H50% HoM d o= T Wk kK % % #® Vol.50 No.9
2024 4F 9 H JOURNAL OF BEIJING UNIVERSITY OF TECHNOLOGY Sept. 2024

SI AR T, o, P, S5 BETURgnbs S p0 IR U B B s Sk [ 1] JEat Tl R4k, 2024, 50(9) : 1069-1076.
YU H, YANG L, GAO Y, et al. A compressed video quality enhancement method based on block coding features[ J].
Journal of Beijing University of Technology, 2024, 50(9) ;: 1069-1076. (in Chinese)

ETREDSSMNEREDNREILEE X

T ®'., % #',& M, xmst, et B 70 K% st
(1. IR LB B T AR A BR A E], FRM 450000 2. AL Tolk RS(E H 23, 65 100124 ;
3. EHE R ML RS, dba 100124 4. A ERE SR RS T E AR E, b 100124)

 OE EORIUA AT R SR AR R B AT 43R S A AR o5 A TR R BT AN 2 R e 4 A B A 4
BRAT S5 Z AN AT SR 2R, HET X b 1T T —Fh 3 F = 4E BRI 2 M 4% (3D convolutional neural network ,3D-CNN)
XTS5 4 A3 0 B SR Rk . SC R 25 R AR B A A T R A A R i (high efficiency video coding, HEVC) 3 i
H. 265, Ir 58 A AR LR (low delay,LD) fid g T~ B b S 5( quantization parameter,QP) A 37 B, WA A [ I e (peak
signal-to-noise ratio, PSNR) #£F+ T 0. 465 2 dB ; F% T % H 45 418 ( data compression conference, DCC) H 4 H ) £
MyTHR A [ 2 18 58 77925 ( multi-frame guided attention network , MGANet) , 135 % PSNR (38 K E4EF T 15.1%

KERIA . AUARGRAD 5 SRR g A ARHE (high efficiency video coding, HEVC) ; R4S BT 3850 ; WA B
2 W 2% ( convolutional neural network ,CNN) ; =4EFAHZ R 2% (3D convolutional neural network ,3D-CNN)
HESHES: TNI19. 81 HRPRAERD: A XEHS: 0254 —0037(2024)09 - 1069 - 08

doi: 10. 11936/bjutxb2022080003

A Compressed Video Quality Enhancement Method Based on
Block Coding Features

YU Hai', YANG Lei', GAO Yang', LIU Fengqi', LIU Pengyu”**, SUN Xuan’’*, ZHANG Yue*’**
(1. Henan Jiuyu EPRI Electric Power Technology Co. , LTD, Zhengzhou 450000, China;
2. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China;
3. Beijing Laboratory of Advanced Information Network, Beijing 100124, China;
4. Beijing Key Laboratory of Computational Intelligence and Intelligence Systems, Beijing 100124, China)

Abstract: To solve the issue that existing compressed video quality enhancement algorithms do not fully
utilize the characteristics of compressed videos, the intrinsic relationship between video encoding and the
task of compressed video quality enhancement was studied and a targeted non-aligned compressed video
quality enhancement algorithm was designed contrapuntally, utilizing a three-dimensional convolutional
neural network (3D-CNN). Experimental results show that compared with the high efficiency video
coding (HEVC) standard, the peak signal-to-noise ratio (PSNR) of the proposed method is improved to
0. 465 2 dB under low delay (LD) configuration and quantization parameter ( QP) is 37. Compared with
MGANet proposed in data compression conference (DCC) , the increase of proposed algorithm PSNR is
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improved by 15.1%.

Key words: video coding; high efficiency video coding ( HEVC ); compressed video quality

enhancement; deep learning; convolutional neural network ( CNN); 3D convolutional neural network
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Fig. 1  Quality fluctuation of compressed video
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Fig.6 Comparison of PSNR fluctuations of various algorithms under LD configuration( QP =37)
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