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Improved UNet for skin lesion segmentation by leveraging
multi-scale features

Zhao Wenhui

(Military Command System R&.D Department, North Automatic Control Technology Institute, Taiyuan 030000, China)

Yang Xiao Meng Lijie

Abstract: To address the problem that the traditional UNet is ineffective for segmentation of skin malignant melanoma
images with variable size and shape, the improved method is mainly implemented to fully utilize the multi-scale features
through two improvements, firstly, in the encoder, the global dense network, the local dense network and the dilated
convolution design, and later, in the decoder, the local residual design and the classification regularization, Compared
with UNet, the improved method improves 0.82%, 0.03%, 1.99%, and 1.03% in the Dice coefficient, accuracy
(ACC), scnsitivity (SE), and intersection-to-merge ratio (I0OU) metrics, respectively. The cxperimental results

demonstrate that the improved method can improve the image scgmentation of skin malignant meclanoma and is an

clfcetive underlying network structure.
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