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Medical organ segmentation plays a crucial role in disease diagnosis and treatment planning. However, 
most existing methods focus primarily on the segmentation objects themselves while overlooking the po-
sitional correlations within images. These correlations can effectively align object features and provide 
boundary constraints for segmentation tasks. To address this limitation, this paper proposes a Distribu-
tion-Constrained Semi-Supervised Segmentation Model (DCSSM). Firstly, a Category Center of Mass 
Calculation Module (CCMCM) is introduced to capture positional correlations in medical images. Sec-
ondly, the model employs a shared encoder and a distribution network, which are pretrained using unla-
beled samples to align input image features. The aligned feature boundaries then serve as constraints to 
guide mask generation during segmentation. Additionally, a Lightweight Multiscale Feature Extraction 
Module (LMFEM) is designed to efficiently transmit multiscale features to the decoder. Experimental 
results demonstrate that DCSSM achieves the best performance across multiple segmentation models on 
5 medical segmentation datasets. 
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1. Introduction
Organ segmentation technology has become a criti-
cal component in medical imaging analysis, attract-
ing considerable attention from both clinical and 
research communities [32]. This technique utilizes 
image processing algorithms to identify and delin-
eate organ regions in medical images, enabling the 
differentiation between pathological and healthy 
tissues [3]. By precisely localizing and quantifying 
the occurrence and extent of diseases, organ seg-
mentation assists clinicians in achieving a compre-
hensive understanding of patient conditions, there-
by facilitating more accurate diagnostic decisions 
and personalized treatment planning. 
The organ segmentation task primarily involves 
extracting key regions of interest, such as specific 
organs, from complex backgrounds or surrounding 
tissues in medical images. These extracted regions 
can then be spatially registered and aligned across 
different time points, imaging modalities, or ana-
tomical locations, enabling subsequent comparative 
analysis, quantitative assessment, and multimodal 
data fusion. However, existing segmentation meth-
ods often rely predominantly on local image features 
while overlooking global structural information and 
contextual relationships. This limitation can lead 
to the loss of critical spatial distribution informa-
tion during the segmentation process, consequent-
ly compromising the accuracy and consistency of 
segmentation results. Furthermore, the high cost 
and labor-intensive nature of medical image annota-
tion result in a scarcity of labeled training samples, 
which adversely affects the performance of machine 
learning models and restricts their generalization 
capability and predictive accuracy [31]. Addition-
ally, conventional segmentation techniques exhibit 
limitations in capturing precise organ positional in-
formation and fail to adequately model the intricate 
spatial relationships among multiple organs.
To address these challenges, this paper proposes 
a novel distribution-constrained semi-supervised 
segmentation model DCSSM. The proposed ap-
proach employs a Category Center of Mass Cal-
culation Module (CCMCM) to capture positional 
correlation information across image slices. In ad-
dition, DCSSM incorporates a shared encoder and a 
custom-designed distribution network for pretrain-

ing purposes. Subsequently, a Lightweight Multi-
scale Feature Extraction Module LMFEM is utilized 
to construct the segmentation network architecture. 
Finally, the pretrained shared encoder and distribu-
tion network work collaboratively to align features 
from input images, with the aligned distribution 
boundaries serving as constraints to guide mask 
generation in the segmentation network.
The main contributions of this paper are as follows:
1	 The custom-designed distribution network for 

pretraining refines the distribution learning task, 
enabling the model to segment a large number of 
unlabeled samples using only a limited number 
of labeled samples. This approach effectively ad-
dresses the challenge of high annotation costs in 
medical imaging.

2	 The lightweight multiscale feature extraction 
module LMFEM employed in constructing the 
segmentation network achieves rapid feature 
extraction while maintaining high segmentation 
performance.

3	 The pretrained shared encoder and distribution 
network collaboratively align the features of in-
put images. This alignment process provides more 
accurate spatial distribution information, thereby 
improving the model's overall computational accu-
racy and segmentation consistency.

4	 Comprehensive comparative and ablation ex-
periments were conducted on the publicly avail-
able datasets, comparing the proposed method 
against eight baseline models. The experimental 
results demonstrate the effectiveness of the pro-
posed approach.

 

2. Related Work
Traditional medical image segmentation relies on 
mathematical principles, using feature extraction, 
description, and morphological theory as the basis 
for segmentation techniques. These models do not 
typically depend on large amounts of labeled data; 
instead, they use basic features such as image inten-
sity, textures, edges, and regions for segmentation. 
Consequently, they are easy to understand, compu-
tationally efficient, and highly flexible. Common 
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examples of these models include the snake model 
[1], thresholding methods [24], and others. As sci-
ence and technology advance and medical stan-
dards improve, the demand for modeling and meth-
ods in the medical field has gradually increased. 
Traditional medical image segmentation methods 
perform poorly in tasks such as multi-organ and 
multi-structure segmentation, making it difficult to 
address the more complex and noise-prone medical 
tasks encountered today.
In recent years, the rapid development of artificial in-
telligence and deep learning technologies has signifi-
cantly enhanced traditional medical image segmen-
tation methods through integration of deep learning 
techniques. These methods leverage convolutional 
neural networks (CNNs) and their variants to learn, 
recognize, and extract features of target organs and 
tissue structures in medical images. The relation-
ships between features and pixel values are used to 
delineate target regions and achieve segmentation 
[12, 13]. Compared to traditional methods, modern 
deep learning methods show significant improve-
ments in both accuracy and efficiency, with their 
variant models widely applied in various fields [4,35].
The Segmentation Anything Model (SAM) [11, 19, 
28], a typical deep learning-based segmentation 
method, offers interactive features and flexibility, 
enabling zero-shot learning and segmentation across 
various medical images. Roy et al. [21] evaluated the 
SAM model on an abdominal CT organ segmenta-
tion task, demonstrating its capability to segment 
without specific category samples. Wu et al. [26] 
proposed the Med-SA segmentation architecture, 
an adaptation of the original SAM model for medical 
use, which effectively improves the original mod-
el's training performance across multiple datasets. 
Zhang et al. [30] further developed a medical image 
segmentation model, SAMed, based on SAM. By 
fine-tuning the SAM encoder with a low-rank adap-
tation strategy and combining a prompt encoder and 
mask decoder, the model is trained on labeled med-
ical datasets. Through optimization strategies, this 
approach achieves significant results on multi-organ 
segmentation datasets. Chen et al. [7] proposed the 
SAM-OCTA segmentation model for segmenting re-
gions like blood vessels. This model refines segmen-
tation areas by fine-tuning the base model and using 
low-rank adaptation techniques. It also uses prompt 

point generation strategies for multi-task segmenta-
tion to handle optical coherence tomography angiog-
raphy (OCTA) segmentation. Building on this, Wang 
et al. [23] enhanced the SAM-OCTA framework by 
using parallel boxes to process original low-resolu-
tion images, employing a traditional network to pre-
dict rough masks, which are then refined into fine 
boundary boxes. A merging strategy reduces compu-
tational resources, enabling fine-tuning of feature in-
formation in low-resolution images.
SegNet, a medical image segmentation technique, is 
a pixel-level segmentation method [14]. The innova-
tion of this model lies in optimizing the encoder-de-
coder architecture, making it highly suitable for se-
mantic segmentation tasks. Building on this, Gai et 
al. [9] proposed the GL-SegNet model. In this mod-
el, the embedded feature encoder uses multi-scale 
convolution (MSC) and pooling (MSP) modules to 
represent information by encoding global seman-
tics in the shallow layers. Simultaneously, multi-
scale feature fusion enriches local geometric details 
across layers, achieving efficient segmentation. 
Kibriya et al. [14] introduced a semantic segmenta-
tion model based on SegNet. Using the encoder-de-
coder structure, the model leverages the indices of 
the maximum pooling layers from the encoder for 
upsampling and as inputs to the decoder. This ap-
proach enables the model to segment melanoma 
in dermoscopy images. Later, Ahmed et al. [2] pro-
posed the Twin-SegNet framework. This model in-
troduced several innovations to the original SegNet, 
using partial channel re-calibration techniques to 
compute channel attention weights for feature ex-
change and gradient propagation [29], significantly 
enhancing generalization while maintaining high 
segmentation accuracy and boundary quality.
Mask R-CNN is a model for instance segmentation 
in modern medical image processing [10]. Its main 
advantage is overcoming the limitation of previous 
models, which could only perform single-object 
segmentation. The Mask R-CNN-based segmenta-
tion framework and its variants effectively address 
this issue. Building on this, Lu et al. [25] proposed 
an improved Mask R-CNN network that enhances 
detection of small objects and feature pyramid fu-
sion by reusing low-level feature information. This 
improvement enables precise and effective seg-
mentation based on the characteristics of the or-
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gans to be segmented. Later, Li et al. [16] proposed 
an automatic segmentation and detection model 
based on 3D-Mask R-CNN. This model uses the RoI 
Align method, an improvement over RoIPooling, to 
align proposed regions with feature maps. Yao et 
al. [27] introduced a transfer learning-based Dens-
eSE-Mask R-CNN model that transfers tumor-re-
lated information from PET to MR images, provid-
ing prior knowledge and improving sensitivity to 
relevant information, thereby enhancing feature ex-
traction and fusion for target images. Kiernan et al. 
[15] applied the Mask R-CNN to carotid intima-me-
dia thickness image segmentation. This network 
uses MimickNet B-mode as the primary framework, 
converting delayed-sum images into dynamically 
enhanced tissue contrast images. Singular value de-
composition filtering is used to remove higher-order 
singular values and suppress random noise. This ap-
proach reduces speckle noise, providing the model 
with high accuracy and automation.
U-Net, a recently emerging image segmentation 
model, integrates skip connections, enabling better 
retention of global context information in imag-
es [38]. Building on this, Petit et al. [20] combined 
the U-shaped fully convolutional network with the 
Transformer attention mechanism, proposing the 
U-Transformer network. This network applies both 
self-attention and cross-attention modules to ex-
tract global structural features and filter out non-se-
mantic features, improving segmentation accuracy 
for complex, low-contrast anatomical structures. 
Additionally, Wang et al. [22] proposed a hybrid 
Transformer U-Net model. By applying a local-glob-
al Gaussian-weighted self-attention mechanism, the 
model captures both local and global dependencies 
at different granularities, facilitating feature inter-
action. Later, Chen et al. [6] combined U-Net with 
Transformer and a multi-level attention mechanism 
to introduce the TransAttUnet segmentation mod-
el. This model uses Transformer self-attention and 
global spatial attention to capture long-range depen-
dencies and spatial relationships between encoder 
features. To address the limitation of using Trans-
former solely as an auxiliary module, Zhou et al. [37] 
proposed the nnformer model. This model combines 
interleaved convolutions and self-attention opera-
tions, introducing a volume-based local and global 
self-attention mechanism to learn volumetric rep-
resentations, making it highly complementary in en-

semble learning. Cao et al. [5] proposed an improved 
deep neural network called RASNet, which captures 
multi-scale information using a multi-scale spatial 
perception module, retaining the target's original 
shape. The model uses a decoding module with at-
tention connections to suppress background noise 
and refine target boundary prediction, improving 
segmentation accuracy. 
Recent advances in lightweight network architec-
tures have also demonstrated promise for medical 
image segmentation [34]. Zheng et al. [33] proposed 
MobileRaT, a lightweight radio transformer method 
that efficiently processes communication signals 
while maintaining high classification accuracy. Sim-
ilarly, Fei et al. [8] introduced a real-time constella-
tion image classification method based on Mobile-
ViT, demonstrating that lightweight networks can 
achieve competitive performance with significantly 
reduced computational costs. These developments 
in automatic classification technology [18] have in-
spired efficient feature extraction strategies in med-
ical imaging. Furthermore, recent work on multi-
scale feature hierarchies in detection transformers 
[17] has provided insights into effective feature 
pyramid designs. The concept of reconstruction er-
ror-based implicit regularization [36] has also been 
applied to medical diagnosis tasks, including lung 
cancer detection, demonstrating the importance of 
robust feature learning in clinical applications.
 

