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Abstract—Medical image segmentation is a critical and chal-
lenging task in modern medicine. This task faces issues such
as low contrast between the target structures and surrounding
tissues, as well as uncertainties in the morphology and location
of pathological tissues. These challenges often result in the
suboptimal performance of traditional segmentation methods,
especially when dealing with complex structures. To address
these issues, we propose a UNet model integrated with shape
priors. This model utilizes a Shape Prior Module (SPM) to
generate and update shape knowledge, which is then integrated
as feature maps into the skip connections of the U-shaped
network. By combining global and local information, the SPM
enhances the network’s comprehensive understanding of the
image. Additionally, this module can be seamlessly integrated
with the convolutional neural network architecture, enhancing
the model’s practicality and generalization capabilities. Moreover,
we design a comprehensive loss function that integrates Dice, CE,
and BoundaryDoU metrics, significantly improving the efficiency
of model parameter optimization and learning. Experimental
results on two medical image datasets demonstrate that the
proposed shape prior network model yields better outcomes in
enhancing segmentation accuracy and improving classification
detection precision.
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I. INTRODUCTION

The application of computer vision technology in healthcare
is rapidly expanding and revolutionizing various aspects of
medical practice. Among these advancements, medical image
segmentation is particularly crucial, playing a pivotal role
in early disease diagnosis, continuous condition monitoring,
and treatment efficacy evaluation. The ability to accurately
delineate anatomical structures and pathological regions within
medical images provides clinicians with invaluable insights for
informed decision-making and personalized patient care.

Convolutional Neural Networks (CNNs) have long dom-
inated computer vision tasks like image classification and
object detection, thanks to their ability to learn hierarchical
features from image data through scale expansion, enhanced
connectivity, and refined convolution operations [1]. However,
CNNs have inherent limitations in capturing global contextual
information, crucial for understanding complex inter-regional
relationships within an image. This limitation is particularly
pronounced in medical image segmentation, where the contrast
between target structures and surrounding tissues is often low,
and the morphology and location of pathological tissues are
highly variable and ambiguous [2]. Consequently, traditional
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CNN-based segmentation methods may struggle, especially
with intricate anatomical structures or subtle pathological
changes, to achieve satisfactory performance.

Researchers have explored various strategies to enhance
CNN performance in medical image segmentation. One ap-
proach is increasing the convolution kernel size, effectively
expanding the CNN’s receptive field to capture more global
information [3]. However, this method significantly increases
computational complexity and memory consumption, limiting
its practicality, especially for high-resolution 3D medical im-
ages. Another approach is to deepen the network by adding
more convolutional layers [4]. While this can be beneficial to
some extent, excessively deep networks are prone to vanishing
or exploding gradients, hindering training and potentially
affecting model convergence [1].

The emergence of the Transformer architecture, initially
groundbreaking in natural language processing, has opened
new avenues for global information extraction in computer
vision [5]. The Transformer’s self-attention mechanism ef-
ficiently processes sequential data and captures long-range
dependencies. Unlike CNNs, which are inherently local in
their receptive field, the self-attention mechanism enables
Transformers to weigh information from all image parts,
regardless of spatial distance. This capability has proven
highly effective in natural language processing tasks and has
shown great promise in computer vision applications, such as
image segmentation and object detection. The self-attention
and multi-head attention mechanisms within the Transformer
architecture are particularly advantageous in handling medical
images, as they efficiently model complex spatial relation-
ships between different anatomical structures or pathological
regions, leading to a more comprehensive understanding of
image content.

Inspired by the success of Transformers in capturing global
contextual information, we propose a novel Transformer-
driven Shape Prior Module and seamlessly integrate it into
the UNet architecture, a widely adopted and highly effec-
tive model for medical image segmentation. Our proposed
SPM synergistically combines the strengths of both UNet
and the Transformer, leveraging the local feature extraction
capabilities of UNet and the global information processing
power of the Transformer. By embedding shape priors in
the UNet decoder pathway, our method guides segmentation
towards more anatomically plausible and accurate results,
especially for complex structures. This approach not only
enhances segmentation accuracy but also contributes to greater
consistency and robustness in the segmentation output.

