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Segmentation of skin lesion image based on multi-scale encoder-decoder network

YANG Guoliang, HONG Zhiyang, XU Nan

School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou 341000, China

Abstract: An image segmentation algorithm based on multi-scale encoder-decoder network is proposed for the segmentation
of skin lesion image in medical diagnosis. The proposed algorithm inherits the characteristics of SegNet network structure, such
as fast training speed and small training model storage. And the multi-scale input method enhances the ability of network to
comprehensively learn the skin lesion image. In addition, the output of a layer of binary bilinear interpolated intermediate
prediction features to the final layer of convolution blocks of the decoder layer in the pool2 layer of the encoder network is
cascaded to increase the final segmentation accuracy. The experimental results show that using multi-scale encoder-decoder

network can achieve an excellent segmentation of skin lesion image, and that the proposed network can also be widely used in

other medical image segmentations.
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Tab.1 Segmentation results of MSEDN network, SegNet

network, and FCN network

Network Accuracy Dic Jac

FCN 0.9413 0.886 4 0.8137
SegNet 0.936 9 09125 0.841 4
MSEDN 0.973 7 0.958 4 0.920 1

FCN: Fully convolutional networks; MSEDN: Multi- scale encoder-

decoder network
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Fig.3 Segmentation of skin lesion images
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Tab.2 Comparison of segmentation results of skin lesion images in

top 5 ISBI 2016 patients

Method Accuracy Dic Jac

EXB 0.953 0.910 0.843
CUMED 0.949 0.897 0.829
Mahmudur 0.952 0.895 0.822
SFU-mail 0.944 0.885 0.811
TMUteam 0.946 0.888 0.810
MSEDN 0.974 0.958 0.920
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