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Research on multi binary classifier for skin disease diagnosis

based on convolutional neural network
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NIU Beifang "™, LU Zhonghua " ™
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( ™ The Lenovo Research, Beijing 100094 )
Abstract

In recent years, with the development of deep learning technology, the convolutional neural network ( CNN)
has been applied to assist medical diagnosis in some medical fields and has made great progress in the field of medi-
cal imaging diagnosis. In this study, based on the characteristics of skin disease data, such as a wide variety of fea-
tures are not significant, a multi binary classification method is introduced to build a framework from medical ima-
ges to computer-aided diagnosis, which overcomes the difficulty of distinguishing skin diseases, and has been tested
in common skin disease classification and recognition. First of all, this study takes three kinds of common skin dis-
ease data sets (vitiligo, acne, psoriasis) as examples to realize the complete workflow of image data enhancement,
segmentation, construction of multi binary classifier, classification of patches, skin disease discrimination. Second-
ly, under the cross validation of grouped data, the accuracy of three classification is 0. 8320, and the accuracy of
four classification is 0.9125. Finally, in order to obtain higher accuracy, in the case that the results of random for-
est method are not ideal, this study introduces a multi two classifier network architecture, and its accuracy reaches
0.9377.

Key words: auxiliary medical diagnosis, convolutional neural network ( CNN), dermatosis, multi-binary

classier
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