Hast Hall As e TR Vol. 45 No. 4
20264F 8 /1 Beijing Biomedical Engineering August 2026

CB-SwinUNet : —fjh & 25 & 1L EL
IR i vy 4y ) SRy
B+¥% #E L IE

 OE BB LN R SR HORE MR R 3 SO S AR LG A AR, AT T VA AR AL BEAS
TR e 5 02 05 il s DS 42 R i U5 Ay o ik, AR SCHE H A Swin Transformer 55 U-Net
DL CB-SwinUNet 1, 5 7ESL AL - 50 T Y AE BE 3 &1 . F5 3% AR EE L T Swin Transformer Y
U B2 RIS s 67 1 A S KB B . 7R CRERN B AP IE s BB . 7Rt B BT A7 51
NGB TR S 525 a5 (channel attention and spatial enhancement, CASE ) A AL AS [R) 53 4
FRAE L N A0 ) 5 5 M R I SR A R 3K 5 T IR R 0% e b BT i S AT B 3R LR (boundary-aware
detail module, BADM) , FI {42 it 2 5 15 2 RS AL R & R Z @ HlE B B IERZRER L & 20k .
ULAN, 255 52 A AR pR IS BB S AT 38 S IE SR WA DR DAl 200 . 855 7E BUSI(647 ) 5 A # 4K
35 17 (500 1)) (9 52465 {271 , CB-SwinUNet f) Dice 5 827351115 51 0. 859 #110. 842, ToU 5 Hausdorff i ] 45
FEHR BT U-Net  TransFuse 55 F AR o JH Fll 5290 10E 52, CASE W 35 $2 7 1 IO6F Lo B2 9 k2 7 BB
BADM A AEIE T3S 2 MAE L o AR SR FR I B W 46 o 518 CB-SwinUNet i i TR B ik
ARG SR, SEEL T 4R S5 K 5 Ja A 5 1 B ) AT, A A5 T T IR T S 3 ORI MR, S
SERFETEAUE T2 ARSI 3 FIORE BE S AL RE ) 5 T RO OL ., il R B2 e b Atk T B A Bl
VZE

KR FLIRE G UG o) TR EE 2% 2] s T2 JIHLH 5 Swin Transformer

DOI:10. 3969/j. issn. 1002-3208. 2026. 04. 007.

HESES R318  NEIRER A XEHS  1002-3208(2026)04-0376-10

AXEFENX FFEL ks, DA, 55 . CB-SwinUNet: —F il 5 22 B 22 7 AL 14 7L R 7 i
o EEL T, AL AR E 2 TR, 2026,45(4) :376-385. ZHOU Fengyi, YANG Zhe, MA Yuan, et al.
CB-SwinUNet: a multi-module attention fusion algorithm for breast ultrasound tumor segmentation[ ] ]. Beijing

Biomedical Engineering,2026,45(4) :376-385.

CB-SwinUNet: a multi-module attention fusion algorithm for
breast ultrasound tumor segmentation

ZHOU Fengyi, YANG Zhe ,MA Yuan, WANG Jun
Peking University First Hospital Taiyuan Branch (Taiyuan Central Hospital of Shanxi Medical University),
Taryuan 030009
Corresponding author: WANG Jun (E-mail : wangjun8998@163. com)
[Abstract] Objective Existing methods often struggle to balance global semantic understanding with
local detail recovery when dealing with irregular tumor shapes and complex backgrounds, due to prevalent
issues in breast ultrasound images such as severe speckle noise, blurred boundaries, and low contrast. To