Our main contributions are summarized as follows: (1) We
propose an innovative Shape Prior Module, comprising a Self-
updating Module and a Cross-updating Module, which are
capable of extracting global features and integrating local fea-
tures from the encoder, respectively. (2) The SPM seamlessly
integrates with existing UNet architectures, enhancing both
flexibility and practicality. (3) We introduce a comprehensive
loss function that combines Dice Loss, Cross-Entropy (CE)
Loss, and Boundary Dice Loss to achieve balanced learning

of detailed features and overall structure. Experimental results
demonstrate that our proposed method effectively addresses
the challenges faced by CNNs in handling complex medical
image segmentation tasks.

II. RELATED WORK

A. Medical Image Segmentation

The U-Net network architecture has become a widely
adopted method in medical image segmentation owing to its
exceptional performance and broad applicability. Introduced
by Ronneberger et al. in 2015 [6], the U-Net model is an end-
to-end convolutional neural network meticulously designed for
image segmentation tasks. This model comprises an encoder
and a decoder. The encoder performs down-sampling oper-
ations to extract abstract features, whereas the decoder re-
constructs image details through up-sampling processes. Col-
lectively, these components form the distinctive ~U”-shaped
structure.

In recent years, researchers have made numerous innovative
improvements to the original U-Net architecture in order to
further enhance model performance. For instance, U-Net++
introduces deep supervision mechanisms and dense skip con-
nections based on the original U-Net. These enhancements
are designed to optimize feature transfer paths and enhance
feature fusion, thereby improving the model’s ability to capture
detailed information [7]. Other models that have incorporated
enhanced skip connections include H-DenseUNet [8] and
UNet 3+ [9], among others.

The ResNet architecture integrates residual blocks within
both the encoder and decoder, thereby facilitating stable
training of deep neural networks [1]. The authors further
improved the architecture by introducing pre-activation adjust-
ments, resulting in the development of ResNetv2 [10]. Recent
advancements include modifying the topology of residual
blocks through the implementation of RobustResBlock, which
boosts the model’s robustness against adversarial attacks [11].
Additionally, channel-wise attention has been implemented to
improve performance in the ResNeSt architecture [12].

These advancements have significantly enriched the theory
and practice in the field of image segmentation. For instance,
EGE-UNet effectively achieves lightweight feature processing
by introducing the Grouped Multi-Axis Hadamard Product
Attention module (GHPA) and the Group Aggregation Bridge
module (GAB), thereby improving segmentation accuracy
while maintaining low parameter and computational costs [13].
Furthermore, the Multi-ResUNet model employs multi-scale
attention and hybrid dilated strategies, enabling the model
better handle features of different scales and enhance the
accuracy of medical image segmentation [14].

Although these improved methods have enhanced U-Net’s
performance to some extent, they also bring about new limi-
tations or challenges. For instance, increasing the convolution
kernel size may increase computational burden, and exces-
sively deep networks can lead to issues such as gradient
explosion [1].
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B. Transformer-based Segmentation

Since the introduction of the Transformer architecture by
Vaswani et al. in 2017, it has had a significant impact on
various fields, including computer vision and image segmen-
tation. The self-attention mechanism, which is at the core
of the Transformer architecture, has been proposed as an
alternative to traditional recurrent neural networks (RNNs)
and convolutional neural networks (CNNs). It enables parallel
processing of sequential data and enhances training efficiency
in many applications [5].

