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X-ray Breast Tumor Region Segmentation Method Using an Improved U-Net
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Abstract: Breast cancer is a serious disease that threatens women's health, and timely and accurate diagnosis is crucial for
reducing its mortality rate. To improve the accuracy of breast cancer diagnosis, this study proposes an enhanced U-Net-based method
for segmenting breast tumor regions in X-ray images. First, a parallel attention module is constructed by integrating spatial and channel
attention mechanisms to strengthen the network's ability to extract and identify key features. Next, the parallel attention module is
combined with a residual module to design a residual parallel attention module, enhancing the U-Net model's deep feature extraction
and high-efficiency focusing capabilities. Finally, the residual parallel attention module is incorporated into the encoder part of the U-
Net model, improving its segmentation accuracy for X-ray breast tumor regions. Experimental results on the CBIS-DDSM dataset
demonstrate that the improved U-Net model achieves Dice coefficients and mean intersection over union (mloU) of 94.20% and
90.76%, respectively, significantly enhancing the segmentation accuracy of X-ray breast tumor regions.

Keywords: image segmentation; attention mechanism; breast tumor; residual network; U-Net
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