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Boundary-focused Multi-scale Feature Fusion Network for Stroke Lesion Segmentation

LIU Chenhong' , LI Fenglian' , YANG Jia* , WANG Suzhe' and CHEN Guijun'
1 College of Electronic Information Engineering, Taiyuan University of Technology, Taiyuan 030024 ,China

2 R &.D Department, China Academy of Launch Vehicle Technology, Beijing 100076 , China

Abstract Computer-aided diagnosis helps clinicians locate stroke-affected brain regions,improving diagnostic and therapeutic ef-
ficiency. Currently, the boundaries between stroke lesions and healthy tissues in medical images are often unclear,and most exis-
ting deep learning-based segmentation methods lack effectiveness in identifying small-sized lesions and handling blurred bounda-
ries. To address this, the boundary-aware multi-scale feature integration network (BAMFNet) is proposed for more accurate
stroke lesion segmentation. In BAMFNet, the multi-scale feature extraction module combines convolutional neural networks and
Transformers to capture local and global features at multiple scales and uses involution to reduce information redundancy. The
boundary enhancement and fusion module strengthens boundary-region features during fusion and integrates a multi-level infor-
mation interaction mechanism. This enhances the boundary feature representation and combines deep and shallow features effec-
tively. Experiments on the ATLAS v1.2,ATLAS v2. 0 and ISLES 2022 stroke datasets show BAMFNet achieves Dice similarity
coefficients of 62, 93%,61.79% ,and 86. 66 % respectively,outperforming other methods.

Keywords Deep learning, Lesion segmentation, Multi-scale feature fusion,Boundary enhancement, Transformer
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Tablel Comparison of performance when placing MSVIT modules

in different locations

WE R R Dice/%  Precision/%  Recall/%
1 61.15 58.89 55.68
2 61.58 57.56 58.77
3 61.46 62.11 58.73
4 61.54 62.06 61.96
3+4 62.59 63.88 65.53
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Table 2 Evaluation results of different segmentation methods

on ATLAS vl. 2 dataset

%)

VS Dice Precision Recall
U-Net!3] 48. 34 54,45 53.68
Attention U-Netl5! 49. 60 49. 25 62.53
X-Neth23) 48.67 60. 00 47.52
D-Unet!7] 53.49 63.31 52.43
CLCI-Net-24J 58.10 64.90 58.10
TransUNet!13] 56. 23 57.15 65.95
TransFusel2%] 58.13 57. 64 60. 06
TransRender 26] 59.79 63.91 62.08
BAMFNet 62.93 65.95 67.33

F 3 AW #EIJIETE ATLAS v2. 0 FRYPEM 45
Table 3 Evaluation results of different segmentation methods on

ATLAS v2. 0 dataset

%)

Ik Dice Precision Recall
U-Net3] 41.73 58.01 36. 04
Residual U-Netl27] 15. 64 59. 25 42.05
Attention U-Netl?] 48.72 63. 68 43.93
TransAttn U-Netl28] 57,24 66. 02 56.58
U-Net Transformer:2) 58,35 65.91 59.16
BAMFNet 61.79 64. 66 60. 33

* 4 ANFSE I EELE ISLES 2022 - #TF 45
Table 4 Evaluation results of different segmentation methods on

ISLES 2022 dataset

%

Ik Dice Precision Recall
U-Net!3] 82.04 85.31 81. 44
Attention U-Net[5! 81.45 84.70 80.98
TransUNet!13] 84.23 86. 88 84.19
TransFuse[2%] 84.39 87.36 84.15
TransRender26) 85. 37 86. 48 83. 24
BAMFNet 86. 66 87.39 85.71
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Table 5 Results of ablation experiment
%

4% MSVIT Fusion OC-Fusion Dice  Precision Recall
48.34 54,45 53.68
U-Net N/ 56. 45 55.73 54,72
N NG 57.38 56. 26 57.93
</ N 60. 38 61.28 63.34
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