Several innovative Transformer-based models have
been proposed for image segmentation tasks, leveraging
the unique capabilities of the Transformer architecture.
The CGFormer model introduces a contrastive grouping
Transformer framework specifically tailored for directional
image segmentation tasks. This model employs learnable
query tokens to represent objects and achieves object-oriented
cross-modal reasoning through the iterative use of query
tokens and visual features [15]. On the other hand, the
OneFormer model, introduced by Hassani et al., demonstrates
exceptional performance by processing and optimizing
panoramic, semantic, and instance segmentation tasks through
the collaborative intervention of task-conditioned input, multi-
scale feature extraction, task-conditioned query generation,
and a Transformer decoder [16; 17; 18].

In medical image segmentation, the Swin UNETR model
amalgamates the hierarchical window attention mechanism of
the Swin Transformer with the traditional UNet architecture,
specifically targeting the semantic segmentation of brain
tumor MRI images. This approach effectively integrates local
and global information, achieving efficiency and accuracy in
3D image segmentation [19; 20]. Chen et al. [21] proposed a
TransUNet model, which employs a hybrid CNN-Transformer
architecture. It leverages the strengths of both CNNs for
low-level feature extraction and Transformers for capturing
long-range dependencies and global context, thus enhancing
the performance of medical image segmentation.

The Uni3DETR model, proposed by Wang et al., is a unified
3D detection model that adopts a point-voxel interaction
detection transformer for object prediction. It enhances the
model’s generalization ability in diverse scenarios through
the use of hybrid query points and decoupled IoU techniques
[22; 23]. The nnFormer model, introduced by Zhou et al.,
is a volumetric segmentation framework that combines the
benefits of both CNNs and Transformers. It employs a CNN-
based encoder for feature extraction and a Transformer-based
decoder for capturing long-range dependencies, achieving
state-of-the-art performance in various 3D medical image
segmentation tasks [24].

While Transformer models have demonstrated considerable
promise in image segmentation tasks, they are not without
limitations. These architectures can be computationally
intensive when processing large-scale datasets or high-
resolution images. Additionally, the generalization ability
of Transformer models often depends on pre-training

with large-scale datasets, which may limit their flexibility
in applications with limited data [25]. To address these
challenges, researchers have proposed hybrid architectures
that combine the strengths of Transformers with other neural
network frameworks, such as CNNs. These hybrid approaches
aim to balance the trade-off between computational efficiency
and segmentation accuracy [21; 24].

In summary, Transformer models have significantly
influenced the field of image segmentation, offering unique
architectural advantages and providing effective solutions to
various challenges. Researchers are continuously exploring
new ways to leverage the power of Transformers in image
segmentation tasks, advancing the capabilities within
this evolving field. Though the future advancements in
hardware acceleration and algorithm optimization hold
potential, a cautious approach is warranted to manage current
computational constraints and the need for large-scale datasets.

III. METHODS

As illustrated in Fig. 1, the model consists of the encoder
and decoder of a conventional U-shaped network, along with
our designed hierarchical shape prior module. Unlike a typical
U-shaped network, where feature maps F' extracted by the en-
coder are directly passed to the decoder via skip connections,
our model integrates F' with an iteratively updated shape prior
S, within the shape prior module, resulting in an updated
feature map F\pdated- This updated feature map, which retains
the same shape as F' but incorporates stronger global infor-
mation about the target, achieves multi-scale feature fusion
and replaces F' in guiding the decoder for more accurate
segmentation predictions.

A. Self-Updating Module

The self-updating module employs a self-attention mecha-
nism to update the shape prior, enhancing its ability to capture
global information and internal structural relationships, then
outputs it to the cross-update module.

The input to the self-updating module is S, which is
randomly initialized as Sy for the first layer, and as S., the
output from the cross-update module of the previous layer, for
subsequent layers. The shape of S is (B, C, H, W, D), where
B is the batch size, C is the number of channels, and H, W,
D denote the height, width, and depth, respectively.