3. Method
3.1. Overview

As shown in Figure 1, DCSSM first inputs labeled 
and unlabeled volume data from each patient into 
the pretrained Public Encoder for feature extraction. 
Meanwhile, input data is fed into the pretrained Cat-
egory Center of Mass Calculation Module (CCMCM) 
to compute category-specific spatial centroids. 
The CCMCM serves as a spatial prior generator 
that encodes the anatomical position distribution 
of each organ category across slices. By capturing 
the sequential appearance pattern and spatial local-
ity of different organs in volumetric data, CCMCM 
provides category-aware positional embeddings that 
guide the network to focus on anatomically relevant 
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regions. The category centers and features of both la-
beled and unlabeled data are multiplied in matrices 
and concatenated. This matrix multiplication opera-
tion projects the extracted features onto the catego-
ry center space, enabling the model to establish ex-
plicit associations between pixel-level features and 
organ-specific spatial priors, thereby enhancing the 
discriminability of features for different anatomical 
structures. The data is then distributed through the 
distribution network, and a loss is calculated using 
the True Label to optimize the distribution process. 
Finally, the self-designed segmentation network 
outputs predicted labels for the unlabeled data. The 
overall structure of DCSSM is shown in Figure 1 and 
can be formulated as:
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and maintain category-specific spatial representations 
that evolve across slices. To better capture the 
sequential information of input volume data and 
leverage the inherent spatial regularity of organ 
distributions, the Category Center of Mass 
Calculation Module is designed, shown in Figure 2. 
First, the input volume data undergoes Pixel Selection 
on each slice based on corresponding labels. The 
coordinates of category pixels and slice numbers are 
merged into triplets. Then, K-means clustering is 
performed on each triplet, where the K value is set 
equal to the number of organ categories present in 
each slice (i.e., 	 = ��, where �� denotes the 
number of categories). This design choice is based on 
the principle that each organ category requires exactly 
one centroid to represent its spatial position, ensuring 
a one-to-one correspondence between clusters and 
anatomical structures. The clustering process 
dynamically calculates the centroids of each category 
label. Finally, the centroids of each category are 
stored in the category vector and updated iteratively. 
As slices are input sequentially, different categories 
retain their centroids according to their appearance 
order, serving as the starting category vector for the 

next slice. The Category Center of Mass Calculation 
Module represents the spatial and slice position 
information of different category features and, to 
some extent, reflects the order of category 
appearance. 
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with � controlling the update rate. 
By encoding where each organ typically appears in the 
volumetric space, CCMCM provides essential spatial 
prior guidance that informs the network about 
anatomically plausible organ locations. Furthermore, 
through the subsequent matrix multiplication with 
encoder features, CCMCM enables category-aware 
feature enhancement that amplifies responses in 
anatomically expected regions while suppressing 
irrelevant areas. Importantly, CCMCM also facilitates 
knowledge transfer from labeled to unlabeled data by 
using the learned category centers as a bridge—the 
spatial priors computed from labeled data can be 
applied to unlabeled volumes sharing similar 
anatomical structures, thereby supporting semi-
supervised learning. 
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where Xl represents labeled volume data, Xu rep-
resents unlabeled volume data, F1 denotes extracted 
labeled features, Fu denotes extracted unlabeled fea-
tures, C contains category centers, and H is the com-
bined representation. PL is the predicted label, TL is 
the true label, D is the distribution network, S is the 
segmentation network.

  

applied the Mask R-CNN to carotid intima-media 
thickness image segmentation. This network uses 
MimickNet B-mode as the primary framework, 
converting delayed-sum images into dynamically 
enhanced tissue contrast images. Singular value 
decomposition filtering is used to remove higher-
order singular values and suppress random noise. 
This approach reduces speckle noise, providing the 
model with high accuracy and automation. 

U-Net, a recently emerging image segmentation 
model, integrates skip connections, enabling better 
retention of global context information in images 
[38]. Building on this, Petit et al. [20] combined the 
U-shaped fully convolutional network with the 
Transformer attention mechanism, proposing the 
U-Transformer network. This network applies both 
self-attention and cross-attention modules to extract 
global structural features and filter out non-
semantic features, improving segmentation 
accuracy for complex, low-contrast anatomical 
structures. Additionally, Wang et al. [22] proposed 
a hybrid Transformer U-Net model. By applying a 
local-global Gaussian-weighted self-attention 
mechanism, the model captures both local and 
global dependencies at different granularities, 
facilitating feature interaction. Later, Chen et al. [6] 
combined U-Net with Transformer and a multi-
level attention mechanism to introduce the 
TransAttUnet segmentation model. This model 
uses Transformer self-attention and global spatial 
attention to capture long-range dependencies and 
spatial relationships between encoder features. To 
address the limitation of using Transformer solely 
as an auxiliary module, Zhou et al. [37] proposed 
the nnformer model. This model combines 
interleaved convolutions and self-attention 
operations, introducing a volume-based local and 
global self-attention mechanism to learn volumetric 
representations, making it highly complementary 
in ensemble learning. Cao et al. [5] proposed an 
improved deep neural network called RASNet, 
which captures multi-scale information using a 
multi-scale spatial perception module, retaining the 
target's original shape. The model uses a decoding 
module with attention connections to suppress 
background noise and refine target boundary 
prediction, improving segmentation accuracy.  

Recent advances in lightweight network 
architectures have also demonstrated promise for 
medical image segmentation [34]. Zheng et al. [33] 
proposed MobileRaT, a lightweight radio 
transformer method that efficiently processes 
communication signals while maintaining high 
classification accuracy. Similarly, Fei et al. [8] 
introduced a real-time constellation image 
classification method based on MobileViT, 

demonstrating that lightweight networks can 
achieve competitive performance with 
significantly reduced computational costs. 
These developments in automatic 
classification technology [18] have inspired 
efficient feature extraction strategies in 
medical imaging. Furthermore, recent work 
on multi-scale feature hierarchies in detection 
transformers [17] has provided insights into 
effective feature pyramid designs. The 
concept of reconstruction error-based implicit 
regularization [36] has also been applied to 
medical diagnosis tasks, including lung 
cancer detection, demonstrating the 
importance of robust feature learning in 
clinical applications. 

 
3. Method 
3.1 Overview 
As shown in Figure 1, DCSSM first inputs 
labeled and unlabeled volume data from each 
patient into the pretrained Public Encoder for 
feature extraction. Meanwhile, input data is 
fed into the pretrained Category Center of 
Mass Calculation Module (CCMCM) to 
compute category-specific spatial centroids.  
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Overall Architecture of DCSSM. 

 
The CCMCM serves as a spatial prior 
generator that encodes the anatomical position 
distribution of each organ category across 
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category-aware positional embeddings that 
guide the network to focus on anatomically 
relevant regions. The category centers and 
features of both labeled and unlabeled data are 
multiplied in matrices and concatenated. This 
matrix multiplication operation projects the 
extracted features onto the category center 
space, enabling the model to establish explicit 
associations between pixel-level features and 
organ-specific spatial priors, thereby 
enhancing the discriminability of features for 
different anatomical structures. The data is 
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3.2. Category Center of Mass Calculation
Multi-organ segmentation in volumetric medical 
images faces the challenge of capturing both in-
tra-slice spatial relationships and inter-slice ana-
tomical continuity. Different organs exhibit charac-
teristic spatial distributions and appearance orders 
along the axial direction. To explicitly model this 
anatomical prior knowledge, the Category Center of 
Mass Calculation Module (CCMCM) is designed to 
extract and maintain category-specific spatial rep-
resentations that evolve across slices. To better cap-
ture the sequential information of input volume data 
and leverage the inherent spatial regularity of organ 
distributions, the Category Center of Mass Calcula-
tion Module is designed, shown in Figure 2.
First, the input volume data undergoes Pixel Selec-
tion on each slice based on corresponding labels. The 
coordinates of category pixels and slice numbers are 
merged into triplets. Then, K-means clustering is 
performed on each triplet, where the K value is set 
equal to the number of organ categories present in 
each slice (i.e., K = Nc, where Nc denotes the number 
of categories). This design choice is based on the 
principle that each organ category requires exactly 
one centroid to represent its spatial position, ensur-
ing a one-to-one correspondence between clusters 
and anatomical structures. The clustering process 
dynamically calculates the centroids of each cate-
gory label. Finally, the centroids of each category are 
stored in the category vector and updated iteratively. 
As slices are input sequentially, different categories 

 
 

 

then distributed through the distribution network, 
and a loss is calculated using the True Label to 
optimize the distribution process. Finally, the self-
designed segmentation network outputs predicted 
labels for the unlabeled data. The overall structure 
of DCSSM is shown in Figure 1 and can be 
formulated as: 

= Encoder( )                          (1) 
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= Concat( , )            (4)  

= ( ( , )) ,                    (5) 

where  represents labeled volume data, 
represents unlabeled volume data,  denotes 

extracted labeled features,  denotes extracted 
unlabeled features,  contains category centers, and 

 is the combined representation. PL is the 
predicted label, TL is the true label, is the 
distribution network, is the segmentation 
network. 
3.2 Category Center of Mass Calculation 
Multi-organ segmentation in volumetric medical 
images faces the challenge of capturing both intra-
slice spatial relationships and inter-slice anatomical 
continuity. Different organs exhibit characteristic 
spatial distributions and appearance orders along 
the axial direction. To explicitly model this 
anatomical prior knowledge, the Category Center 
of Mass Calculation Module (CCMCM) is designed 
to extract and maintain category-specific spatial 
representations that evolve across slices. To better 
capture the sequential information of input volume 
data and leverage the inherent spatial regularity of 
organ distributions, the Category Center of Mass 
Calculation Module is designed, shown in Figure 2. 
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clustering is performed on each triplet, where the K 
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present in each slice (i.e., K = N , where  denotes 
the number of categories). This design choice is 
based on the principle that each organ category 
requires exactly one centroid to represent its spatial 
position, ensuring a one-to-one correspondence 
between clusters and anatomical structures. The 
clustering process dynamically calculates the 
centroids of each category label. Finally, the 
centroids of each category are stored in the category 
vector and updated iteratively. As slices are input 

sequentially, different categories retain their 
centroids according to their appearance order, 
serving as the starting category vector for the 
next slice. The Category Center of Mass 
Calculation Module represents the spatial and 
slice position information of different 
category features and, to some extent, reflects 
the order of category appearance. 

