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Medical Image Segmentation Model Based on Global Multi-Branch
Fusion Paired Attention

GUO Yuchen, LUO Huilan
(School of Information Engineering , Jiangxi University of Science and Technology , Ganzhou 342100, China)

Abstract: To address the issue of models in medical image segmentation overlooking similar representations of the same anatomical structure
at different scales, a model based on global multi—branch fusion paired attention (MFP Net) is proposed. The Multi-branch Feature Fusion
(MFF) module unifies features of different scales from various stages of the model encoder and collects these similar feature informations ; the
Global Paired Attention (GPA) module aligns features both spatially and across channels, enhancing the network’s ability to represent struc-
tures at different scales; a decoder with attention—gated modules suppresses redundant features, boosting the model’s recognition of key fea-
tures. Results demonstrate that MFP Net, by learning similar representations within images, enhances segmentation accuracy, achieving Dice
scores of 79.28% and 89.96% on the Synapse and ACDC datasets, respectively, and an HD95 metric of 18.28 on the Synapse dataset, indicat-
ing higher segmentation precision and more accurate internal structure identification compared to previous methods.
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Fig.1 Overview of model structure
E1 EBIGEHER

7 N
[

0 gy AR ok RO BERAWA v SR I S
i t BB 7 " / w \
BT FREE FRER FRRER i Comaxa comas
|

: 2C oW ﬂxﬂx ¢ ﬁlt.
M RRO Norm U3

FREER

a

© FHEfHE ,

Fig.2 Multi-branch feature fusion block
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Fig.3 Global paired self-attention mechanism block
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Table 1 Comparison of segmentation accuracy of different networks on the Synapse multi—organ CT dataset
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Fig. 4 Segmentation prediction comparison of different models on the Synapse dataset
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Table 2 Segmentation accuracy comparison of different networks on
the ACDC cardiac MRI dataset
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Fig.5 Segmentation prediction comparison of different models on the ACDC dataset
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Table 3 Ablation experiment data of each module in MFP Net
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