As a preprocessing step, the spatial dimensions of S are
flattened to one dimension, transposed to yield a shape prior
S, with dimensions (B, HW D, '), and layer normalized to
reduce internal covariate shift and enhance training stability:

S, = LayerNorm(S,) (1)

Subsequently, S, undergoes preprocessing to compute the
query matrix @, key matrix K, and value matrix V' with
weights Wg, Wy, and Wy, respectively:

K =S8 Wg

Q =S, W, V=58Wy )
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Fig. 1. Structure of the proposed network. (a) The network is designed based on U-shaped network structure. The skip connections in it are replaced by a
shape prior module composed of a self-update module and a cross-update module. (b) Structure of the Self-Updating Module. (c) Structure of the Cross-Update

Module.

The attention probability matrix A p is computed, incorpo-
rating Dropout regularization to prevent overfitting:

T
Ap = Dropout (Softmax <QI{ + PE)) 3

VN
where N denotes the number of classes, and Pg is the
positional embedding matrix.

Using Ap and the value matrix V/, the context vector Cy
is derived as follows:

Cy=Ap-V 4

This process captures global dependencies and long-range
feature associations in the input data via the self-attention
mechanism[26], dynamically adjusting feature representations
for each position by computing the similarity between input
features.

The context vector Cy updates the module’s input S, by
adding Cy to S,, implementing a residual connection that
facilitates better information and gradient flow. The result is
further layer normalized, producing the updated shape prior
S’

S, = LN(S, + Cv) 5)

To introduce nonlinearity and enhance feature expression
capabilities, S/ is fed into a two-layer fully connected network
and processed using the GELU activation function. The output
S fn2 is added back to the original input S to form another
residual connection, aiding efficient information and gradient
transmission. The final result is layer normalized to yield the
output S, of the self-updating module:

Sffnl = GELU(S;Wl + bl) (6)
Stino = SrniWa + by (7
Sy =LN(S, + Syfn2) (8)

where W, and W, are weights for the first and second linear
transformations andb;andbqare the respective biases.

B. Cross-Update Module

The cross-update module integrates the shape prior S,
output from the self-updating module with feature maps F'
extracted by the encoder, introducing shape prior information
into the decoding process while updating and optimizing the
shape prior.

Initially, the module preprocesses F' and S, resulting in
F, and S, with shapes (B, C, DHW) and (B, N, DHW),
respectively. These are fused based on the computation of class
features [22], with the result normalized:

F..ST
Cr = Softmax | — =%

VN

C'r is then combined with S, using the Einstein summation
convention, producing a new feature map which is added to
the original feature map F' in a residual connection manner.
This retains the original convolutional features while incorpo-
rating shape prior information, enhancing the feature map’s
expressiveness and sensitivity to target shapes and structures:

)

Fupdated = Fr + CF ' Sg (10)
The updated feature map Fipqated i reshaped back to its
original form and passed to the encoder via skip connections.
Simultaneously, Fypdated i used to generate a shape prior
S, containing both global and local information, which serves
as input to the self-updating module in the next layer:

S. = DownSample(Residual( Fypdated), 5) + Sg an

where Resblock(-) denotes a residual convolution block, and
DownSample(-, s) uses the interpolate function with a scaling
factor s.
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C. Loss Functions

Our model incorporates three loss functions: Dice Loss,
Cross-Entropy Loss, and BoundaryDoU Loss [27].

The Dice Loss measures the similarity between two sets
of samples, guiding the segmentation task in our model
to increase the overlap between predicted and ground truth
regions. The formula is:

 2|Pu NGl
|Pn| + |Gl

where P,, represents the predicted mask and G,, represents
the ground truth mask.

The Cross-Entropy Loss quantifies the difference between
predicted and actual distributions, guiding the multi-class
classification task in our model. Its formula is:

LDice =1 (12)

1 M N
LCrosstntropy = _M Z Z Yin IOg(pzn)

i=1n=1

13)

where M is the number of samples, and y; ,, and p; ,, are the
true label and predicted probability for sample ¢ in class n,
respectively.

