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Abstract

Breast ultrasound images often contain a wealth of structures and textures, and these structures
have different shapes, sizes, and contrasts; so accurately segmenting focal areas in breast ultra-
sound images is a challenging task. In this study, we propose an innovative approach aimed at im-
proving the performance of the breast ultrasound image segmentation task. Our approach com-
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bines hybrid attention encoders and adaptive deep supervision techniques to efficiently process
the complex structure and multi-scale information of breast ultrasound images. Firstly, our pro-
posed hybrid attention module introduces spatial and channel attention mechanisms to better
capture spatial information and channel features of images. Secondly, we use the deep supervision
technique to make the decoder output the segmentation graph of different scales, and calculate
the loss of each segmentation result with the real label. Finally, we introduce a mixed loss function
to combine the multi-scale segmentation results so that the model can automatically weigh the
importance of information at different scales. A large number of experiments have shown that our
network improves the performance of breast ultrasound image segmentation in both quantitative
analysis and visual effects.
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Figure 1. Overall architecture of adaptive hybrid attention networks
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Figure 2. Hybrid attention module
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Table 1. Segmentation accuracy under different methods
=1 TRIBFETHSENEE

loU Dice
DARES BUSI (K %)  BUSI (&) BUS (&)  BUSI(RtE) BUSIGENE)  BUS (&)
U-Net 0.6637 0.5690 0.6445 0.6962 0.6793 0.6824
U-Net++ 0.6773 0.5922 0.6839 0.7148 0.6619 0.7130
Attention U-Net 0.6335 0.5467 0.6473 0.6919 0.6498 0.6756
TransUNet 0.6841 0.5817 0.5887 0.7358 0.6697 0.6173
CENet 0.6898 0.6023 0.6801 0.7314 0.6797 0.7147
Ours 0.7156 0.6355 0.7130 0.7533 0.7207 0.7526
BUSI (R %) BUSI (3% 1%#)
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Figure 3. The variation curve of segmentation accuracy under different methods
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Figure 4. Segmentation visualization results by different methods
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Table 2. Ablatlon experiments of hybrid loss function
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loU Dice
Jiik BUSI (K %)  BUSI (&) BUS (&)  BUSI (RTE) BUSIGENE)  BUS (&)
C, 0.6813 0.5966 0.6732 0.7014 0.6813 0.7126
C, 0.6926 0.6177 0.6915 0.7281 0.6925 0.7330
Ours 0.7156 0.6355 0.7130 0.7533 0.7207 0.7526
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