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DACSNet : Dual Attention Mechanism and Classification Supervision Network for Breast Lesion
Detection in Ultrasound Images

LI Fang and WANG Jie

School of Computer Science, Beijing University of Technology,Beijing 100124, China

Abstract Ultrasound imaging is the most commonly used technology for breast lesion detection and automated lesion detection of
breast ultrasound images has attracted increasing attention from researchers. However, most studies fail to fully integrate image
information to enhance features,and they do not take into account the problems of the increased model complexity and neglect the
issue of rising false positive rates. Therefore, this paper improves existing RetinaNet model by using VMamba as the backbone
network and proposes a lesion detection network based on dual attention mechanism and classification supervision(DACSNet) to
improve the accuracy of lesion detection in breast ultrasound images and reduce the false-positive rate. Specifically, this paper in-
corporates medical domain knowledge into the attention module, where the dual attention module(DAM) effectively enhances fea-
ture representation in both the channel and spatial dimensions. The DAM involves only a small number of parameters and effec-
tively boosts the model’s detection performance. Furthermore,to reduce the false-positive rate of lesion detection,a classification
supervision module(CSM) is added the model to integrate lesion classification information,achieving secondary focus on suspec-
ted lesion areas. To verify the performance of DACSNet, experiments for breast lesion detection are conducted on three sets of
publicly available breast ultrasound image datasets,and the experimental results demonstrate the effectiveness of this method.

Keywords DBreast ultrasound image, Lesion detection, VMamba, Dual attention module, Classification supervision
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Method AP A AP50 4 AP75 4 Precision 4 /% Recall 4 /% FPIv /% Params v FPS 4
RetinaNet 19.6 40.7 17.1 81.72 82.80 18.63 3.7X107 9.69
ATSS 19.6 40.2 16.2 93.82 75.37 4.99 3.2X107 9.85
YOLOv5s-BiFPN-CBAM 21.1 39.4 20.2 88.73 74.80 11.25 1.8x107 10. 31
Faster R-CNN 19.0 37.5 16.3 79.24 83. 30 21.96 4.2%107 9.24
RTMDet_tiny 22.7 40.2 22.3 87.94 69.91 9.65 1.5X107 10. 58
Deformable_ DETR 19.5 39.6 17.5 90. 20 80. 66 8. 81 4.3x107 8.97
DGANet 22.4 46. 8 16.9 83.19 83.47 16.97 5.0%107 7.07
DACSNet(Ours) 25.5 48.1 23.4 89.32 82.97 9.98 4.5%107 7.81
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Fig. 7 Visualization results of five samples in CVA-BUS dataset using different detection methods
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Table 2 Quantitative results of different methods in BUSI and BUI dataset

Method AP A AP50 4 AP75 4 Precision 4 /% Recall * /% FPIv /%
RetinaNet 53.3 78.4 61.0 85.91 89. 86 15.12
ATSS 52.3 77.6 59.4 92.05 85.28 7.61
YOLOv5s-BiFPN-CBAM 50.1 76.5 53.8 90.52 83.65 9.37
Faster R-CNN 48.3 74.3 54.4 85.16 88. 86 15. 81
RTMDet_tiny 48.9 70.2 56.9 89.71 78.70 9. 44
Deformable_ DETR 48.6 75.1 56.7 92.97 87.51 6.82
DGANet 46.2 75.6 50.3 83.87 91.43 17.97
DACSNet(Ours) 54.4 81.3 60.8 92.17 91.09 7.95
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Table 3 Quantitative results of ablation experiments
Method AP A AP50 4 AP75 4 Precision 4 / % Recall * /% FPIvy /%

Basic 23.6 47.3 18.9 81.85 90. 24 20.13
Basic+CAM 25.1 48.8 22.4 87.54 89.42 17.81
Basic+CSAM 24.3 47.9 22.6 88. 88 84.62 16. 64
Basic+ DAM 25.8 51.0 23.1 84.35 86. 44 16.13
Basic+CSM 23.3 47.3 18.9 86.42 89.42 14.14
DACSNet 25.5 48.1 23.4 89.32 82.97 9.98
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Fig. 8 Visualization results of CAM+CSAM ablation study
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Fig. 9 Visualization results of DAM+ CSM ablation study
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