The BoundaryDoU Loss measures the discrepancy between
predicted and ground truth boundaries. This loss function
is included to prevent the neglect of small but clinically
significant structures, such as fine vessels and tissues, which
might be overlooked. The formula is:

| Py AGy|
|PAGy| + [Py N Gyl

where P, and G} represent the predicted and ground truth
boundaries, and |P,AG}| represents the symmetric difference
between the predicted and ground truth boundaries. The sym-
metric difference, denoted by A, includes elements that are in
either of the sets but not in their intersection.

LBounda'r‘yDoU = (14)

IV. EXPERIMENT

A. Dataset and Preprocessing

We utilized datasets from the MICCAI 2022 Kidney Multi-
Organ Segmentation Challenge (KiPA 22) [28; 29; 30; 31] and
the MICCAI 2017 Automated Cardiac Detection Challenge
(ACDC) [32]. KiPA 22 is an abdominal kidney segmentation
CTA dataset containing 130 cases, aiming to segment four
categories: 3D kidneys, kidney tumors, renal arteries, and renal
veins. ACDC is a cardiac cine MRI dataset containing 100
cases, targeting the segmentation of three categories: 3D left
ventricle, right ventricle, and myocardium.

To streamline and standardize the training process, and to
minimize the interference from irrelevant edge regions, we per-
formed resampling and normalization on the data beforehand.
We applied cubic spline interpolation [33] to the raw data
and nearest neighbor interpolation [34] to the label data. As
a result, the KiPA 22 dataset was cropped to 160x128x128
centered on the kidney region, and the ACDC dataset was
cropped to 32x128x128 centered on the heart region. To

enhance feature representation, accelerate convergence, and
improve model performance, we applied Z-score normaliza-
tion to the resampled data. During training, we employed
three data augmentation methods: random perturbation of pixel
values, random rotation, and flipping of images and labels,
which increased data diversity and improved model robustness.

B. Implementation Details

The segmentation model adopts a U-shaped network as
the backbone, augmented with ResNet residual blocks. The
encoder structure resembles that of ResUNet. For the decoder,
we define four stages with channel numbers set to 256, 128,
64, and 16 for each stage. Three shape prior modules are
integrated into the model, which update features using self-
attention mechanisms with 8 attention heads. To accommodate
varying channel numbers of skip connection feature maps
across layers in the model, we design different scaling factors
for the shape prior modules, specifically 2, 4, and 8. All models
in the experiments were optimized using the AdamW [35]
optimizer, initialized with a learning rate of Se-4. A cosine
annealing strategy dynamically adjusts the learning rate, and
a warm restart is performed every 25 epochs to help the model
escape local optima and improve generalization.

All experiments are conducted in a PyTorch 1.13.1 and
CUDA 11.7 environment, with training performed on an
NVIDIA GeForce RTX 4090 with 24GB of VRAM.

C. Baseline methods and metric

We compared our method with the basic 3D UNet [36]
and several state-of-the-art UNet methods, which can be
categorized into three types: 1) three-dimensional extension
models of U-Net, namely 3D UNet; 2) improved methods
without incorporating transformers, including nnUNet [37] and
UXNet [38]; 3) improved methods incorporating transformers,
namely SwinUNETR [19]. For evaluation metrics, we used the
Dice Similarity Coefficient (DSC), the 95th percentile Haus-
dorff Distance (H Dys), and the Average Symmetric Surface
Distance (ASSD). These metrics comprehensively evaluate
the model’s performance in terms of overall overlap between
segmentation results and labels, maximum boundary error, and
overall surface distance.

2x|ANB
psc(a, By = 22X ANBI (15)

4]+ 1B]
HDgs(A, B) = inf [la — b2, inf ||b— 16
o5(A, B) = max { sup inf fla bl sup inf o —alaf 0

95%

ASSD(A, B) = m (anA Jnt lla = bll2 + Eg Jnf ]Ib - ‘1||2>
a7
where A denotes the set of segmentation results, B denotes the
set of ground truth labels, a and b represent elements from A
and B respectively, and max{-}g5¢, denotes the 95th percentile
maximum value of the calculated distance set.
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D. Results and discussion

KiPA 22: This dataset presents segmentation challenges due
to morphological variations, distribution changes, class im-
balance, and low salience across four categories. The model
needs to extract and utilize global information and capture
long-range spatial dependencies within the image.

