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m Deep learning methods are usually divided into three different categories,
including supervised learning, unsupervised learning and mixed—structured learning.
In this paper, "unsupervised or generative feature learning" and "supervised feature
learning and classification" are taken for examples to illustrate the research advances
in deep learning, and several promising research lines in image processing. Deep
learning technique has overcome some limitations of shallow structures commonly
used in traditional machine learning and signal processing. Due to the progress in
some aspects, such as relevant nonconvex optimization, deep learning has achieved

remarkable development.
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