The centroid calculation for category  at slice 
 is: 
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where  denotes the set of pixels belonging to 
category  in slice . The category vector  is 
updated as: 
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with  controlling the update rate. 

By encoding where each organ typically 
appears in the volumetric space, CCMCM 
provides essential spatial prior guidance that 
informs the network about anatomically 
plausible organ locations. Furthermore, 
through the subsequent matrix multiplication 
with encoder features, CCMCM enables 
category-aware feature enhancement that 
amplifies responses in anatomically expected 
regions while suppressing irrelevant areas. 
Importantly, CCMCM also facilitates 
knowledge transfer from labeled to unlabeled 
data by using the learned category centers as a 
bridge—the spatial priors computed from 
labeled data can be applied to unlabeled 
volumes sharing similar anatomical 
structures, thereby supporting semi-
supervised learning. 
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retain their centroids according to their appearance 
order, serving as the starting category vector for the 
next slice. The Category Center of Mass Calculation 
Module represents the spatial and slice position in-
formation of different category features and, to some 
extent, reflects the order of category appearance.
The centroid calculation for category k at slice t is:

The centroid calculation for category  at slice 

= 1 ∑
( , , )∈

( , , ),
 
, (6)

where Pk
t denotes the set of pixels belonging to cate-

gory k in slice t. The category vector Vk is updated as:
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is the true label, �is the distribution 
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continuity. Different organs exhibit characteristic 
spatial distributions and appearance orders along the 
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prior knowledge, the Category Center of Mass 
Calculation Module (CCMCM) is designed to extract 
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that evolve across slices. To better capture the 
sequential information of input volume data and 
leverage the inherent spatial regularity of organ 
distributions, the Category Center of Mass 
Calculation Module is designed, shown in Figure 2. 
First, the input volume data undergoes Pixel Selection 
on each slice based on corresponding labels. The 
coordinates of category pixels and slice numbers are 
merged into triplets. Then, K-means clustering is 
performed on each triplet, where the K value is set 
equal to the number of organ categories present in 
each slice (i.e., 	 = ��, where �� denotes the 
number of categories). This design choice is based on 
the principle that each organ category requires exactly 
one centroid to represent its spatial position, ensuring 
a one-to-one correspondence between clusters and 
anatomical structures. The clustering process 
dynamically calculates the centroids of each category 
label. Finally, the centroids of each category are 
stored in the category vector and updated iteratively. 
As slices are input sequentially, different categories 
retain their centroids according to their appearance 
order, serving as the starting category vector for the 

next slice. The Category Center of Mass Calculation 
Module represents the spatial and slice position 
information of different category features and, to 
some extent, reflects the order of category 
appearance. 
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category � in slice �. The category vector �� is 
updated as: 
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with � controlling the update rate. 
By encoding where each organ typically appears in the 
volumetric space, CCMCM provides essential spatial 
prior guidance that informs the network about 
anatomically plausible organ locations. Furthermore, 
through the subsequent matrix multiplication with 
encoder features, CCMCM enables category-aware 
feature enhancement that amplifies responses in 
anatomically expected regions while suppressing 
irrelevant areas. Importantly, CCMCM also facilitates 
knowledge transfer from labeled to unlabeled data by 
using the learned category centers as a bridge—the 
spatial priors computed from labeled data can be 
applied to unlabeled volumes sharing similar 
anatomical structures, thereby supporting semi-
supervised learning. 
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Structure of the CCMCM. 
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Workflow of the multi-stage fusion training. 
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with α controlling the update rate.

By encoding where each organ typically appears in the 
volumetric space, CCMCM provides essential spatial 
prior guidance that informs the network about an-
atomically plausible organ locations. Furthermore, 
through the subsequent matrix multiplication with en-
coder features, CCMCM enables category-aware fea-
ture enhancement that amplifies responses in anatom-
ically expected regions while suppressing irrelevant 
areas. Importantly, CCMCM also facilitates knowledge 
transfer from labeled to unlabeled data by using the 
learned category centers as a bridge—the spatial priors 
computed from labeled data can be applied to unla-
beled volumes sharing similar anatomical structures, 
thereby supporting semi-supervised learning.

3.3 Multi-stage Fusion Training
To better leverage the distribution-assisted segmen-
tation effects, a multi-stage fusion training method 
is designed as shown in Figure 3.  

Workflow of the multi-stage fusion training. 

 

To better leverage the distribution-assisted 
segmentation effects, a multi-stage fusion training 
method is designed as shown in Figure 3. 

The first step involves using the same Public 
Encoder to perform feature extraction on both 
labeled and unlabeled data, followed by 
concatenation. The concatenated features are input 
into the Distribution Network, and the edge loss is 
calculated based on labeled data labels. The 
parameters of the Public Encoder and the 
Distribution Network are updated until 
convergence. Meanwhile, the features of the 
unlabeled data are input into the Segmentation 
Network for loss calculation, and its parameters are 
updated accordingly. The second step involves 
inputting labeled data into the pretrained Public 
Encoder and the self-designed Segmentation 
Network to obtain the predicted label. The 
segmentation loss is calculated using labeled data 
labels, and the parameters of the Segmentation 
Network are updated until convergence. In the 
third step, the pretrained Public Encoder, 
Distribution Network, and Segmentation Network 
predict labels for the unlabeled data. This process 
uses a large amount of unlabeled data features to 

initialize the Segmentation Network’s 
parameters and obtains a Public Encoder that 
bridges feature differences between labeled 
and unlabeled data, along with a well-
distributed Distribution Network. Then, a 
small amount of labeled data is used to fine-
tune the Segmentation Network and obtain 
the final model parameters. This training 
approach requires only a small amount of 
labeled data to achieve good distribution and 
segmentation performance, enabling 
collaborative optimization of both. The three-
stage training process can be formulated as: 

Stage 1 (Distribution Learning):  

dist = ( , ) ( ) ,  ,  (8) 

where  denotes the weighted cross-
entropy loss designed to address the class 
imbalance problem in multi-organ 
segmentation. The class weight  for 
category  is computed using inverse 
frequency weighting: 

=  ,                         (9) 

where  represents the total number of 
pixels,  is the number of organ categories, 
and  denotes the number of pixels 

Figure 3 
Workflow of the multi-stage fusion training.
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The first step involves using the same Public Encod-
er to perform feature extraction on both labeled and 
unlabeled data, followed by concatenation. The con-
catenated features are input into the Distribution 
Network, and the edge loss is calculated based on 
labeled data labels. The parameters of the Public En-
coder and the Distribution Network are updated un-
til convergence. Meanwhile, the features of the unla-
beled data are input into the Segmentation Network 
for loss calculation, and its parameters are updated 
accordingly. The second step involves inputting la-
beled data into the pretrained Public Encoder and 
the self-designed Segmentation Network to obtain 
the predicted label. The segmentation loss is calcu-
lated using labeled data labels, and the parameters 
of the Segmentation Network are updated until con-
vergence. In the third step, the pretrained Public 
Encoder, Distribution Network, and Segmentation 
Network predict labels for the unlabeled data. This 
process uses a large amount of unlabeled data fea-
tures to initialize the Segmentation Network’s pa-
rameters and obtains a Public Encoder that bridges 
feature differences between labeled and unlabeled 
data, along with a well-distributed Distribution Net-
work. Then, a small amount of labeled data is used to 
fine-tune the Segmentation Network and obtain the 
final model parameters. This training approach re-
quires only a small amount of labeled data to achieve 
good distribution and segmentation performance, 
enabling collaborative optimization of both. The 
three-stage training process can be formulated as:
Stage 1 (Distribution Learning): 

! !
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where ��� denotes the weighted cross-entropy loss 
designed to address the class imbalance problem in 
multi-organ segmentation. The class weight �� for 
category � is computed using inverse frequency 
weighting: 
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 ,                         (9) 

where ������ represents the total number of pixels, � 
is the number of organ categories, and �� denotes the 
number of pixels belonging to category �. The 
weighted cross-entropy loss is then formulated as: 

��� = − ∑ �� ⋅ �� ⋅ loglog(��̂)�
�=1 .   (10) 

This weighting strategy assigns higher importance to 
under-represented organs (e.g., gallbladder and 
pancreas), thereby improving the model's ability to 
segment small organs accurately. 
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(11) 

where ���
 denotes the Dice loss function, which 
directly optimizes the overlap between predicted 
segmentation masks and ground truth labels. 
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where , , and denote the Encoder, 
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where CEw denotes the weighted cross-entropy loss 
designed to address the class imbalance problem in 
multi-organ segmentation. The class weight wc for cat-
egory c is computed using inverse frequency weighting:
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where Ntotal represents the total number of pixels, C 
is the number of organ categories, and Nc denotes 
the number of pixels belonging to category c. The 
weighted cross-entropy loss is then formulated as:
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This weighting strategy assigns higher importance 
to under-represented organs (e.g., gallbladder and 
pancreas), thereby improving the model's ability to 
segment small organs accurately.
Stage 2 (Segmentation Fine-tuning): 
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where Dice denotes the Dice loss function, which di-
rectly optimizes the overlap between predicted seg-
mentation masks and ground truth labels.
Stage 3 (Joint Optimization): 
 3 (  ): 

= + (1 − ) ,          
, (12)

where E, D, and S denote the Encoder, Distribution 
Network, and Segmentation Network.

3.4. Segmentation Network Architecture
As presented in Figure 4, the Segmentation Network's 
architecture is a U-shaped encoder-decoder structure.
The input passes through a Patch Embedding layer 
for embedding segmentation, followed by a Deform-
able Convolution layer for feature extraction. Next, 
the self-designed Lightweight Multiscale Feature 
Extraction Module performs rapid multiscale feature 
extraction, followed by downsampling. The features 
then pass through three downsampling and upsam-
pling stages, with each stage accompanied by a Light-
weight Multiscale Feature Extraction Module, re-
storing the features to their initial resolution. Finally, 
a Deformable Convolution layer and a Softmax layer 
are applied to produce the final segmentation result.

3.5. Lightweight Multiscale Feature Extraction
The structure of the Lightweight Multiscale Feature 
Extraction Module is shown in Figure 5.  The input 
passes through a Deformable Convolution (DConv) 
layer for feature extraction, which does not alter the 
feature dimensions. The features are then split into 
three parts along the channels and input into DConv 
layers with different kernel sizes for multiscale fea-
ture extraction.
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Network, and Segmentation Network. 
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The channel division follows a 2:1:1 ratio, allocating 
more channels (50% of total) to smaller kernel sizes 
(3×3) for fine-grained feature extraction, while larger 
kernels (5×5 and 7×7) each receive 25% of channels 
for capturing broader contextual information. The 
2:1:1 configuration achieves the optimal balance be-
tween fine detail preservation and contextual aware-
ness, particularly beneficial for small organ segmen-
tation where both local boundaries and surrounding 
anatomical context are critical. After activation with 
the GeLU function, the features undergo secondary 
extraction using the C2f module. Finally, the features 
from different scales are concatenated, restoring the 
feature dimensions to the input dimensions. The 
concatenated features are processed through anoth-
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er C2f module and a DConv layer to produce the final 
result. A residual connection is applied between the 
last DConv layer and the initial DConv layer to pre-
vent overfitting and gradient vanishing.