address these challenges, this paper proposes a CB-SwinUNet model that integrates the advantages of Swin
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Transformer and U-Net, aiming to achieve high-precision segmentation in complex clinical scenarios.
Methods The model constructs a U-shaped architecture based on the Swin Transformer, utilizing shifted
window self-attention mechanisms to capture long-range dependencies. Building on this, two key
enhancement modules are introduced. First, a channel attention and spatial enhancement (CASE) module is
incorporated in parallel during the encoding stage to jointly model spatial and channel features, adaptively
suppressing background noise and enhancing lesion representation. Second, a boundary-aware detail module
(BADM) is designed at the skip connections, leveraging lightweight convolutions and multi-scale pooling to
aggregate shallow high-frequency information, thereby correcting the loss of edge details in deep features.
Furthermore, a composite loss function and a patient-level 5-fold cross-validation strategy are employed to
ensure objective evaluation. Results Experiments on the BUSI dataset (647 cases) and a self-built database
(500 cases) demonstrate that CB-SwinUNet achieves Dice coefficients of 0. 859 and 0. 842, respectively.
Metrics such as intersection over union (IoU) and Hausdorff distance are superior to those of mainstream
models like U-Net and TransFuse. Ablation studies confirm that CASE significantly improves the localization
capability for low-contrast lesions, while BADM effectively refines edge delineation accuracy. The model
exhibits rapid convergence without significant overfitting. Conclusions Through a deep embedded fusion
strategy, CB-SwinUNet achieves synergistic modeling of global structures and local details, effectively
resolving challenges related to noise interference and blurred boundaries. The experimental results fully

validate the advantages of the proposed method in enhancing segmentation accuracy and generalization ability ,
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providing a robust automated solution for clinical computer-aided diagnosis.
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Figure 1 Example of breast lesion ultrasound images
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Figure 2 Architecture of CB SwinUNet
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Figure 3 Schematic diagram of Swin Transformer module structure
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Figure 4 Structure of channel attention and spatial enhancement module
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Figure 6 Qualitative comparison of different segmentation methods on breast ultrasound images
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Table 3 Performance comparison of different methods on the BUSI dataset

il YR 5E Ace MR Ace I Dice &5 RS AR

U-Net 0.971 0.919 0.638 0.704 0.710 0. 691

U-Net++ 0.987 0.922 0. 696 0.729 0.717 0.743

Att-UNet 0.973 0.931 0.716 0.763 0.756 0.770
TransFuse 0.988 0.943 0. 744 0. 829 0. 828 0. 830
CB-SwinUNet 0.998 0.964 0.756 0. 859 0. 860 0.858

F4 BEHIEELAREFENS SRR
Table 4 Performance comparison of different methods on the self-built database

FEEAY YIRAE Ace MEE Ace 2 Dice 4L UTIAES FEILES

U-Net 0.979 0.915 0. 569 0. 661 0. 681 0. 642

U-Net++ 0. 982 0. 930 0. 625 0.730 0.720 0. 741

Att-UNet 0.975 0.931 0. 657 0. 744 0.732 0.757
TransFuse 0.979 0.952 0. 691 0. 810 0.796 0. 824
CB-SwinUNet 0.994 0. 960 0.740 0. 842 0. 846 0. 839

&5 BUSIHESE LHHRBAIR
Table 5 Ablation study on the BUSI dataset

ik YIZRAE Ace MR Ace I Dice 4L LIRS FEILES HD9S
SwinUNet(3£2k ) 0. 990 0.948 0.702 0.817 0.815 0. 820 10.2

SwinUNet 34 +BADM 0.991 0. 950 0.710 0.798 0. 820 0. 825 9.8

SwinUNet 34 +BADM 0.992 0.953 0.715 0. 805 0. 825 0. 830 9.5

CB-SwinUNet (£ ) 0.998 0. 964 0.756 0. 859 0. 860 0. 858 8.2

Fx6 BEHEELWERMR
Table 6 Ablation study on the self-built database

Tk IS Ace IMINEE Ace BEIE I Dice 25K LELLES FENTES HD95
SwinUNet (348 ) 0. 992 0. 960 0.720 0. 832 0. 835 0. 830 3.3
SwinUNet 3£2k+BADM 0.993 0.963 0.725 0. 837 0. 840 0.835 3.1
SwinUNet 3£ +CASE 0.994 0. 965 0.730 0.843 0. 845 0. 842 2.9
CB-SwinUNet (£=#5k ) 0. 994 0. 960 0. 740 0. 842 0. 846 0.839 2.5
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