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ETZ45RNTHENENEFRNREILBE LY

R B2

(AFET I A¥EEF

T ERO

# 43 100124)

(kFE TV AFHELEEEREZARLETEALERE  JLE 100124)
(LE#HERRELLEELRE  JLiE 100124)

s B OUMBIEAEGTG WA et B AR 4 R R AR AT R 4
HMEHEENMBFEELE WY SBUMME THENE A, K TRE -METREFIHW
FREFARBEHENARE, &5, E —FAH0 = E5F e = amb W% (3D-CSTF)
3T = 4 5 AR By IR O R MR AR B AR AN IR W A B B R R R, IE R AR W 2 1R M5 R B TR
MAAERRBUIMRE, HH 80T — A F T B 5 Fn 38 B ST Wl AFAE B9 JT &2 3 78 W 4%
(Qe-Net) o F oK, ¥ 7 ANk 40 oy AR o % 2] 5 45 984T 3 B 3 9| 45, AR AT 3 Wi fn J5 3 Wit ey
5 BRIGBE Y ardl, &Ja,%& MFQE B#E & F#ATI SF AR, L REN, Z 7 FAENM
REIFEATEEEE R (PSNR) FIRAET RIFH MR, YEMSH(QP)FT 3732,
27 An22 B At JE 4 5 AL AT, PSNR 27 3 4 0. 82 dB 0. 83 dB,0.79 dB £ 0.74 dB,

ReHk] 3D H AR,

PEBfE 2 10 AF > BT A0 A S 0 )
Ml T AEAR A AR PR AT A R A
WA AR AT e 40 AREAR U3, R4 S8 (19
fn,H.264/AVC H. 265/HEVC) #%) 7z F T =45 M1
BB o AR 48 s R, AR R A A Ak |
AN TS TR AR, S EUAR R BT AL, B,
e A BIR JEE b U 20 P 4 RS b i B 52 | R R 4 AL
R AT, DT B 28 3 3] 2 v o 4 FAL 03 I i 1)
H Yy, © B 2 A S rh — A~ S 2 A IR,

TEit 22U 4E B 1 245 42 7 vk Bl T
FE 45 EHG ) B i SR Y 3K BE % 48 )5 3 w5 A )
FEE 1Y R A An B 1 etk R B30 e DA R 21 At
JEAR T3 O HE R 2 . BEAE Bl N 45 1Y e
R JE VP2 I TR BE 5 2T 1 FH 48 o e 46 % )
RS0 B 1 O SR BURS T AP 2 SR, ik
Ty P ik 2 2 J e LG LA 55 440 L5/ A0 A3

O  dbET ARRIA RS (4212001 ) BEBNT A .

MIEEHE,; ZWER; RE¥

Z I A ARLR PG 5C &R FE R EAEA RN SR N B 1%
[ U3 ey oo PR AR R A T, SR AT, DR A A ) R
ST (B AR I A5 Rk ST ik ek A BR . BB,
Yang 55 A" Al Guan 5 U H AT 22 i Ok
BESR R, 31X 2 RO IR R T T AR
St Tz shAME . e Ah , Deng g:f}\m] Ml Liu
N R AT A AR A I R S T S
HESRASCR

AT T —A> =44 U 23 il T 4% (3-di-
mensional-convolutional spatio-temporal fusion, 3D-
CSTF) e fi o IR 4 AR ) B, HC 2B 5k a0
B — T 14 P 20 DA Jo e 8 5 5 i, R = 48
PRI 46 1) = A PSP e, 52 B 23 U805 2 A [R] 40
S N TAE TR BT R 25 4 IR nT RE AT 1L
FHALH 10 DMAAFE SRR S5 AR, A vy S 2 %
FOETITH R A A B R R T, AR SO %07

@  B,1997 44 A4 BF5E 07 ) U SRR ; E-mail ; huangww@ emails. bjut. edu. cn,

@  W#{EEH , E-mail: kebinj@ bjut. edu. cn,
( Wik H #1.2023-07-13)
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PR T e RN 23 Tl 4 14 P i R0 o 1 i B 1

IEHEAT T R I S B Al SEIR S R R W 125 A A
B i WU o 77 T LA AR P 5 PR R 2

1 Mx T

LRI, OB 2 55 TR BE 2~ B9 T PR 5 A
Frd i en i) TAEC 23, ARIGET X A Gk L e iy
BTSRRI AN TR] , 33X 2677 12 R BT LA 3 26
RIEET PR 7 ik (6 T Bt A4 5 12 RS T 2 T Y
Ik,
1.1 ETEGHAE

