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1. Introduction

Medical datasets are usually costly to label. This reduces the
availability of large annotated medical datasets. As a result,
supervised machine learning tools, when used in medical
applications, commonly suffer from problems related to lack
of generalisation. GANs [1] were introduced in 2014 and
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capture real images among fake ones, while G tries to fool D. alone

Figure 6: t-Stochastic Neighbor Embedding (t-SNE)
distribution of real and fake lesions, and normal tissue.
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