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Tumor recognition in breast ultrasound images based on
an improved YOLOv3 algorithm

XU Lifang', FU Zhijie’, MO Hongwei’
(1. Engineering Training Center, Harbin Engineering University, Harbin 150001, China; 2. Automation College, Harbin Engineering
University, Harbin 150001, China)

Abstract: To improve the efficiency and accuracy of breast cancer diagnoses, a breast ultrasound tumor recognition al-
gorithm based on an improved YOLOV3 algorithm is proposed to assist doctors in breast cancer diagnosis. First, the SE
module is integrated into Res2Net to construct Se-Res2Net to replace the original feature extraction network in
YOLOV3 to improve the ability of model feature extraction. Then, a new Downsample Block is built to solve the prob-
lem of information loss in the downsampling operation of the original model. Finally, to further improve the ability of
feature extraction, the residual connection network and dense connection network are combined to construct Res-
DenseNet to replace the residual connection mode of the original model. The experimental results show that the above

improvements are effective, and the mAP of the improved algorithm is 4.56% higher than that of the original algorithm.
Keywords: breast cancer; ultrasonography; YOLOv3; SE-Res2Net; downsample block; residual connection; dense con-

nection
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