4. Experiment 
4.1. Datasets and Metrics
To comprehensively evaluate the performance and 
generalization capability of the proposed method, 
experiments are conducted on multiple benchmark 
datasets across different imaging modalities and 
anatomical structures. Specifically, the Synapse 
multi-organ CT dataset and ACDC cardiac MRI 
dataset are utilized to assess abdominal and cardiac 
structure segmentation, respectively. Additionally, 
three dermoscopic image datasets (ISIC 2017, ISIC 
2018, and PH2) are employed to evaluate skin lesion 
segmentation performance. These datasets collec-
tively provide diverse challenges including vary-
ing organ sizes, different imaging modalities, and 
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distinct tissue characteristics, enabling a thorough 
assessment of model robustness and cross-domain 
adaptability.
The Synapse multi-organ segmentation dataset is 
a widely used benchmark for abdominal CT image 
segmentation. It comprises 30 abdominal CT cas-
es with a total of 3,779 axial contrast-enhanced CT 
slices. The dataset provides annotations for 8 ab-
dominal organs: aorta, gallbladder, left kidney, right 
kidney, liver, pancreas, spleen, and stomach. Togeth-
er with the background class, the segmentation task 
involves 9 semantic categories. The dataset presents 
significant challenges due to varying organ sizes, low 
contrast between adjacent structures, and consider-
able inter-patient anatomical variability.
To validate the cross-modality generalization ca-
pability of the proposed method, additional exper-
iments are conducted on the Automated Cardiac 
Diagnosis Challenge (ACDC) dataset. The ACDC 
dataset contains cine-MRI examinations from 100 
patients, acquired using different 1.5T and 3.0T MRI 
scanners with varying temporal resolutions. The 
dataset covers patients with different cardiac pa-
thologies including dilated cardiomyopathy, hyper-
trophic cardiomyopathy, myocardial infarction, and 
abnormal right ventricle, as well as healthy subjects. 
Manual annotations are provided for three cardiac 
structures: right ventricle (RV), left ventricle (LV), 
and myocardium (MYO) at both end-diastolic and 
end-systolic phases. All ground truth segmentations 
were manually delineated by clinical experts with ex-
tensive experience in cardiac MRI analysis and sub-
sequently validated by experienced cardiologists to 
ensure annotation accuracy. The ACDC dataset pres-
ents unique challenges including large inter-subject 
anatomical variability, varying image quality, and in-
tensity inhomogeneity typical of MRI acquisitions.
The ISIC 2017 dataset was released by the Inter-
national Skin Imaging Collaboration (ISIC) for the 
Skin Lesion Analysis Toward Melanoma Detection 
challenge. It contains 2,750 dermoscopic images 
divided into 2,000 training images, 150 validation 
images, and 600 test images. The images are cat-
egorized into three diagnostic classes: melanoma, 
nevus, and seborrheic keratosis. Notably, imag-
es were captured by various imaging devices from 
multiple clinical centers, resulting in non-uniform 
resolutions ranging from 300×200 to 6,000×4,000 

pixels. Each image is accompanied by expert manual 
tracings of lesion boundaries represented as binary 
masks, providing gold-standard ground truth for the 
segmentation task.
The ISIC 2018 dataset is an extension of the 
ISIC challenge series, primarily derived from the 
HAM10000 (Human Against Machine with 10,000 
training images) collection. It contains 10,015 der-
moscopic images categorized into seven diagnos-
tic classes: melanoma (MEL), melanocytic nevus 
(NV), basal cell carcinoma (BCC), actinic keratosis 
(AK), benign keratosis (BKL), dermatofibroma (DF), 
and vascular lesion (VASC). A rigorous multi-level 
ground truth confirmation system is employed in 
this dataset: all malignant diagnoses were confirmed 
through histopathology, while benign diagnoses 
were validated via histopathology, serial imaging 
follow-up (3 visits or 1.5 years showing no change), 
or consensus of at least three expert dermatologists.
The PH2 dataset is a dermoscopic image database 
developed through collaboration between Univer-
sidade do Porto, Instituto Superior Técnico Lisboa, 
and the Dermatology Service of Hospital Pedro His-
pano, Portugal. It contains 200 dermoscopic images 
of melanocytic lesions with 8-bit RGB format and 
uniform resolution of 768×560 pixels, including 80 
common nevi, 80 atypical nevi, and 40 melanomas. 
All images were acquired under standardized con-
ditions using the Tuebinger Mole Analyzer system 
with 20× magnification. Comprehensive medical 
annotations are provided by board-certified derma-
tologists, including manual lesion segmentation, 
clinical and histological diagnoses, and assessment 
of multiple dermoscopic criteria (pigment network, 
dots/globules, streaks, regression areas, blue-whit-
ish veil, and colors). The rigorous annotation pro-
tocol executed by designated expert dermatologists 
under standardized conditions ensures high-quality 
ground truth for algorithm evaluation.
The evaluation metrics on the Synapse multi-or-
gan segmentation dataset and the Automated Car-
diac Diagnosis Challenge (ACDC) dataset include 
the Dice similarity coefficient (DSC) and Hausdorff 
distance (HD), two metrics commonly used in im-
age segmentation. The DSC measures the overlap 
between the predicted segmentation and the ground 
truth, while the HD evaluates boundary differenc-
es using the maximum surface distance at the 95th 
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percentile. Higher DSC scores and lower HD values 
typically correspond to better segmentation perfor-
mance. On the skin lesion segmentation dataset, we 
used SE, SP, and ACC, in addition to DSC, to evaluate 
the model. SE indicates the model's ability to identi-
fy all actual positive samples, reflecting its capacity 
to capture positive samples. SP measures the mod-
el's ability to identify all actual negative samples, re-
flecting its ability to exclude negative samples. ACC 
is the proportion of samples correctly classified by 
the model to the total number of samples, reflecting 
overall classification accuracy.

4.2. Implementation Details

The experiment was conducted on an RTX 4080 GPU 
with 16GB of memory, using the PyTorch framework 
for model training. Before feeding the data into the 
network, augmentation techniques such as rota-
tion and flipping were applied, with an input image 
size of 224×224. The batch size was set to 4, and the 
Adam optimizer, using Adaptive Moment Estimation 
(Adam), was employed with an initial learning rate 
of 0.02. The loss function was defined as a weighted 
sum of Dice loss and focal loss, with a weight ratio 
of 0.7:0.3. The maximum number of training epochs 
was set to 200. Early stopping was implemented with 
a patience of 20 epochs based on validation loss to 
prevent overfitting. Training convergence was deter-
mined when the validation loss did not improve for 
20 consecutive epochs or when the maximum epoch 
count was reached. The average training time for 
DCSSM on the Synapse dataset was approximately 
4.2 hours, demonstrating reasonable computational 
efficiency for research and clinical deployment.
To ensure fair comparison, baseline methods were 
configured as follows. For methods with officially re-
leased code (e.g., TransUNet, Swin-Unet, HiFormer, 
MISSFormer), we used the authors' recommended 
hyperparameters as specified in their original pa-
pers or code repositories. For methods without offi-
cial implementations (e.g., UltraLightUNet), we ad-
opted the unified training settings described above. 
All methods shared identical dataset splits, input 
resolution (224×224), data augmentation strategies 
(random rotation and flipping), and early stopping 
criteria (patience of 20 epochs) to ensure fair com-
parison. Table 1 summarizes the training settings for 
our proposed DCSSM.

4.3. Performance Comparison on Multi-
Organ Segmentation

4.3.1 Quantitative Comparison on the Synapse 
Dataset
Table 2 presents the quantitative comparison of our 
proposed DCSSM method with 8 existing baseline 
methods on the Synapse dataset. All results are re-
ported as mean ± standard deviation across all test 
cases. The table demonstrates that the DCSSM 
method shows strong performance advantages in 
multi-organ segmentation tasks. 
First, DCSSM achieves the best overall segmenta-
tion performance, with a DSC of 82.89±1.26%, the 
highest among all methods, and an HD of 18.20±2.15, 
also the lowest among all compared methods. This 
indicates that DCSSM excels in both segmentation 
accuracy and boundary fitting. To validate statistical 
significance, we performed paired t-tests comparing 
DCSSM with the second-best method (UltraLigh-
tUNet) across all test cases. Specifically, for each test 
case, we computed the difference in DSC and HD be-
tween the two methods, then performed a two-tailed 
paired t-test on these paired differences. The t-sta-
tistic was calculated as 

e two methods, then performed a two

statistic was calculated as = /̅ /√ , where 
 

, where d̄  is 
the mean difference, sd is the standard deviation of 

Parameter Value

Optimizer Adam

Initial Learning Rate 0.02

Learning Rate Decay Step (0.9/10ep)

Batch Size 4

Input Size 224×224

Maximum Epochs 200

Early Stop Patience 20 epochs

Loss Function Dice+Focal (0.7:0.3)

Data Augmentation Rotation, Flip

GPU RTX 4080

Framework PyTorch 1.12

Table 1 
Unified Training Settings for DCSSM.
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differences, and n is the number of test cases. The 
improvements in DSC (p = 0.003) and HD (p = 0.008) 
are statistically significant at the α = 0.01 level, with 
95% confidence intervals of [0.18%, 0.74%] for DSC 
improvement and [0.35, 1.95] for HD reduction. This 
confirms that the observed improvements are reli-
able and not due to random variation.
Second, DCSSM shows notable improvement in seg-
menting challenging small organs such as the gall-
bladder (72.01±2.04%) and pancreas (67.93±2.12%), 
outperforming the second-best gallbladder result 
(U-Net: 69.72±2.56%) by 2.29 percentage points. This 
highlights its strong capability in handling difficult 
segmentation cases. Additionally, DCSSM demon-
strates stable performance in segmenting common 
large organs such as the kidney (88.89±1.45%), 
spleen (91.25±1.32%), and liver (95.02±0.98%), lead-
ing or matching other methods.
From a clinical perspective, the improvements 
have practical significance: the 2.81% enhance-
ment in pancreas segmentation DSC (67.93% vs 

65.12% for UltraLightUNet) is particularly valu-
able for pancreatic cancer diagnosis, where accu-
rate tumor boundary delineation directly impacts 
surgical resectability assessment and treatment 
planning. Similarly, the improved gallbladder seg-
mentation accuracy facilitates more precise detec-
tion of gallbladder lesions and surgical planning 
for cholecystectomy.

4.3.2. Visualization and Feature Analysis
The results in Figure 6 demonstrate that the 
DCSSM method exhibits significant advantages in 
multi-organ segmentation tasks. Compared to oth-
er methods, DCSSM achieves more precise bound-
ary alignment with the ground truth in segmenting 
large organs such as the liver, spleen, and stomach, 
resulting in higher boundary accuracy. Additionally, 
DCSSM performs better in segmenting small organs 
like the gallbladder and pancreas, providing more 
complete results and reducing missed detections 
and false positives, while other methods show no-

Methods DSC 
(%) ↑ HD ↓

DSC of each organ

Aorta Gal. Kid. (L) Kid. (R) Liver Pan. Spleen Sto.