i A JUAE R R T 22 R 2% 10 7 A R
AT s T 4 IR B L 8 i i, A0, Dong 45
NS T — A B e AU ) 25— 3 Wb
FHAH 25 W 4% (artifacts reduction convolutional neural
network , ARCNN) , & HUAT 4 J2 8B, A M Ak 22 0
IR, T AN R Y 46t 5. Zhang 45
NS T A M 45 R 8% 25 2 ) Rt A
— AR IR Zrad B2 5 i L MR BE , [R] 3 J i
o 265 51 BB i P 4508 20 B 1 JPEG [R14R L BRI RE
Yoo 55 N FEATUE v Ak 38 PG, AR S P45 P 4 et
PP E R MRS i, Chen % N1 25 SR R (5
BAVNBEE BT R T —Fis s m) JPEG G5 f#
W, SCERL10 ] A& S 7R AR R i e
Jy2F IR R 22 4R JRy iR 1 2 1 P 4% (residual non-lo-
cal attention networks, RNAN) | jifi it {5 B4 95 £ 41K 2
AR RIRBE P4, B3 5 TR
1.2 ETRMETTE

Dai %5 AU T — i L T 2 B2 ) 4%
( convolutional neural network , CNN ) [ = %A AT i iy
Jrr A BHE % RTAR  E A Bk 22 o 2] A TR 22 R 4%
(variable-filter-size residue learning convolutional neu-
ral network , VRCNN) , 5 75 R 431 2 A% ( high effi-
ciency video coding, HEVC) F:£8# [t , f#i F§ VRCNN
HEATJF AL SRR AR ] LIS I REAIE 4. 6% O ELARF AR, SC
IR [ 12 J M) TR i B ot A 2 S 281 ) 1 iR 0
Zit TR P OB Wi 15 BT YISk B VI ZR A 2
AR TR 34 5 A [) 2 e A A B O AT, 2 45
NFU R AT DT B 2 R 0 4T MBS 1 2 TR 4

FRAHZ5 M 2% ( detail recovery convolutional neural net-
work , DRCNN) , 12 W 2 75 4 ME LB 240 19 R ik IR
T RAFAIRCR . bR T TR Tk RIVR 258 K
R A —t, A7 25 IR B ot ] B9 AR SCHE , BRI T &A1
AIPERE
1.3 ET WA E

2 Wi & 59 98 ( multi-frame  quality enhance-
ment, MFQE ) """ $i2 1 1 22 WA 5o £ v R 4 LA
BT, BT T T SRR L (support vec-
tor machine , SVM ) B9 K5 I 25 4 12 A8 R 48 A0 431 H (1) 1
(T ( peak quality frame , PQF) , SR )5 5 HH 4P 14
PQF —E S0 AR POF () E45Th 5, MFQE2. 0"
38 2o OB T] K 8 31 18 14 9 2% ( bi-directional long
short-term memory , BILSTM ) £7fiff #% 2 o i 4 A0 f5i rf
(4 PQF B BCak T ARG 2 . 134 2 Fhoy gt
N TG AW S, 455 7 Tz sh MR
AT . Deng % AN FN Liu 48 AT 431 £
Hh Tk T RIS IR A A I S 0] 22 JE Rl (spatio-
temporal deformable fusion, STDF ) [ £ 1 22 M5k 2 4%
AE WM 2% ( multi-frame residual dense network , MRDN) .
P o0 28 #8368 3t T 1 A R AH 982 2% ot i) i % 7
i BRI 23 SR AR B A8, LA AR SRy BT S
FEHRERIE R N AT i H BR it bt
1.4 AX7TE

AT B8 7586 R o3 E A M L S 2
] DGIR , R T 4 IR AT AT BE 23 PR O 2% b s 4 D 32
™ B AL R A T IO IR AR TR & A e ff HAS AT
HERY, T BU Y 9R ToRL, BARIE T R I 45
PR 45 AR 56k 07 S BUARE T elip ARA8CR | (ELJE:
Tl AR £ B D B8 O R B AN ), 52 24 1 4
BRSSO AE TR b0 28 2 R 1 o
W AR 3 T A DG It R0 AT 28 T A BRORT 5 R AR T
M5 Bt T — A = 4E B AR 45, 5800 A
SRRV 3 YRR B R RS R [ I X LA ot
F1%9 245 [F1) 3ol o TR S A 7 A, I IR A T ) T 1
SRR . R T HAR DT s, AR SO 4B R, 5 T
R AT H A B 1 5 AR, 7E AN TR L S
(quantizer parameter, QP) H4i T B RS #E A 45 0 %
AR TR AR
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2 EANA

2.1 HRBIELIR

PRI LR Sy 44870 7 A AR 52, AR SCHY H A o2 3l
Y TR 25 I 45 AR G R A AT A T I B 5
JSATRENA AT 4 P 52 . BRI, 1 2% 43 1 %
BEANTE ¢ B 2000 AR 1, R4 7 0TS 1G5

e ()
Hor, R FR PSS, € J& 1, BEiEE, HF W
3 SR i AL v BE RN BE BE . AE 3D-CSTF ™ 4%
o WEAERAT N T = {1, L, 1,1, -, 1}
HIERE 2R WIVE Sy ¢ B ZIBG5RINT 1, 9S50, 56 1 4

