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Polyp Segmentation Network Based on Multi-scale Feature Perception and
Fuzzy Boundary Modeling

WANG Sunbin, SHI Liuwei, HUANG Jun
(School of Computer Science & Technology, Anhui University of Technology, Maanshan 243032, China)

Abstract: Endoscopic image segmentation technology as a routine clinical diagnostic method, whose segmentation
accuracy directly affects physicians’ diagnosis and treatment decisions of lesion areas. In view of the limitations of
existing methods in challenging scenarios such as poor image quality and blurred lesion area boundaries, a polyp
segmentation network integrating multi-scale feature perception and fuzzy boundary modeling was proposed. Firstly,
the image was decomposed into sub-bands of different scales and frequencies through discrete wavelet transform to
extract global structural and local detailed features, while an adaptive attention mechanism was employed to
dynamically adjust the weights of each sub-band feature, achieving multi-scale feature perception. Secondly, a
variational multi-sampling module was utilized to map features into latent space for probability distribution
modeling, where diversified latent space representations were generated through multiple reparameterized samplings,
effectively smoothing blurred regions and improving boundary segmentation accuracy. Experiments were conducted
on five public datasets (CVC—300, CVC—ClinicDB, Kvasir—-SEG, CVC—ColonDB, ETIS—LaribPolyDB) and the non-
public USTCAI dataset to validate the performance of the proposed method. The results demonstrate that the
proposed method outperforms existing methods in both Dice coefficient and mloU metrics. Particularly on the
ETIS—LaribPolyDB dataset, mDice coefficient of 57.54% is achieved, surpassing the state-of-the-art method by 7.16%,
while on the CVC—ClinicDB dataset, an outstanding mDice coefficient of 91.88% is attained, exhibiting excellent
segmentation performance and generalization capability in complex scenarios. By combining multi-scale feature
perception with fuzzy boundary modeling techniques, the proposed method effectively addresses key challenges in
endoscopic image segmentation, providing more accurate and reliable technical support for clinical diagnosis.

Keywords: polyp images; image segmentation; feature perception; fuzzy boundary; boundary modeling; attention

mechanism; smart medical
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Algorithm 1: Variational multi-sampling module (VMSM)
Input: Mean u, standard deviation o, number of samples n
Output: Fused latent representation z
1: // Step 1: Multiple reparameterized sampling
2:z=]]
3:fori=1tondo

&i ~N(0,1)// Sample noise from standard normal distribution

z; = u+ g;o//Reparameterized sampling

end for

4:

S:

6: z. Append(z;)
7:

8:// Step 2: Weighted fusion

9: b= Softmax(FC(z;))// Learn weights via a fully connected

layer

10: z= Zbizi /| Weighted fusion
i=1

11: return z
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