U-Net 76.85± 
2.34

39.70± 
3.01

89.07± 
2.12

69.72± 
2.56

77.67± 
2.23

68.60± 
2.45

93.43± 
1.12

53.98± 
2.67

86.67± 
1.78

75.58± 
2.34

TransUNet 77.48± 
2.23

31.69± 
2.89

87.23± 
2.01

63.13± 
2.45

81.87± 
2.12

77.02± 
2.34

94.08± 
1.08

55.86± 
2.56

85.08± 
1.67

75.62± 
2.23

AttnUNet 75.57± 
2.31

36.97± 
2.98

55.92± 
2.78

63.91± 
2.56

79.20± 
2.23

72.71± 
2.45

93.56± 
1.15

49.37± 
2.67

87.30± 
1.89

74.95± 
2.34

TransDeepLab 80.16± 
2.12

21.25± 
2.67

86.04± 
1.98

69.16± 
2.34

84.08± 
2.01

79.88± 
2.23

93.53± 
1.12

61.19± 
2.45

86.83± 
1.78

77.41± 
2.12

Swin-Unet 79.13± 
2.18

21.55± 
2.73

85.47± 
2.01

66.53± 
2.45

83.28± 
2.08

79.61± 
2.28

94.29± 
1.09

56.58± 
2.56

90.66± 
1.65

76.60± 
2.21

MISSFormer 81.96± 
2.01

18.98± 
2.45

86.99± 
1.89

68.65± 
2.34

85.21± 
1.98

82.00± 
2.12

94.41± 
1.06

65.67± 
2.45

91.92± 
1.56

76.81± 
2.08

HiFormer 80.39± 
2.09

19.70± 
1.87

86.21± 
1.95

65.69± 
2.41

84.07± 
2.03

80.64± 
2.21

93.66± 
1.10

62.56± 
2.48

89.97± 
1.63

79.87± 
2.15

UltraLightUNet 82.43± 
1.98

19.35± 
2.34

89.53± 
1.87

66.45± 
2.38

88.12± 
1.95

87.32± 
2.08

94.78± 
1.04

65.12± 
2.41

91.03± 
1.52

76.08± 
2.18

DCSSM 82.89± 
1.26

18.20± 
2.15

90.01± 
1.78

72.01± 
2.04

88.89± 
1.45

87.98± 
2.01

95.02± 
0.98

67.93± 
2.12

91.25± 
1.32

80.91± 
2.01

Table 2
Comparison results on the Synapse dataset.
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Figure 6  
Qualitative results of different methods on Synapse dataset.
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4.3.2 Visualization and Feature Analysis 

The results in Figure 6 demonstrate that the DCSSM 
method exhibits significant advantages in multi-
organ segmentation tasks. Compared to other 
methods, DCSSM achieves more precise boundary 
alignment with the ground truth in segmenting 
large organs such as the liver, spleen, and stomach, 
resulting in higher boundary accuracy. 
Additionally, DCSSM performs better in 
segmenting small organs like the gallbladder and 
pancreas, providing more complete results and 
reducing missed detections and false positives, 
while other methods show noticeable errors or 
omissions in these small organs. For complex-
shaped organs, such as the pancreas and kidneys, 
DCSSM outperforms other methods by preserving 
the overall shape and finer details, avoiding the 
common issues of over-smoothing or blurry edges. 
Moreover, DCSSM demonstrates superior noise 
suppression, as its segmentation results contain 
fewer background artifacts, while other methods 
exhibit artifacts or incorrect segmentation in some 
background regions. These findings indicate that 
DCSSM surpasses U-Net, MISSFormer, and 
UltraLightUNet in boundary fitting, small organ 
segmentation, complex structure recognition, and 

noise suppression, showcasing its stronger 
ability in multi-organ segmentation. 

Figure 7  

Loss curves of different methods on Synapse 
dataset. 
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ing the common issues of over-smoothing or blurry 
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some background regions. These findings indicate 
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multi-organ segmentation.
The loss of each method on the Synapse dataset 
is shown in Figure 7. The DCSSM method shows 
significant advantages in 200 rounds of training. 
Compared with other methods, DCSSM has the 
smallest training loss and the fastest convergence, 
basically reaching a low loss value within the first 

50 rounds, and then remaining stable thereafter. 
This indicates that DCSSM not only learns effec-
tive features quickly in the early stage, but also 
avoids overfitting and maintains a more stable val-
idation loss curve.
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Figure 8 shows the heatmaps of the features of the 
DCSSM method with three baselines (U-Net, MISS-
Former, UltraLightUNet) in three different exam-
ples of Synapse. By comparing these heatmaps, the 
advantages of DCSSM in processing medical images 
can be clearly seen. DCSSM performs particularly 
well in region localization, being able to focus more 
accurately on key regions and highlight more salient 
feature information, and the boundaries of the heat 
zones are more closely aligned with the real bound-
aries of the organs. This accurate focusing mech-
anism helps it outperform other methods when 
dealing with complex structures, especially in cap-
turing the details of an image, which DCSSM per-
forms more finely than U-Net and MISSFormer. In 
addition, compared with UltraLightUNet, DCSSM 

  

effective features quickly in the early stage, but also 
avoids overfitting and maintains a more stable 
validation loss curve. 
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closely aligned with the real boundaries of the 
organs. This accurate focusing mechanism 
helps it outperform other methods when 
dealing with complex structures, especially in 
capturing the details of an image, which 
DCSSM performs more finely than U-Net and 
MISSFormer. In addition, compared with 
UltraLightUNet, DCSSM is able to achieve 
higher thermal image clarity and higher 
concentration of thermal regions in the center 
of the organ. 
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4.4 Validation on Cross-Task and Cross-
Modality Generalization 

 4.4.1 Skin Lesion Segmentation on ISIC and PH² 
Datasets 

In order to verify the generalization of the proposed 
method, experiments are conducted on three 
datasets ISIC 2017, ISIC 2018, and PH² in 
comparison with the baseline methods. 

Table 3 presents the quantitative comparison results 
of our proposed DCSSM method with 8 baseline 
methods on the ISIC 2017, ISIC 2018, and PH² 
datasets. All results are reported as mean ± standard 

deviation. As shown in the table, the DCSSM 
model demonstrated consistent performance 
advantages across all three dermatological 
lesion segmentation benchmark datasets. 

In terms of the core metric DSC, DCSSM 
achieved the highest scores on all three 
datasets, reaching 93.12±0.89%, 91.30±1.20%, 
and 94.79±1.12% on ISIC 2017, ISIC 2018, and 
PH², respectively. Compared to the second-
best method HiFormer, DCSSM achieved 
improvements of 0.95%, 0.74%, and 0.77% on 
the three datasets, respectively. To validate the 
statistical significance of these improvements, 
we conducted paired t-tests between DCSSM 
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is able to achieve higher thermal image clarity and 
higher concentration of thermal regions in the cen-
ter of the organ.

4.4. Validation on Cross-Task and Cross-
Modality Generalization

4.4.1. Skin Lesion Segmentation on ISIC and PH2 
Datasets
In order to verify the generalization of the proposed 
method, experiments are conducted on three data-
sets ISIC 2017, ISIC 2018, and PH² in comparison 
with the baseline methods.
Table 3 presents the quantitative comparison re-
sults of our proposed DCSSM method with 8 base-
line methods on the ISIC 2017, ISIC 2018, and PH² 
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datasets. All results are reported as mean ± standard 
deviation. As shown in the table, the DCSSM model 
demonstrated consistent performance advantages 
across all three dermatological lesion segmentation 
benchmark datasets.
In terms of the core metric DSC, DCSSM achieved 
the highest scores on all three datasets, reaching 
93.12±0.89%, 91.30±1.20%, and 94.79±1.12% on ISIC 
2017, ISIC 2018, and PH², respectively. Compared to 
the second-best method HiFormer, DCSSM achieved 
improvements of 0.95%, 0.74%, and 0.77% on the 
three datasets, respectively. To validate the statisti-
cal significance of these improvements, we conduct-
ed paired t-tests between DCSSM and HiFormer 
across test samples. The results confirmed signifi-
cant improvements on all three datasets: ISIC 2017 
(p = 0.002, 95% CI: [0.38%, 1.52%]), ISIC 2018 (p = 
0.015, 95% CI: [0.15%, 1.33%]), and PH² (p = 0.038, 
95% CI: [0.04%, 1.50%]). The improvements on ISIC 
2017 and ISIC 2018 are significant at the α = 0.01 and 
α = 0.05 levels respectively, while PH² shows margin-

al significance due to its smaller sample size. These 
results demonstrate that DCSSM's improvements 
are statistically reliable across diverse skin lesion 
datasets. For the sensitivity (SE) metric, DCSSM 
also demonstrated superior performance, achiev-
ing 94.10±1.09%, 92.47±0.92%, and 95.41±1.28% on 
the three datasets, respectively. Notably, on the PH² 
dataset, DCSSM achieved a sensitivity improve-
ment of 7.07% over the conventional U-Net (95.41% 
vs. 88.34%), demonstrating its enhanced capability 
in capturing fine-grained features of lesion regions. 
The high sensitivity indicates that DCSSM can ef-
fectively identify true positive lesion pixels, which 
is crucial for clinical applications where missing le-
sion areas could lead to misdiagnosis.
In terms of specificity (SP), DCSSM achieved 
97.80±0.27%, 96.66±0.40%, and 98.10±0.27% on 
ISIC 2017, ISIC 2018, and PH², respectively, all rank-
ing first among the compared methods. The relative-
ly low standard deviations indicate stable perfor-
mance across different test samples.

