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Abstract Image compression is the application of data compression technologies on digital images,aiming to reduce redundancy
in image data,so as to store and transmit data with a more efficient format. In traditional image compression methods,image com-
pression is divided into several steps,such as prediction, transform, quantization and entropy coding,and each step is optimized by
manually designed algorithm separately. In recent years,end-to-end image compression methods based on deep neural networks
have achieved fruitful results. Compared with the traditional methods, end-to-end image compression can be optimized jointly,
which often achieves higher compression efficiency than the traditional methods. In this paper,the end-to-end image compression
methods and network structures are introduced,and the key technologies of end-to-end image compression are described,including
quantization technology, probability modeling and entropy coding technology,as well as encoder-side bit allocation technology.
Then it introduces the research of extended applications of end-to-end image compression,including scalable coding, variable bit
rate compression,visual perception and machine perception oriented compression. Finally, the compression efficiency of end-to-end
image compression is compared with the traditional methods,and the compression performance is demonstrated. Experimental re-
sults show that the compression efficiency of the state-of-the-art end-to-end image compression method is much higher than that
of the traditional image coding methods including JPEG.JPEG2000 and HEVC intra. Compared with the newest coding standard
VVC intra,the end-to-end image compression method can save up to 48. 40% of the coding rate while maintain the same MS-
SSIM.

Keywords Image compression, End-to-end optimization, Deep neural network, Compression efficiency, JPEG,JPEG2000, HEVC,
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Fig. 1 Classification of image coding methods
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Table 1  Open-source information of several end-to-end image compression methods
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Fig. 2 Bit rate allocation based on importance map
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