B &AL 50 R 2 R LRk
Vs R, XU

bz iR K2, Jb5E 100191)

WE: BRARREIERAN T BMBIGH R AR MRS IAZF R EMK, Kk R iFE
i%ﬁﬁﬁ%%ﬁéﬁﬁﬂﬁoﬁﬁ@ﬁ@\Arx&%%%%@%ﬁzwﬁﬁ£mﬁ&ﬁ
R% 915 ZAE S AT A 22, KB IE R . B8 R F A A 254 2 et T 355 09 BAR IR E s
%iﬁ&g%%&ﬁzﬂi%?ﬁ«%éﬁf&gﬁ] BT KEATERANEH ,miﬁkiﬂm R 2%
KALIITIT W 455 IR B AT 22 P 45 3H AT RARALIRUR 38 3% 09 7 ik o A XML F R A T RAESF
RN R Z 3% AR T A ER, SRS AMMAE: B RAEEROELATH
ARAY 22 W 2k Ao RATILR 45 09 75 %, MR 23R OIE R T AR E R, £ R %o
KAGR UL R &0 ko AT BB SIERA B0 T4, HF 547 LW ER %
B FIIEAL, IR T ik AR B VABAR R 6 st BTk, BB, AT A ik
HAEGIR, RATRGRET .

KEEH: REHR, REF, AER%

FESHKS: TP391  CHRFRIRAG: A
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Abstract: Quality enhancement of compressed image/video is to reduce or eliminate its quality
loss during lossy compression, and generates high-quality image/video which is closer to lossless
ones. Traditional image and video quality enhancement methods, such as histogram equalization
and gray level transformation, process the pixel values of the image directly; the low pass filtering
and high pass filtering process the spectral components of the image after Fourier transform. With
the widespread use of deep learning, a lot of neural networks, such as convolution neural networks,
generative adversarial networks, and long-short term memory networks have been used to enhance
the image and video quality. In this paper, the methods of image/video quality enhancement based
on deep learning are reviewed: image-based methods can be divided into convolution neural
network and generative adversarial network based methods; video-based methods includes
convolution neural network, generative adversarial network, and long-short term memory based
methods. This paper introduces numerous classical works of image and video quality
enhancement, summarizes the implementation process of several neural networks, collates the
databases of different methods, and compares their corresponding results. Finally, this paper also
analyzes the problems existing in the existing methods and their possible development directions.
Key words: quality enhancement; deep learning; neural network
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