Methods
ISIC 2017 ISIC 2018 PH2

DSC SE SP ACC DSC SE SP ACC DSC SE SP ACC

U-Net 87.23± 
1.78

87.94± 
1.63

94.56± 
0.82

93.42± 
0.89

85.67± 
1.58

86.45± 
1.72

93.12± 
0.85

92.78± 
0.98

89.45± 
1.48

88.34± 
1.56

95.23± 
0.72

93.12± 
0.78

TransUNet 89.56± 
1.42

90.28± 
1.35

95.89± 
0.61

95.23± 
0.72

87.92± 
1.45

88.76± 
1.52

94.78± 
0.68

94.45± 
0.78

91.56± 
1.21

90.67± 
1.35

96.45± 
0.48

94.89± 
0.58

AttnUNet 88.14± 
1.65

88.92± 
1.58

95.02± 
0.75

94.18± 
0.81

86.53± 
1.52

87.34± 
1.64

93.89± 
0.79

93.56± 
0.89

90.23± 
1.38

89.12± 
1.48

95.78± 
0.62

93.78± 
0.72

Swin-Unet 91.03± 
1.21

91.86± 
1.27

96.72± 
0.48

96.08± 
0.58

89.34± 
1.31

90.21± 
1.45

95.56± 
0.58

95.42± 
0.68

93.12± 
1.05

92.45± 
1.28

97.34± 
0.38

96.02± 
0.48

TransDeepLab 89.87± 
1.38

90.67± 
1.45

96.01± 
0.68

95.47± 
0.74

88.26± 
1.42

89.08± 
1.55

95.02± 
0.72

94.87± 
0.79

91.89± 
1.18

91.02± 
1.38

96.72± 
0.52

95.23± 
0.62

MISSFormer 91.45± 
1.15

92.31± 
1.18

96.84± 
0.52

96.25± 
0.62

89.78± 
1.28

90.69± 
1.32

95.84± 
0.62

95.68± 
0.65

93.45± 
1.12

92.89± 
1.20

97.45± 
0.42

96.18± 
0.52

HiFormer 92.17± 
1.08

93.02± 
0.98

97.21± 
0.46

96.89± 
0.55

90.56± 
1.18

91.42± 
1.25

96.21± 
0.55

96.12± 
0.58

94.02± 
0.98

93.56± 
1.25

97.72± 
0.32

96.58± 
0.48

UltraLightUNet 91.89± 
1.12

92.74± 
1.22

97.08± 
0.55

96.71± 
0.58

90.21± 
1.24

91.05± 
1.38

96.03± 
0.60

95.94± 
0.62

93.78± 
1.02

93.21± 
1.30

97.56± 
0.38

96.42± 
0.50

DCSSM 93.12± 
0.89

94.10± 
1.09

97.80± 
0.27

97.64± 
0.51

91.30± 
1.20

92.47± 
0.92

96.66± 
0.40

96.85± 
0.52

94.79± 
1.12

95.41± 
1.28

98.10± 
0.27

97.07± 
0.60

Table 3
Comparison results on ISIC 2017, ISIC 2018, and PH2 datasets.
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Furthermore, DCSSM demonstrated leading per-
formance in overall accuracy (ACC), achieving 
97.64±0.51%, 96.85±0.52%, and 97.07±0.60% on the 
three datasets, respectively. These results validate 
the model's ability to maintain a balanced trade-off 
between sensitivity and specificity when processing 
complex skin lesion images with varying morpho-
logical characteristics.
It is worth noting that the performance gap between 
different methods is smaller on the PH² dataset, 
where most transformer-based methods achieve DSC 
scores above 93%. This can be attributed to the higher 
image quality and smaller dataset size of PH². Never-
theless, DCSSM still maintains its leading position, 
demonstrating robust generalization capability.
These experimental results indicate that DCSSM 
not only exhibits strong multi-organ segmentation 
capabilities as shown in previous experiments, but 
also effectively addresses the unique challenges in 
skin lesion segmentation, such as irregular lesion 
boundaries, diverse lesion morphologies, and low 
contrast between lesion and surrounding skin re-
gions. The consistent improvements across three 
different datasets further validate the strong gener-
alization capability of the proposed method.

4.4.2. Cardiac MRI Segmentation on the ACDC 
Dataset
To validate DCSSM's cross-modality generalization 
capability beyond CT and dermoscopic imaging, 
we conducted comprehensive experiments on the 
ACDC cardiac MRI dataset. Table 4 presents quanti-
tative comparisons with baseline methods.
The results demonstrate that DCSSM maintains 
strong performance on cardiac MRI data, achieving 
90.24±1.76% average DSC and 6.92±1.05 HD, outper-

forming all baseline methods. Statistical significance 
testing using paired t-tests confirmed the improve-
ments over the second-best method HiFormer: DSC 
improvement (p = 0.006, 95% CI: [0.28%, 1.58%]) 
and HD reduction (p = 0.021, 95% CI: [0.08, 0.90]) 
are both statistically significant, with DSC improve-
ment reaching the α = 0.01 significance level.
Notably, DCSSM achieves consistent improve-
ments across all cardiac structures: left ventricle 
(95.18±1.24%), right ventricle (88.32±1.96%), and 
myocardium (87.21±2.19%). The performance hier-
archy across structures (LV > RV > MYO) aligns with 
clinical expectations, as the left ventricle typically 
exhibits clearer boundaries while the thin myocar-
dium presents greater segmentation challenges. The 
0.93% DSC improvement over HiFormer (90.24% 
vs 89.31%) and 6.6% reduction in HD (6.92 vs 7.41) 
demonstrate DCSSM's robust generalization to MRI 
despite being primarily designed on CT data.
Interestingly, while HiFormer and UltraLightUNet 
achieve comparable overall performance (89.31% 
vs 89.29% average DSC), they exhibit different 
strengths across cardiac structures: HiFormer per-
forms better on LV (94.63% vs 94.41%) and MYO 
(86.35% vs 85.89%), whereas UltraLightUNet shows 
advantages on RV segmentation (87.56% vs 86.94%). 
In contrast, DCSSM consistently outperforms both 
methods across all three structures, demonstrating 
more balanced and robust segmentation capabilities.
The distribution network's boundary alignment mech-
anism proves effective in handling MRI-specific chal-
lenges including intensity inhomogeneity and varying 
contrast patterns. The CCMCM module successfully 
captures positional correlations of cardiac structures 
across different cardiac phases (ED/ES), validating its 
applicability beyond abdominal CT imaging.

Methods DSC (%) ↑ HD ↓ LV RV MYO

U-Net 87.42±2.30 8.73±1.45 93.15±1.67 85.23±2.45 83.88±2.78

TransUNet 88.56±2.12 7.94±1.28 93.87±1.52 86.78±2.31 85.02±2.53

HiFormer 89.31±1.89 7.41±1.15 94.63±1.41 86.94±2.18 86.35±2.47

UltraLightUNet 89.29±1.94 7.53±1.21 94.41±1.38 87.56±2.08 85.89±2.38

DCSSM 90.24±1.76 6.92±1.05 95.18±1.24 88.32±1.96 87.21±2.19

Table 4
Comparison on ACDC cardiac MRI dataset.
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These cross-modality results confirm that 
DCSSM's architectural design—combining dis-
tribution constraints with lightweight multiscale 
feature extraction—generalizes effectively across 
diverse medical imaging modalities (CT, dermo-
scopic imaging, and MRI), supporting its potential 
for broader clinical deployment.

4.5. Ablation Studies 
4.5.1. Effectiveness of Model Components
To validate the effectiveness of each component in 
the proposed DCSSM, we conduct comprehensive 
ablation experiments on the Synapse dataset. The 
ablation study focuses on two key architectural 
components: the CCMCM (Category Centroid-guid-
ed Channel Modulation) module and the downsam-
pling depth (SN_dn). Table 5 presents the quanti-
tative results, with all metrics reported as mean ± 
standard deviation.
The ablation experiments are organized into two 
groups. In the first group, we fix the downsam-
pling depth at 3 (SN_dn=3) and vary the number of 
CCMCM modules from 0 to 3 to evaluate the con-
tribution of the CCMCM component. In the second 

group, we fix the number of CCMCM modules at 2 
and vary the downsampling depth from 2 to 5 to as-
sess the impact of different feature resolution levels. 
The complete DCSSM model adopts CCMCM×2 
combined with SN_dn×3 as the default configu-
ration, which corresponds to the optimal settings 
identified through these experiments.
The results in Table 5 demonstrate that the 
CCMCM module plays a crucial role in improv-
ing segmentation performance. Removing the 
CCMCM module entirely (CCMCM×0) leads to a 
significant performance drop, with DSC decreas-
ing by 2.36% and HD increasing by 3.15. This degra-
dation confirms that the category centroid-guided 
channel modulation mechanism is essential for ac-
curate organ segmentation. Introducing CCMCM 
modules progressively improves performance, 
with the optimal configuration at two modules 
(CCMCM×2). However, further increasing to three 
modules results in performance degradation, par-
ticularly for challenging organs such as Kidney(R) 
and Pancreas, suggesting that excessive modules 
may introduce redundant feature transformations 
and lead to overfitting.

Methods DSC 
(%) ↑ HD ↓

DSC of each organ

Aorta Gal. Kid. (L) Kid. (R) Liver Pan. Spleen Sto.

CCMCM×0 80.53± 
1.92

21.35± 
2.68

87.45± 
2.25

69.23± 
3.65

86.12± 
1.98

85.34± 
2.52

93.68± 
1.22

64.82± 
4.45

89.45± 
1.85

78.12± 
3.28

CCMCM×1 81.47± 
1.78

20.18± 
2.52

88.56± 
2.12

70.45± 
3.42

87.35± 
1.82

86.23± 
2.38

94.25± 
1.15

66.12± 
4.18

90.12± 
1.72

78.65± 
3.12

CCMCM×2 82.89± 
1.26

18.20± 
2.15

90.01± 
1.78

72.01± 
2.04

88.89± 
1.45

87.98± 
2.01

95.02± 
0.98

67.93± 
2.12

91.25± 
1.32

80.91± 
2.01

CCMCM×3 81.32± 
1.85

19.86± 
2.48

89.52± 
2.02

70.25± 
3.55

87.68±
1.88

84.67± 
2.65

94.38± 
1.12

63.58± 
4.52

90.32± 
1.75

80.12± 
3.08

SN_dn×2 81.83± 
1.72

20.45± 
2.55

88.24± 
2.18

70.78±
3.38

87.95± 
1.78

86.52± 
2.32

94.45± 
1.10

66.92± 
4.08

90.42± 
1.68

79.35± 
3.05

SN_dn×3 82.89± 
1.26

18.20± 
2.15

90.01± 
1.78

72.01± 
2.04

88.89± 
1.45

87.98± 
2.01

95.02± 
0.98

67.93± 
2.12

91.25± 
1.32

80.91±
2.01

SN_dn×4 82.02± 
1.75

21.68± 
2.72

89.18± 
2.08

70.42± 
3.45

87.52± 
1.85

86.85± 
2.28

94.58± 
1.08

65.35± 
4.32

90.88± 
1.65

80.35± 
2.95

SN_dn×5 80.92± 
1.95

20.92± 
2.62

87.95± 
2.28

69.52± 
3.58

86.42± 
1.95

85.18± 
2.55

93.98± 
1.18

65.02± 
4.48

89.85± 
1.82

79.48± 
3.18

Table 5
Ablation results of DCSSM on the Synapse dataset.
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The downsampling depth significantly influenc-
es the trade-off between receptive field size and 
spatial resolution preservation. With insufficient 
downsampling (SN_dn×2), the model shows limited 
capability in capturing global contextual informa-
tion. The optimal configuration (SN_dn×3) achieves 
the best balance between receptive field coverage 
and spatial detail preservation. Increasing to four 
downsampling stages causes HD to increase sub-
stantially, reflecting boundary localization degra-
dation due to resolution loss. Further deepening to 
five stages leads to overall performance decline, con-
firming that excessive downsampling compromises 
fine-grained boundary details critical for accurate 
organ delineation.
The two components address complementary as-
pects of the segmentation task. The CCMCM module 
primarily benefits small and challenging organs by 
providing positional priors from category centroids, 
with notable improvements observed for Gallbladder 
and Pancreas. The downsampling depth mainly af-
fects boundary precision as reflected in the HD met-
ric. These results validate that CCMCM enhances 
semantic discrimination while appropriate downs-
ampling depth ensures spatial precision. In summa-
ry, the ablation study confirms that both the CCMCM 

module and the downsampling configuration are es-
sential for DCSSM's superior performance. The opti-
mal configuration (CCMCM×2 + SN_dn×3) achieves 
the best trade-off between semantic feature enhance-
ment and spatial resolution preservation.

