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Neural network based image and video coding technologies
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Abstract: Deep neural networks have achieved tremendous success in artificial intelligence, which makes the broad
and in-depth research of neural network resurge in recent years. Recently, the neural network based image and video
coding has become one of the front-edge topics. A systematic and comprehensive review of neural network based
image and video coding approaches based on network structure and coding modules were provided. The development
of neural network based image compression, e.g. multi-layer perceptron, random neural network, convolutional neur-
al network, recurrent neural network and generative adversarial network based image compression methods and neur-
al network based video compression tools were introduced respectively. Moreover, the future trends in neural network
based compression were also envisioned and discussed.
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