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Abstract: In order the problems of low efficiency and high labor intensity in the process of
\fication of skin cancer, this paper proposes a skin lesion image classification model DS-

roved model on the basis of ResNet50(deep residual network). A dual-scale dilated

dermatologist’s man
ResNet50, which is an 1
convolutional module is designed, and the feature information of different scales is extracted and fused by cascading
deep convolutional kernel of different dilation rates. The lightweight attention module SimAM is introduced to make
the model better focus on the main object and extract the key features. Focal Loss function is used to adjust the weight
of loss, so that the model could pay more attention to the hard-to-classify samples and improve their classification
accuracy. The classification accuracy of DS-ResNet50 model on ISIC2017 dataset is 0.88% higher than that of
ResNet50 model, which verifies the effectiveness of the proposed model.
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Tab.2 Classification results of 3 types of skin lesions
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Fig. 4 Confusion matrix of classification results

PR L 5 2 R VGG16, GoogleNet, ResNet50,
MobileNetV2, ShuffleNetV2, InceptionV3 #4773 2 i ifi %
XFE, SEEREE RN 3 iR,

£33 TREEESEKEREITLL

Tab.3 Comparative experiment of different models' performance
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