4.5.2. Ablation Study on K Value Selection
To validate the effectiveness of the category-con-
strained K value setting in CCMCM, comprehensive 
ablation experiments were conducted comparing 
different K value strategies. As shown in Table 6, the 
following settings were evaluated: (1) fixed offsets 
from the category count (K = C±1, K = C±2), and (2) 
conventional data-driven methods including the el-
bow rule and silhouette coefficient.
The results demonstrate that the proposed K = C set-
ting achieves substantially better performance with 
82.89% DSC and 18.20 HD, significantly outper-
forming all alternatives. When K < C, fewer centroids 
than organ categories are produced, forcing multiple 
organs to share a single centroid. This leads to severe 
spatial ambiguity, particularly affecting anatomical-
ly adjacent organs. The most significant degradation 
is observed with K = C−2 (78.42% DSC, 25.67 HD), as 
critical organs like the pancreas (58.91% vs. 67.93%) 
and gallbladder (63.28% vs. 72.01%) suffer from in-
adequate spatial representation.

Methods DSC 
(%) ↑ HD ↓

DSC of each organ

Aorta Gal. Kid. (L) Kid. (R) Liver Pan. Spleen Sto.

K = C−2 78.42± 
2.13

25.67± 
3.21

85.13± 
2.45

63.28± 
2.89

83.45± 
2.34

81.67± 
2.78

92.34± 
1.45

58.91± 
3.12

86.23± 
2.18

73.56± 
2.67

K = C−1 80.15± 
1.87

22.34± 
2.89

87.23± 
2.21

66.45± 
2.67

85.78± 
2.01

84.23± 
2.45

93.45± 
1.28

62.34± 
2.78

88.12± 
1.89

76.12± 
2.41

K = C (Ours) 82.89± 
1.26

18.20± 
2.15

90.01± 
1.78

72.01± 
2.04

88.89± 
1.45

87.98± 
2.01

95.02± 
0.98

67.93± 
2.12

91.25± 
1.32

80.91± 
2.01

K = C+1 80.67± 
1.78

21.45± 
2.76

87.56± 
2.12

67.23± 
2.54

86.12± 
1.92

84.89± 
2.38

93.78± 
1.21

63.12± 
2.65

88.67± 
1.78

77.34± 
2.32

K = C+2 79.23± 
1.95

23.89± 
2.98

86.12± 
2.32

64.78± 
2.73

84.56± 
2.15

82.91± 
2.61

92.89± 
1.35

60.45± 
2.89

87.34± 
1.98

75.23± 
2.53

Elbow Method 79.89± 
1.92

22.78± 
2.85

86.78± 
2.25

65.89± 
2.68

85.23± 
2.08

83.67± 
2.52

93.12± 
1.31

61.78± 
2.81

87.89± 
1.91

76.45± 
2.45

Silhouette Coefficient 79.56± 
2.01

23.12± 
2.91

86.34± 
2.29

65.12± 
2.75

84.89± 
2.12

83.12± 
2.58

92.98± 
1.38

61.23± 
2.87

87.56± 
1.95

75.89± 
2.49

Table 6
Ablation results of K Value on the Synapse dataset.
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Conversely, when K > C, redundant clusters fragment 
single organs into multiple centroids, disrupting the 
anatomical correspondence and introducing noise 
in category center tracking. The performance degra-
dation is found to be asymmetric: under-clustering 
(K < C) causes more severe harm than over-cluster-
ing (K > C), as missing centroids completely lose or-
gan-specific spatial information, while redundant 
centroids only introduce partial noise.
Notably, conventional data-driven methods (elbow 
rule: 79.89% DSC; silhouette coefficient: 79.56% 
DSC) are observed to substantially underperform 
compared to K = C. These methods optimize for gen-
eral clustering quality metrics rather than anatomi-
cal constraints, often selecting K values that deviate 
from the actual number of organ categories. These 
findings confirm that the deterministic K = C setting 
is both theoretically grounded in anatomical prin-
ciples and empirically optimal for multi-organ seg-
mentation.

4.5.3. Channel Division Strategy in Multi-Scale 
Extraction 
To validate the effectiveness of the channel division 
strategy in the Lightweight Multiscale Feature Ex-
traction Module (LMFE), ablation experiments are 
conducted comparing six different channel alloca-
tion ratios. The ratios are denoted as a:b:c, where 
a, b, and c represent the proportions of channels al-
located to 3×3, 5×5, and 7×7 depthwise convolution 
kernels, respectively. Experimental results are pre-
sented in Table 7.

The results demonstrate that the 2:1:1 ratio achieves 
optimal performance across all evaluation metrics, 
obtaining 82.89% DSC, 18.20 HD, and the highest seg-
mentation accuracy for all three organs. Several key 
observations can be drawn from these experiments.
When more channels are allocated to larger kernels 
(1:2:1 and 1:1:2 configurations), the segmentation 
performance degrades substantially. The 1:1:2 ra-
tio yields the poorest results with 80.41% DSC and 
22.35 HD, representing decreases of 2.48% and 4.15 
respectively compared to the optimal configuration. 
This degradation is particularly pronounced for the 
pancreas (63.75% vs. 67.93%), indicating that small 
organs with intricate boundaries require sufficient 
fine-grained features for accurate delineation. Con-
versely, over-allocating channels to the 3×3 kernel 
(3:1:1 and 4:1:1) also leads to performance decline. 
The 4:1:1 configuration achieves only 81.45% DSC, 
1.44% lower than the optimal ratio. This suggests 
that while fine-grained features are essential, cap-
turing broader contextual information through larg-
er receptive fields remains crucial for understanding 
anatomical structures and spatial relationships.
The 2:1:1 configuration strikes an effective balance 
by allocating 50% of channels to small kernels for 
detailed boundary detection while preserving 50% 
for medium and large kernels to capture contextual 
information. This balance proves particularly bene-
ficial for challenging organs like the pancreas, where 
both precise local boundaries and surrounding ana-
tomical context are critical for accurate segmenta-
tion. The equal distribution baseline (1:1:1) achieves 
moderate performance (81.87% DSC), outperform-

Ratio DSC (%) ↑ HD ↓ Liver Pan. Sto. 

1:1:1 81.87±1.45 20.34±2.67 94.51±1.18 65.92±2.53 79.85±2.28

1:2:1 80.93±1.58 21.76±2.89 93.87±1.32 64.28±2.71 78.64±2.54

1:1:2 80.41±1.67 22.35±3.12 93.42±1.45 63.75±2.94 78.02±2.68

2:1:1 82.89±1.26 18.20±2.15 95.02±0.98 67.93±2.12 80.91±2.01

3:1:1 82.21±1.38 19.67±2.43 94.63±1.09 66.84±2.35 80.18±2.19

4:1:1 81.45±1.52 20.58±2.71 94.15±1.25 65.47±2.58 79.32±2.41

Table 7
Ablation study on the channel division strategy.
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ing configurations biased toward larger kernels but 
underperforming the 2:1:1 ratio. This confirms that 
a slight emphasis on fine-grained feature extraction 
is beneficial for medical image segmentation tasks 
involving small anatomical structures.
In summary, these ablation results validate the de-
sign choice of the 2:1:1 channel division ratio, demon-
strating that prioritizing fine-grained features while 
maintaining adequate contextual capacity yields op-
timal multiscale feature fusion for abdominal organ 
segmentation.

4.5.4. Ablation Study of Distribution Learning Loss 
To validate the effectiveness of the weighted cross-en-
tropy loss in distribution learning stage, comparative 
experiments were conducted with alternative dis-
tribution losses. Specifically, the proposed weighted 
cross-entropy (WCE) loss was compared against stan-
dard cross-entropy (CE) loss without class balancing, 
Kullback-Leibler (KL) divergence loss, and Focal loss. 
All experiments were performed on the Synapse data-
set under identical training configurations.
Table 8 presents the comparison results of differ-
ent distribution losses. The weighted cross-en-
tropy loss achieves the best overall performance 
with 82.89±1.26% DSC and 18.20±2.15 HD, outper-
forming standard cross-entropy by 3.77 percentage 
points in DSC and 3.40 in HD. This improvement 
is particularly pronounced for small organs: gall-
bladder segmentation improves from 67.34±2.89% 
to 72.01±2.04% (+4.67%), and pancreas segmen-
tation improves from 63.21±3.01% to 67.93±2.12% 
(+4.72%). These results confirm that the inverse fre-

quency weighting strategy effectively addresses the 
class imbalance problem inherent in multi-organ 
segmentation.
KL divergence loss yields suboptimal results 
(79.87±2.12% DSC) with relatively higher variance. 
Although KL divergence shows slight improvement 
over standard CE in overall DSC, it performs worse 
on several organs including Aorta, kidney (L), and 
spleen, indicating that distribution divergence 
minimization alone does not guarantee consistent 
improvement across all organ categories. Focal 
loss achieves 80.45±1.98% DSC by down-weighting 
well-classified samples. While Focal loss demon-
strates improved performance on kidney (L) seg-
mentation (87.23±1.98%), it shows degraded perfor-
mance on gallbladder, spleen, and stomach compared 
to standard CE, suggesting that hard sample mining 
may not align well with the class imbalance charac-
teristics of multi-organ segmentation. The standard 
cross-entropy loss without class balancing shows 
the lowest overall performance (79.12±2.34% DSC), 
demonstrating that explicit class balancing is essen-
tial for multi-organ segmentation tasks with signifi-
cant size variations across organ categories.

4.6. Computational Efficiency Analysis
Table 9 presents a comprehensive comparison of 
computational costs among different methods, 
demonstrating DCSSM's favorable efficiency-ac-
curacy tradeoff while maintaining competitive seg-
mentation performance. DCSSM contains 12.36M 
parameters, achieving substantial reductions 
compared to transformer-based methods: 51.6% 

Methods DSC 
(%) ↑ HD ↓

DSC of each organ

Aorta Gal. Kid. (L) Kid. (R) Liver Pan. Spleen Sto.

