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Abstract: Renal lesions are usually asymptomatic and may lead to complications over time. Due to the complex and diverse causes of
kidney disease, as well as the numerous factors that cause it, accurate diagnosis of diseased kidneys is crucial. Accurate segmentation
of diseased kidney images is of great value for clinical diagnosis. Therefore, a kidney disease image segmentation algorithm SRL-
UNet based on improved UNet is proposed for automatic detection and segmentation of diseased areas in the kidney. By introducing SE
attention mechanism into the UNet model and using ResNet50 as the backbone network, and combining UNet and level set methods to
generate a mixed loss function, end-to—end training of the network is achieved to improve the model’s generalization performance and
enhance the segmentation ability of image edges. The results show that the accuracy obtained by the SRL—UNet algorithm is 0.993 3,
with a MloU index of 0.812 7. Compared with UNet, DeepLabv3, and HRNet methods, the accuracy has been improved by 0. 61%,
0.35%, and 0.24% , respectively; The MIoU index increased by 18.21%, 4.04% , and 10.02%, respectively. At the same time, the
three methods have also solved the problems of voids, missing segmentation, and uneven edges, achieving good segmentation results,
reflecting the advantages of the proposed method in segmentation algorithm performance.
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Fig. 5 Level set loss process passport principle for renal lesion segmentation map
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