RWT T, _o,eee 0 1, | 2 ¢ FiT R AP, 26 2
ARWINL,,y s Ly yeey Logh 2o INZJE R AU,

REBRUIAIT 1 e R™Y W LIZRR N

it = Fe(lz—R? Iz—R+1 st T Iz+R—1 ’ It+R)

(2)

Hr | F, R = 4E B R 25 flvG 2% (3D-CSTF) fr
LR RBGEE., 0 Fn ] L4 S5,
2.2 3D-CDTF M4

AR SCR FH = 2 35 FROR A AT 22 (8] 1) Bisf [i)
B, S BB E A LR N

1

s Tt

Jhow) < I(i+t,j +h,k+w)

(3)
Hor, (i, jk) Fsim AR B — MR R E;
C(i, j,k) Fommth R AE R — MR R, RITEZS ]
(i, j, k) WAL G HRIE ; K(2,h,w) R8s =HEGRX
R — M ; T H W R BRI, B3R
FEAER AL P 133 2l , XA B IR R 5 B
R AR A A TR AR, IF SR FNA5 2 i e AE 18] i
BERME, BP3D BREREKNAC, xC, x T x H x
W HgUEB s, b, €, C, 2Bl AR e, T
SERFIRIAERE B KN, H T W 53 5 R AE & 4
58, i 3D BRUE T.H W3 ADYERE F g I
P[] I ORI A I 2545 8., an &l 1 s, 3D-
CSTF R4 3247 2 Sk, & 1 b, B ek
2R + 1 WIBUE AL 1 SRS BUEATRHIE TSI, 26 1
JFERBIEBEINA (2R +1) x 3 x 3; &H ,
FEBURFAE 23 285 10 > 3% 25 5t 1t 4 98 ) 2% ( quality
enhanced network , Qe-Net ) 15 B X i 25 4 fiE if — A5
PEUL FE 515 . B Qe-Net FL 5 4 2 &M
1 DT BIT M4 (dynamic gating unit network ,
DGU-Net) , sl #2570 AT LA A & WA [ RS,

T e e R e e B e e B

— — —
o on —
X X X
o on —
= X | = X D X |2
3 B, @3 o3 =3
F - RS A
i Sl IR B U S
< on < o < o <
Q %D % [} %D
= g—l g = ?_1
= = =
o @ @
&) &) O
T e T ~N
—~ | | = \
a0 | 3] = = :“ |
X I
2= 2ls 25 2z % |
R = S B ESn |
o~ | o o | 13} ol © = © n | © N l
& o o — i = y ¢
— R o Bl Bl Bl E |
=5 @ | = O B | & =l o .
g;)—ll | r;—l Q= A e |
5 ! | g 5 5 5 I 1R
< 'L | S o © S| |
—— )
3D-CSTF /
//
1 ZHERRTmEMNE
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PR T e RN 23 Tl 4 14 P i R0 o 1 i B 1

HRH A BIRRIE AT B2 AL, DA T 4 fe 55 250 (1 3
NEPEFIZEL, BRI, S50 & B, 4K v (B R A 1
NS T BT i 6T 190 2 14 R A 4 T, AR S
AT T BT RE iR T 2 A0l 22 2] iS4
VR T4 B TT I IR 28 80 g A TN AR 2R 4, d ot
BRI FE 1 77 2Lk 2 AR, 3R R 28 A AT LA
B HE IR S MR B O A2 BRI
B WIEEES 2 TR —1 3 x3 x 3 1B i
SEGE R ) 1, A 3 AN EREEAY 3 x 1 x 1
2858 Qe-Net HUIG5R J5 A MUECE 4 21 1 M, 785 ]
YEFE FXF Qe-Net HARICEN M RHIE A TR G, S5 F
i o 5 A 1, AT A R AR B R R R RG SR
SR,
2.3 MRERHE

ASCEAT I 28 T A 2 BRI B T2 R
(LR R RS ) FRE T 1, LR i
i i 7 VNG, BB 2k R ECn= (4) s

L = 2 (1, - I™)? (4)

o, T SRR AT T St N 4645 51 (g 10 i i, 1
TR e FRYR S W AT 1 %I (035 A7 FE 445 0 S0
BRI, LR 1 I 2 A iss 2 H 2
T AR P AT 5 b v S U 7 1 22 4] 4
E5,

