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Abstract: Aiming at the problems of insufficient accuracy of pathological image recognition and
semantic gaps in feature fusion process caused by the diversity of lesion morphology, we proposed an
improved U-Net architecture that integrated Transformer and attention mechanisms. Firstly, we
designed a boundary-aware module to enhance the expression of lesion edge features in pathological

>'s ability to perceive complex structures. Secondly, we

images, thereby improving the model
introduced a regularized large-kernel attention module at the bottleneck layer to model long-range
dependencies, and mitigated overfitting risk through a layer-wise regularization strategy. Finally, we
further introduced a learnable visual center module to strengthen the complementarity between global
and local features. Experimental results on the MoNuSeg and GlaS datasets show that the proposed
method outperforms current mainstream models in terms of segmentation accuracy and boundary
clarity.
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Fig.1 Architecture of boundary-aware and feature fusion-based pathological image segmentation network
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Fig.2 Structure of boundary-aware encoder
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Fig. 4 Explicit visual center module structure and feature transmission path
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Fig. 5 Qualitative comparison of segmentation results of different networks on MoNuSeg and GlaS datasets
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Table 1  Quantitative comparison of segmentation results of different networks on MoNuSeg and GlaS datasets %
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Dice TIoU Dice IoU
U-Net 85.45 74.60 76.45 61. 88
U-Net+ + 87.56 77.87 77.01 62.61
AttUNet 88. 80 79. 86 76. 47 61.90
MRUNet 88.73 79.74 78.22 64. 23
TransUNet 88. 40 79. 21 78.53 64. 65
SwinUNet 89.58 82.12 77.69 63.52
UCTransNet 90.18 82.96 79.08 65. 40
MBUTransNet 90. 20 82.15 81.55 68. 85
USCT-UNet 91.16 83.76 80. 07 66. 76
A3 92. 20 85.53 82.51 70. 20
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Table 2 Segmentation results of different methods on Synapse dataset %

DS mDice mHD
U-Net 68. 81 —

MedT 76. 87 39.70

UCTransnet 77.48 31.69

TransUNet 77.49 31.68

SwinUNet 79.12 21.55

AL 78.98 25. 89
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Table 3 Ablation experiment results of proposed method on MoNuSeg dataset

RLKA BAE AF EVC Dice/ %
76. 45

N 78.51
NG N 79.12
NG NG N/ 81.07
NG NG N NG 82.51
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Table 4  Ablation experiment results of L, regularization coefficient %
1) 4k 2 K {E Dice IoU
0.1 81.92 69. 43
0.3 82.11 69. 64
0.5 82.51 70. 22
0.7 82.22 69. 85
0.9 81. 89 69. 32
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