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W = FPEARY>FHNEERL FARESHTPEAAEZOR AN, E5FR. X RV BEVEAR > A AT ERFT R
ERN ARG PIFIB KBGO L LM T RE, Ad . AR R REARTEFARE >N T 2R L% T 52
AR ARTHEARBAEMELZ AMERT XA IEROABERFRAERE, ATHREAX—FA.RBET AL THE
W IR EF ALY kA M % 5 28R (FDiff-Fusion) , #ZAE A @ 4 Xk P AR £ R B 23 U-Net &P, A 20
MMANEFERTPRBRFFTHENLZLE, hTEFARO 2 ARAIR A H TR R REHMLIN L L8 A4 £, HE U-Net
W 2% 0 Je sk 3612 L3t T — AP S T AL, mARR AN A IE R E § 4\#%%1%%&&% VA $ 3R 4 AE & Z 1] 44 A8 4
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BERGEHBE e EHEE ENRADBRIATATEREEIFEZSGO T, BFEHAFLTIL LT M EE N AR
T AERLTXEET ABRESEHENMERH AT HRAMNER, FRLERIT,5AA M k5 5 ML 48 1k, FDiff-Fusion &
BRATS 2020 Ji& M 7 4 7 £ £ 3 73 49 F 35 Dice 4 % Ao HD95 35 8 o #] 4 84.16% 4 2. 473mm. £ BTCV 3 $ B EHEE L
K 134973 Dice o %A= HDI5 35 % 2 51 4 83.82% F= 7. 98mm, & I h B 4F 45 5 %] M4k
KW LRy HAAR ;U Net M EFEGHE BT T 2 REZAFIERS
FESES TP391

FDiff-Fusion: Medical Image Diffusion Fusion Network Segmentation Model Driven Based on
Fuzzy Logic

GENG Sheng,DING Weiping,]JU Hengrong, HUANG Jiashuang,JIANG Shu and WANG Haipeng

School of Artificial Intelligence and Computer Science,Nantong University, Nantong,Jiangsu 226019, China

Abstract Medical image segmentation has important application value in clinical diagnosis, treatment and pathological analysis. In
recent years,denoising diffusion models have achieved remarkable success in image segmentation modeling, which can better cap-
ture complex structure and detail information in images. However, most of the methods using the denoising diffusion model for
medical image segmentation ignore the boundary uncertainty and region ambiguity of the segmentation target,resulting in the in-
stability and inaccuracy of the final segmentation results. In order to solve this problem.a medical image diffusion fusion network
segmentation model driven based on fuzzy logic(FDiff-Fusion) is proposed. By integrating the denoising diffusion model into the
classical U-Net network, this model can effectively extract rich semantic information from inputting medical images. Since the
boundary uncertainty and region blurring of medical image segmentation are common,a fuzzy learning module is designed on the
jump path of U-Net network. The module sets several fuzzy membership functions for the input encoded features to describe the
similarity degree between the feature points,and applies fuzzy rules to the fuzzy membership functions, thus enhancing the model-
ing ability of the model to the uncertain boundary and fuzzy region. In addition,in order to improve the accuracy and robustness of

the model segmentation results.a method based on iterative attention feature fusion is introduced in the test phase,which adds lo-
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cal context information to the global context information in the attention module to fuse the prediction results of each denoising

time step. Experimental results show that compared with existing advanced segmentation networks, the average Dice score and

the average HD95 distance obtained by FDiff-Fusion on BRATS 2020 brain tumor dataset are 84. 16 % and 2. 473mm, respective-

ly. The mean Dice score and the mean HD95 distance obtained on BTCV abdominal multi-organ dataset are 83. 41% and 7.

98mm, respectively, showing good segmentation performance.
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Fig. 1 Forward process and reverse process of denoising diffusion model
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Fig. 3 Fuzzy learning module structure
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Fig. 9 Histogram comparison of segmentation results with different models on different datasets
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