846 & 3 D2 M- N 1 M = A < Vol. 46 No. 3
2019 4F 3 H COMPUTER SCIENCE Mar. 2019

53

/.

ETRERZEMKR HEVC [E 451 3738 58

fRZ BR&EF MWHRIE
(LERBAF¥ETEESRATIESKR LiF 2002400
(LEAFHEFUMEBRODEAARTRZELRE  JLIE 100871)°

H E OXPRET—HATREZREZMNLY HEVC EGAMIE BTk, 7 AR -2 ABEHKRLEER LT
RAFIERI, KRG A TR R EHATNMA R FIRER, 5IA 6 A0k, B4R 77 3 4k 45 2 2] & % ALIR W 2 3F Wi Ao
AR AFAE, RIS R AT T EE 20 AR KRS T LAY RITY 6.92% % BD-rate 3 &, A TA
Ay ik P AR RTE,

KEIF DAENING D, R EZE ML, 5K LENE, RGN E R

HEZESES TP751 XHERFRIRAD A DOI 10.11896/j. issn. 1002-137X. 2019. 03. 011

Deep Residual Network Based HEVC Compressed Videos Enhancement
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Abstract This paper proposed a HEVC-compressed videos enhancement method based on deep residual network. This
method utilizes several stacked residual blocks to achieve feature extraction, followed by feature enhancement and recon-
struction. Compared with the existing methods which only use a few convolutional layers,the proposed method can cap-
ture the feature of input compressed frames in a more distinctive and stable way. Experimental results show that the
proposed method leads to over 6. 92% BD-rate saving on 20 benchmark sequences and achieves the best performance
among the compared methods.

Keywords High efficiency video coding,Convolutional neural network, Residual network, Compressed videos enhance-
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Fig. 2 Network architecture of proposed deep residual network for compressed videos enhancement
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Table 1 APSNR of different methods over HM-16. 0 at QP =37
(B . dB)

%7 7 7 4 # VRCNN  QECNN-P Ours
Traffic 0.22 0.28 0.31
A PeopleOnStreet 0. 38 0.48 0.56
Nebuta 0.19 0.22 0.27
SteamLocomotive 0.13 0.16 0.19
Kimono 0.27 0.33 0. 36
ParkScene 0.13 0.15 0.17
B Cactus 0.16 0.22 0.23
BQTerrace 0.05 0.16 0.18
BasketballDrive 0.13 0.16 0.19
RaceHorses 0.18 0.23 0.26
C BQMall 0.02 0.14 0.10
PartyScene —0.04 0.07 0.11
BasketballDrill 0.09 0.18 0.22
RaceHorces 0.23 0.29 0.31
D BQSquare —0.20 0.04 0.05
BlowingBubbles 0.05 0.11 0.12
BasketballPass 0.06 0.15 0.19
FourPeople 0.30 0.40 0. 44
E Johnny 0.23 0.31 0. 35
KristenAndSara 0. 30 0.37 0.39
Average 0.14 0.22 0.25
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Table 2 BD-rate(Y, %) saving of different methods over HM-16. 0
* 5 Jr 7 4 B VRCNN  QECNN-P Ours
Traffic —6.84 —8.28 —9.27
A PeopleOnStreet —7.41 —8.66 —9.84
Nebuta —5.65 —7.56 —6.23
Steamlocomotive —7.71 —9.18 —10.22
Kimono —7.39 —8.70 —9.49
ParkScene —3.97 —4.73 —5.40
B Cactus —5.86 —7.39 —8.13
BQTerrace —1.73 —4.,87 —7.25
BasketballDrive —3.75 —5.91 —6.42
RaceHorses —3.60 —4.78 —5.57
. BQMall 0.11 —2.91 —4.01
¢ PartyScene 2.72 —1.03 —2.48
BasketballDrill —0.08 —2.36 —5.71
RaceHorces —4.05 —5.03 —6.66
b BQSquare —0.57 —0.11 —2.48
BlowingBubbles —0.15 —2.07 —4.12
BasketballPass —0.15 —2.37 —4.49
FourPeople —7.12 —9.27 —10.69
E Johnny —7.00 —9.78 —10. 40
KristenAndSara —7.13 —9.21 —9.50
Average —3.81 —5.71 —6.92
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