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AUTOMATED MELANOMA DIAGNOSIS SYSTEM
WITH TRANSFER LEARNING USING DEEP CONVOLUTIONAL NEURAL NETWORK

HH
Takuya YOSHIDA
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In recent years, a new machine learning schema called deep learning has gained many promising
achievements in a wide range of industries and thus attracted more than just researchers. A convolutional
neural network (CNN) is a principal aspect of deep learning techniques specialized for machine learning
and/or computer vision. Through the influence of these promising achievements, replacement of existing
methods has been progressed rapidly. The automated melanoma diagnosis system is no exception, and an
automated melanoma diagnosis system using CNN has already been proposed. However, CNN’s learning
requires a large amount of training data, and since melanoma images can only be obtained from limited
organizations such as medical institutions, it is difficult to collect a large amount of data. In this study, we
overcome these problems using transfer learning and applying effective pre-processing to the data set. The
melanoma classifiers constructed using the proposed method achieved AUC: 0.873 on the ROC curve.
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