Our model was evaluated on the KiPA 22 dataset, and the
trends of the loss function and Dice Coefficient are shown in
Fig. 2. Both the training and validation losses drop rapidly and
then stabilize, while the Dice Coefficient steadily approaches
0.9. This shows that our model achieves accurate segmentation
of medical images and exhibits good generalizability.

038 1
0.6 J

N

0.2

—— Training Loss
—— Validation Loss

Value

—— Training Dice Coefficient
Validation Dice Coefficient

0 100 200 300 400 500
Epoch

Fig. 2. Trends of loss and DSC during training and validation of KiPA 22.

As shown in Fig. 3, previous models exhibited segmentation
errors to varying degrees. For nnUNet and UXNet,
segmentation errors primarily occurred in the renal arteries
and veins. We attribute this to the lack of global information
guidance, which prevents capturing long-range spatial
dependencies in the images. SwinUNETR, on the other
hand, particularly misidentified kidney tissue as tumors,
performing only slightly better than 3D UNet. We believe
this is due to insufficient integration of U-shaped network
and transformer elements in SwinUNETR, resulting in a
loss of the U-shaped network’s capability for local feature
extraction and segmentation. In contrast, our model did not
exhibit significant segmentation errors.

Further quantitative analysis was conducted, and the exper-
imental results are shown in Table I. Our model achieved
the best results, with a DSC improvement of 5.2636%, a
reduction in HD95 by 9.9105mm, and a reduction in ASSD
by 1.9110mm compared to the baseline 3D UNet. Compared
to the second-best performing nnUNet, our model’s DSC
improved by 1.4587%, HD95 decreased by 0.4041mm, and
ASSD decreased by 0.1526mm. The results indicate that our
model’s improvements, incorporating shape priors, outperform
other methods, demonstrating stronger global feature extrac-
tion and utilization capabilities while retaining the local detail
segmentation advantages of the U-shaped network.

ACDC: As shown in Fig. 4, all models except ours exhibited
significant errors such as missing right ventricles and exces-

Renal vein

Runal artery - Kidney

—
&,

nnUNet

3D UNet UXNet SwinUNETR Ours

Fig. 3. Examples of segmentation results of different models on the KiPA
22 dataset.

TABLE I
SEGMENTATION ACCURACY OF DIFFERENT MODELS ON THE KIPA 22
DATASET.
Segmentation MIICA KiPA 22 Dataset
Method DSCt (%) | HDgs| (mm) | ASSD| (mm)
3D U-Net 0.8192 12.2498 2.5767
nnU-Net 0.8609 5.9381 1.2620
UX-NET 0.8600 5.9266 1.1605
SwinUNETR 0.8428 6.2783 1.5369
Ours 0.8718 2.3394 0.6656

sively thin or even missing myocardium in their segmentation
results. From the segmentation evaluation metrics presented in
Table 1II, it is evident that, apart from the baseline model, the
results of different models were highly similar, especially for
DSC, which approached 90.00%. Our model, while avoiding
significant segmentation errors, achieved a DSC exceeding
92.00%, reduced HD95 to below 2mm, and decreased ASSD
to below 0.5mm.

- Myocardium

Leﬁ ventricle

3D UNet nnUNet UXNet SwinUNETR Ours

nght ventricle

Fig. 4. Examples of segmentation results of different models on the ACDC
dataset.

Our model demonstrates superior segmentation performance
on the ACDC dataset after 500 training iterations, effectively
tackling challenges such as brightness non-uniformity within
the left and right ventricular cavities caused by blood flow,
similarity in intensity among trabeculae, papillary muscles,
and the myocardium, as well as notable variations in the
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TABLE II
SEGMENTATION ACCURACY OF DIFFERENT MODELS ON THE ACDC

TABLE III
ABLATION EXPERIMENT ON THE KIPA 22 DATASET.

