (percentage points) between J-Unet and the second-best 
performing model in each metric. Formula: Improvement = (Score_
{J-Unet} - Score_{baseline})×100.  
Abbreviation: mIOU: Mean intersection over union.

Figure 4. Loss values and evaluation metrics in model training and validation. (A) Training Loss; (B) Validation Loss; (C) Training Dice Coefficient; and 
(D) Validation Dice Coefficient

DC

BA
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inference. Figure  5 shows the segmentation maps of 
different models. The superior performance and efficiency 
of J-Unet affirm the benefits of its innovative design. The 
model’s ability to achieve high segmentation accuracy 
with a smaller parameter footprint makes it valuable 
for medical image segmentation, providing a practical 
solution that balances performance with computational 
efficiency.

4. Conclusion
In this study, we introduce a novel asymmetric U-Net 
architecture, termed J-Unet, designed for efficient 
and accurate spine MRI image segmentation. J-Unet 
distinguishes itself from conventional U-Net and its 
variants through its asymmetric encoder-decoder 
structure, featuring a deeper upsampling path that 
enhances the precise reconstruction of anatomical details. 
The incorporation of adjacent-scale skip connections 
and PRCs allows J-Unet to reduce the number of model 
parameters while maintaining the flow of multi-scale 
contextual information. We rigorously evaluated J-Unet 
using a dataset comprising 215 spine MRI images. The 
results indicate that J-Unet significantly outperforms 
other models, including U-Net, U-Net++, and U-Net+++, 
achieving at least a 0.24% improvement in both dice score 
and mIoU. Furthermore, J-Unet operates with substantially 
fewer parameters compared to U-Net+++ and Res-UNET, 
demonstrating superior performance and efficiency. In 
conclusion, this study presents an innovative asymmetric 
U-Net architecture specifically tailored for spine MRI 
image segmentation. J-Unet’s unique design enables 

precise localization and segmentation while optimizing 
parameter efficiency, making it a highly accurate and 
resource-effective solution. Our model offers a promising 
advancement in automating spine segmentation in medical 
image analysis, potentially enhancing diagnostic processes 
and treatment planning.
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