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Abstract

In this paper, we investigate image and video compression techniques based on deep learning which are actively studied
recently. The deep learning based image compression technique inputs an image to be compressed in the deep neural network and
extracts the latent vector recurrently or all at once and encodes it. In order to increase the image compression efficiency, the
neural network is learned so that the encoded latent vector can be expressed with fewer bits while the quality of the reconstructed
image is enhanced. These techniques can produce images of superior quality, especially at low bit rates compared to conventional
image compression techniques. On the other hand, deep learning based video compression technology takes an approach to improve
performance of the coding tools employed for existing video codecs rather than directly input and process the video to be
compressed. The deep neural network technologies introduced in this paper replace the in-loop filter of the latest video codec or
are used as an additional post-processing filter to improve the compression efficiency by improving the quality of the reconstructed
image. Likewise, deep neural network techniques applied to intra prediction and encoding are used together with the existing intra
prediction tool to improve the compression efficiency by increasing the prediction accuracy or adding a new intra coding process.
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Fig. 1. The concept of image compression based on the convolutional autoencoder
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Class A 0.9 -2.8 -3.5 - - - - -
Class B 1.0 -2.7 -3.3 - -3.4 -5.3 -3.9 -4.6
Class C -0.6 -4.1 -5.0 -9.3 -4.6 -4.8 -4.1 -4.3
Class D -0.8 -4.4 -5.4 -7.7 -5.2 -5.2 -4.4 -4.4
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