DATASET.
Segmentation MIICA ACDC Dataset Segmentation MIICA KiPA 22 Dataset
Method DSCt (%) | HDgs| (mm) | ASSD, (mm) Method DSC?t (%) | HDgs| (mm) | ASSD. (mm)
3D U-Net 0.9048 2.1060 0.5848 Baseline U-Net 0.8614 3.4544 0.8802
nnU-Net 0.9054 2.0633 0.5248 Baseline U-Net + Loss 0.8618 2.7183 0.8096
UX-NET 0.8937 2.4225 0.7744 Baseline U-Net + Shape prior 0.8641 3.3163 0.8481
SwinUNETR 0.8914 2.6329 0.7704 Complete model 0.8718 2.3393 0.6656
Ours 0.9202 1.6592 0.4322
TABLE IV

shape and intensity of cardiac structures across diverse patients
and pathologies. This is achieved by integrating the global
information extracted by the shape prior module with the
local information extracted by the U-shaped network, thus
demonstrating the effectiveness of our approach.

E. Ablation studies

To validate the contributions of our designed shape prior
module and loss function to the model’s performance, we
conducted systematic ablation experiments on the KiPA 22
dataset and the ACDC dataset. The experiments were divided
into four groups. The first group served as the baseline model,
utilizing a 3D U-Net with residual blocks but without the
shape prior module or the comprehensive loss function, acting
as a comparison benchmark. The second group combined the
newly designed comprehensive loss function with the baseline
model to assess the contribution of the loss function to seg-
mentation performance. The third group integrated the shape
prior module into the baseline model without the new loss
function to evaluate the independent impact of the shape prior
module. The fourth group incorporated both the shape prior
module and the comprehensive loss function, representing our
proposed complete model.

The detailed experimental results are presented in Table III
and Table IV. The addition of the comprehensive loss func-
tion improved segmentation accuracy to a certain extent. In
particular, the significant reductions in H Dgs; and ASSD
metrics indicate the loss function’s ability to handle local
details, enhancing the segmentation performance in boundary
regions. Comparing the shape prior-enhanced model with the
original baseline model, it can be seen that the shape prior
module improved global geometric consistency. Furthermore,
comparing the results of the complete model with other models
demonstrates the synergistic effect of the shape prior module
and the loss function in enhancing model performance, effec-
tively balancing global shape consistency with local boundary
accuracy.

V. CONCLUSION

We propose a 3D medical image segmentation framework
that incorporates layer-by-layer updated shape priors into a tra-
ditional U-shaped network architecture. Our method has been
validated on the KiPA 22 and ACDC datasets. These datasets

ABLATION EXPERIMENT ON THE ACDC DATASET.

Segmentation MIICA ACDC Dataset
Method DSC?t (%) | HDos| (mm) | ASSD) (mm)
Baseline U-Net 0.9078 1.9553 0.4987
Baseline U-Net + Loss 0.9093 1.9329 0.4429
Baseline U-Net + Shape prior 0.9103 1.9386 0.4885
Complete model 0.9202 1.6592 0.4322

present significant challenges for medical image segmentation
due to structural irregularities, variations in appearances, se-
vere class imbalances, and difficulties in distinguishing spe-
cific anatomical features from the background. Additionally,
manual expert segmentation and patient variability contribute
to the complexity. According to three evaluation metrics,
our method outperforms all comparative approaches. With its
robustness and superior performance, our model shows great
promise in enhancing clinical examinations and treatments by
providing more accurate diagnostic tools.

Despite these advancements, our method faces several com-
putational challenges: 1) the integration of shape priors in-
creases computational complexity, and 2) the training process
exhibits slower convergence. In future work, we will explore
methods to decrease the computational load while maintaining
segmentation accuracy.
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