CE (w/o weighting) 79.12± 
2.34

21.60± 
2.78

87.23± 
2.45

67.34± 
2.89

85.12± 
2.67

74.36± 
2.34

93.52± 
1.56

63.21± 
3.01

88.34± 
2.12

76.23± 
2.56

KL Divergence 79.87± 
2.12

20.45± 
3.12

86.89± 
2.78

68.12± 
1.85

86.34± 
2.23

85.23± 
2.89

93.12± 
1.78

62.78± 
2.67

83.45± 
1.89

77.89± 
2.78

Focal Loss 80.45± 
1.98

19.78± 
2.45

87.12± 
2.02

66.78± 
3.12

87.23± 
1.98

86.12± 
2.56

90.23± 
1.34

64.56± 
2.89

88.12± 
2.44

75.45± 
2.23

WCE (Ours) 82.89± 
1.26

18.20± 
2.15

90.01± 
1.78

72.01± 
2.04

88.89± 
1.45

87.98± 
2.01

95.02± 
0.98

67.93± 
2.12

91.25± 
1.32

80.91± 
2.01

Table 8
Ablation results of different loss on the Synapse dataset.
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fewer than HiFormer (25.51M), 54.5% fewer than 
Swin-Unet (27.17M), and 70.9% fewer than MISS-
Former (42.46M). Compared to the heavyweight 
TransUNet (105.32M), our model reduces param-
eters by 88.3%, while being slightly smaller than 
conventional CNN-based U-Net (17.26M). This pa-
rameter efficiency is enabled by the U-shaped en-
coder-decoder architecture with lightweight multi-
scale feature extraction modules (LMFEM), which 
employs channel splitting strategy (2:1:1 ratio) to 
allocate computational resources efficiently across 
different receptive fields. Notably, DCSSM main-
tains comparable parameter count to UltraLigh-
tUNet (10.28M), with only 20.2% additional param-
eters to accommodate the distribution network for 
semi-supervised learning and the CCMCM module 
for category-aware spatial prior generation. 
In terms of computational complexity, DCSSM re-
quires 10.52 GFLOPs per forward pass, representing 
reductions of 21.1% compared to HiFormer (13.33G), 
40.3% compared to MISSFormer (17.62G), and 
81.1% compared to TransUNet (55.73G). The mod-
est increase over UltraLightUNet (8.64G, +21.8%) 
enables the integration of the three-stage fusion 
training framework and deformable convolutions 
while preserving computational efficiency suitable 
for resource-constrained clinical environments. 
The inference time of 32±2ms achieves real-time 
processing at approximately 31 FPS, meeting clini-
cal deployment requirements including intraopera-
tive guidance and point-of-care diagnostics. While 
slightly slower than UltraLightUNet (24ms) due 
to the deformable convolution operations and the 

distribution network forward pass, DCSSM pro-
vides substantially faster inference than transform-
er-based alternatives such as TransUNet (76ms), 
MISSFormer (52ms), and Swin-Unet (48ms). GPU 
memory consumption during training is 5.24GB 
with batch size of 4, which fits comfortably within 
the 16GB memory constraint of RTX 4080 and en-
ables deployment on consumer-grade hardware. 
Compared to transformer-based methods that typi-
cally require 7-11GB memory, our approach reduces 
memory footprint by 28-54%, allowing for potential 
increase of batch sizes on the same hardware con-
figuration. The average training time for DCSSM 
on the Synapse dataset is approximately 4.20±0.24 
hours using the Adam optimizer with an initial 
learning rate of 0.02 and early stopping strategy, 
which is longer than UltraLightUNet (3.42h) due 
to the multi-stage fusion training process involving 
distribution learning, segmentation fine-tuning, and 
joint optimization stages, but substantially more 
efficient than transformer-based methods such 
as TransUNet (8.46h), MISSFormer (6.15h), and 
HiFormer (5.72h). 
The efficiency advantages of DCSSM stem from sev-
eral key architectural design choices: the LMFEM 
employs deformable convolutions with strategic 
channel splitting to reduce redundant computa-
tions while capturing multiscale features through 
different kernel sizes (3×3, 5×5, and 7×7); the pub-
lic encoder is shared across labeled and unlabeled 
data processing paths, eliminating duplicate feature 
extraction during inference; and the CCMCM per-
forms K-means clustering only during the prepro-

Method Params (M) FLOPs (G) Inference (ms) Memory (GB) Train (h)

U-Net 17.26 24.85 28±2 5.12±0.12 3.85±0.20

TransUNet 105.32 55.73 76±4 11.35±0.28 8.46±0.48

HiFormer 25.51 13.33 46±3 7.28±0.18 5.72±0.32

Swin-Unet 27.17 11.46 48±3 7.15±0.16 5.38±0.28

MISSFormer 42.46 17.62 52±3 8.24±0.20 6.15±0.35

UltraLight. 10.28 8.64 24±2 4.85±0.12 3.42±0.18

DCSSM 12.36 10.52 32±2 5.24±0.15 4.20±0.24

Table 9
Computational Efficiency Comparison.



443Information Technology and Control 2026/2/55

cessing stage to establish category-specific spatial 
centroids, incurring zero additional overhead during 
inference since all centroids are precomputed and 
stored in the category vector. 

4.7. Robustness Evaluation on Challenging 
Cases

To validate the robustness of DCSSM under chal-
lenging scenarios, the proposed method was eval-
uated on generated extreme cases. Since naturally 
occurring extreme cases are rare and lack reliable 
ground truth annotations, a controlled perturbation 
approach was adopted, which is a common practice 
in medical image analysis robustness studies.
Four types of extreme test cases were generated 
from the original Synapse test set:
1	 Anatomical Position Perturbation (APP): To sim-

ulate cases with abnormal organ positioning (e.g., 
situs inversus or post-surgical anatomical changes), 
we applied elastic deformations with large displace-
ment fields to the original images. Specifically, we 
used a deformation field with control point spac-
ing of 64 pixels and maximum displacement of 40-
50 pixels, creating realistic anatomical variations 
while preserving organ integrity.

2	 Boundary Blurring (BB): To simulate cases with 
indistinct organ boundaries caused by pathological 
conditions or imaging artifacts, we applied selective 
Gaussian blurring (σ = 2.0-4.0) along organ bound-
aries. The blurring kernel was applied within a 10-15 
pixel band around ground truth boundaries.

3	 Intensity Inhomogeneity (II): To simulate poor 
image quality or contrast agent distribution vari-
ations, we introduced multiplicative bias fields 
using a combination of low-frequency sinusoidal 
functions, creating intensity variations of ±30% 
across the image.

4	 Combined Perturbation (CP): To evaluate perfor-
mance under multiple simultaneous challenges, we 
combined all three perturbation types with moder-
ate intensity (APP: 40 pixels, BB: σ=2.5, II: ±20%).

Table 10 presents the performance comparison un-
der extreme conditions, where Δ denotes the perfor-
mance degradation relative to the original test set. 
DCSSM demonstrates the smallest performance 
degradation across all perturbation types. Under 
the most challenging Combined Perturbation con-

dition, DCSSM maintains 72.34% DSC with only 
10.55% degradation, compared to 12.31-14.51% deg-
radation for other methods. This enhanced robust-
ness can be attributed to the CCMCM module's 
ability to maintain stable category-specific spatial 
priors even when organ appearances are distorted. 
By encoding the typical spatial distribution and ap-
pearance order of organs along the axial direction, 
CCMCM provides anatomical prior guidance that 
remains partially valid under perturbations, en-
abling the network to focus on anatomically plausi-
ble regions despite local distortions. Furthermore, 
the multi-stage fusion training strategy contributes 
to robustness by first establishing robust feature dis-
tributions through the Distribution Network before 
fine-tuning the Segmentation Network, allowing the 
model to learn more generalizable representations 
that are less sensitive to input variations. DCSSM 
shows particular resilience to Intensity Inhomoge-
neity (Δ = -2.66%), as the category center represen-
tations computed by CCMCM are based on spatial 
coordinates rather than intensity values, making 
them inherently invariant to intensity changes. The 
Lightweight Multiscale Feature Extraction Mod-
ule also contributes to boundary robustness under 
Boundary Blurring conditions through its multi-
scale design with 2:1:1 channel allocation, where 
the larger receptive fields (5×5 and 7×7 kernels) can 
capture contextual information to compensate for 
blurred local boundaries.
Despite overall robustness, specific applicability 
boundaries are identified. When anatomical dis-
placement exceeds the spatial tolerance encoded 
by CCMCM's category vectors, the learned spatial 
priors become less effective, leading to increased 
vulnerability. Under such conditions where dis-
placement exceeds 50 pixels, all methods including 
DCSSM exhibit rapid performance decline (>15% 
degradation). Additionally, small organs with high 
shape variability remain challenging under com-
bined perturbations, as the limited pixel count pro-
vides fewer samples for reliable centroid estimation 
in CCMCM. Based on these findings, DCSSM should 
be applied with caution in patients with severe ana-
tomical abnormalities such as situs inversus totalis, 
images with significant motion artifacts, or cases 
requiring precise small organ segmentation under 
suboptimal imaging conditions.
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5. Conclusion and Discussion
This paper proposes a Distribution-Constrained 
Semi-Supervised Segmentation Model (DCSSM) 
for medical organ segmentation. The model address-
es the challenges of limited labeled data and insuffi-
cient utilization of spatial positional information in 
medical image segmentation through three key in-
novations: the Category Center of Mass Calculation 
Module (CCMCM) for capturing spatial distribution 
patterns, a multi-stage fusion training strategy for 
leveraging unlabeled data, and the Lightweight Mul-
tiscale Feature Extraction Module (LMFEM) for ef-
ficient feature extraction.
Extensive experiments on five benchmark datasets 
demonstrate the effectiveness of the proposed meth-
od. On the Synapse multi-organ CT dataset, DCSSM 
achieves 82.89% DSC and 18.20 HD, outperform-
ing eight baseline methods. The model also shows 
strong generalization capability across different 
imaging modalities, achieving competitive results 
on the ACDC cardiac MRI dataset (90.24% DSC) 
and three dermoscopic image datasets (up to 94.79% 
DSC on PH²). Furthermore, DCSSM maintains com-
putational efficiency with only 12.36M parameters 
and 32ms inference time, making it suitable for clin-
ical deployment.

Method Original DSC (%) APP DSC (%) BB DSC (%) II DSC (%) CP DSC (%)

U-Net 76.85 68.42 (-8.43) 71.23 (-5.62) 72.15 (-4.70) 62.34 (-14.51)

TransUNet 77.48 70.12 (-7.36) 72.56 (-4.92) 73.89 (-3.59) 64.78 (-12.70)

AttnUNet 75.57 66.89 (-8.68) 70.12 (-5.45) 71.34 (-4.23) 60.45 (-15.12)

TransDeepLab 80.16 72.45 (-7.71) 75.23 (-4.93) 76.89 (-3.27) 66.78 (-13.38)

Swin-Unet 79.13 71.34 (-7.79) 74.56 (-4.57) 75.78 (-3.35) 65.23 (-13.90)

MISSFormer 81.96 74.23 (-7.73) 76.45 (-5.51) 78.12 (-3.84) 68.56 (-13.40)

HiFormer 80.39 72.89 (-7.50) 75.67 (-4.72) 77.23 (-3.16) 67.12 (-13.27)

UltraLightUNet 82.43 75.67 (-6.76) 77.89 (-4.54) 79.34 (-3.09) 70.12 (-12.31)

DCSSM 82.89 77.45 (-5.44) 79.12 (-3.77) 80.23 (-2.66) 72.34 (-10.55)

Table 10
Performance Comparison on Extreme Cases.

Despite these promising results, certain limitations 
remain. The learned spatial priors become less ef-
fective when anatomical displacement exceeds the 
tolerance encoded by CCMCM, and small organs 
with high shape variability remain challenging un-
der suboptimal imaging conditions. Future work 
will focus on several directions: (1) developing 
adaptive spatial prior mechanisms that can dynam-
ically adjust to severe anatomical abnormalities 
such as situs inversus or post-surgical anatomical 
changes; (2) exploring more robust centroid esti-
mation strategies for small organ segmentation, 
potentially incorporating uncertainty quantifica-
tion to improve reliability; (3) extending the frame-
work to 3D volumetric segmentation to better ex-
ploit inter-slice continuity; and (4) investigating 
the integration of foundation models such as SAM 
with the proposed distribution-constrained learn-
ing paradigm to further enhance generalization 
across diverse medical imaging tasks.
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