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Structural re-parameterization and differentiable binarization combined

breast tumor segmentation model
Yang Binming, Zhang Chengsheng, Zhang Xinying, Yao Wei, Xu Shengzhou"
(South-Central Minzu University, a.College of Computer Science( College of Artificial Intelligence) ; b. Hubei Provincial

Engineering Research Center for Intelligent Management of Manufacturing Enterprises, Wuhan 430074, Hubei China)

Abstract Automatic segmentation of breast lesions is a critical technology for the early diagnosis and treatment of breast
cancer. However, the segmentation accuracy of existing methods still needs improvement when dealing with challenges
such as blurred lesion boundaries and morphological variability. To address these issues, a breast tumor segmentation
model that combines structural re-parameterization with differentiable binarization is proposed. In the proposed network, a
structural re-parameterization module (RepBlock) is designed based on the re-parameterization idea, which significantly
enhances the model’s feature extraction capabilities while reducing the number of parameters and computational
complexity during the inference stage. Additionally, the traditional fixed-threshold binarization with differentiable
binarization is replaced, which adaptively learns segmentation thresholds, further improving the model’s ability to detect
lesion boundaries in complex backgrounds. Experimental validation on a breast lesion segmentation dataset demonstrates
that our method achieves a Dice coefficient of 84.9%, outperforming the mainstream VM-UNet by 1.4% and showing
superior performance compared to other segmentation models. The proposed method provides an effective solution for
accurate breast lesion segmentation and serves as an important tool for clinical auxiliary diagnosis, offering more reliable

imaging analysis support for physicians.
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Fig. 1 = The structure of network
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Fig. 5 Visualization of segmentation results from different models
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Tab. 2  Ablation experiments between modules
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Fig. 6 The heatmap of the U-Net and ours approach
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