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Pigmented Skin Lesions Image Classification Based on
Neural Architecture Search
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Abstract ; Because design of convolutional neural network (CNN) requires abundant expert experience ,considerable parameter tuning and
low efficiency , we propose a neural architecture search approach based on single path activation search strategy ( SPA-NAS) applied to
the image classification of pigmented skin lesions. This method constructs the search space as an hyperparameter neural network
architecture , which contains all paths,and each path is assigned an architecture parameter to represent the proportion of the path. In order
to avoid searching all paths,a single—path activation strategy is proposed to prune the constructed hyperparameter network architecture to
obtain a more streamlined child architecture. When searching,the gradient descent method is used to learn and optimize the architecture
parameters to search the best child architecture. Finally,a CNN for pigmented skin lesion image classification is constructed by using
child architecture stacking. The test results showed that the CNN built with the proposed approach was more accurate than state—of the—
art (SOTA) approaches such as Dilated — VGG19 and ARL - CNN in terms of image classification. The average sensitivity of the
proposed method on the ISIC2017 and HAM10000 datasets was 62.4% and 69. 8% ,respectively.
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