3 IR E AN

3.1 HiRE&E

SRR MFQE™ i (1 50408 42 E 47 11 25 A0 il
R, HVEESAE M 108 AP0 1E [ %48 2 Xiph
( Xiph. org) "/ F1 VQEG'"' | 1 S8 B H5 F2E v i HLAR 7
A PERIT 8T B 352 x 240,352 x 288,720 x
486 704 x 576 416 x 240 640 x 360 832 x 480 .1 280
x720 .1 920 x 1 080 F12 560 x 1 600, FH T Mikhy
18 ANBRATIIE H AR G 10K & BIMVE /N 3k 220 140
AR T AU BT B IPAG . R A s AR 2t
H.265/HEVC 2% 5 F HM16. 5 JE45, JE 46 J&1E 4
DA EASE(QP) T AT, QP (E 4351 22,
27 32 1 37, 38 i AEAS [R) R 4 00 45 30 (8 40045 5t

S R ACR PG AR ARY () PE BE
3.2 LT

AR 7155 T PyTorch HEARSCHL, 76
YGRS , 43591 DA Jer s TR A8 60 4 R0 A e i L 8%
B 64 x 64 KN EAERUIZRFEA  fd e e 25 B
EESf EA TR . SR Adam Optimizer 5168 3:
AT, 2% ) REEE M 0,000 5, FF AR AN 25
RS . BERLTE 4 4> QP {H T UIZR IR,
ST, YUV/YChCr 23[Rl A4 Y T8 38 (52 43
)AL TR 3 EAE R B AR SOy 2 RAE s
FESrit F AT RTEE IS 0 A Y 04 1 15 R L ( peak
signal-to-noise ratio, PSNR) 5 2% #4 A LI ( structural
similarity , SSIM ) ‘& FH > VA% 0050 52 5 194 45, A 3¢
A FHARXS T HEVC s 47 400 A M 174 W {15 N L 3
APSNR FIZE5FE AR AL P 38 F ASSIM Sk B4k o i 34 5t
MITERE
3.3 ElEHAERER

R T VAL BT A 3D-CSTF %) 45 %t 1T 4 00 45
BRI RICR A SO ¥R 5 & R e i Y R AL
WS 7 WA IEAT T #4145 ARCNNY DNCNN'® |
RNAN'™ MFQE2. 0" STDF''®' #1 MDRN'""'_ 5
EaE AN 1 s, 3D-CSTF 4% i B DA 45 SR
FI SR 7 WAL AS 2 B R = 3, BEREZA
W] DA AL S A I L 3 Wi 5 ot i) el v
BN, KT 7 W, TR A s AR A A £ B
ABR T H G A T TR RS B
PR F1 [F) st R A J2L 08 1 B 3 £ B, AR S0 3 S B0 4
PEAE 7 WO T A R AR 2], 3R 1 oA SROR
T, RHAS SCR R MR Y £ R, Class A ~
Class E 2 7% 32t 1) B0 43T 43 98 3 43 1 o 2 560 x
1600 .1 920 x 1 080,832 x 480 416 x 240 F1 1 280 x
720, AS SR 0 J7 B AE 18 A Ik A A 1 Y
APSNR Fl1 ASSIM A 14 AWRHUOL T B Lu e i)
2, HARAT 4 AT AR 11 25 SR i AIK T MDRNY
P AEASOF S HEL S MDRN' (19 46. 4% .,
BRI, 7E QP =37 F, Fri i 19 3D-CSTF J7
K9 APSNR 4 0. 82 dB, HeVEfES 88 MDRND |
STDF''*) | MFQE2. 0"} | RNAN"®" DNCNN' FiI ARC-
NN“'5.1% 9.3% 46.4% 86.4% .128.0% F1228.0% .,
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EHEAEIN 2024 4E7 H 534 % 5657 W

x1 447FE QP HIMIXLIN LAY APSNR/ASSIM( x 10 %)

EUG I 38 5 1 A A 5 T A
QP o DR " o o) - o y  3D-CSTF
ARCNN DNCNN RNAN MFQE2. 0 STDF MDRN R
Class A Traffic 0.27/0.50 0.35/0.64 0.40/0.86 0.59/1.02 0.65/1.04 0.72/1.16 0.72/1.23
PeopleOnStreet  0.37/0.76 0.54/0.94 0.74/1.30  0.92/1.57 1.18/1.82 1.23/1.99 1.25/2.06
Kimono 0.20/0.59 0.27/0.73 0.33/0.98 0.55/1.18 0.77/1.47 0.82/1.65 0.85/1.66
ParkScene 0.14/0.44 0.17/0.52 0.20/0.77 0.46/1.23 0.54/1.32 0.60/1.54 0.54/1.36
Class B Cactus 0.20/0.41 0.28/0.53 0.35/0.76  0.50/1.00 0.70/1.23 0.67/1.30 0.71/1.30
BQTerrace 0.23/0.43 0.33/0.53 0.42/0.84  0.40/0.67 0.58/0.93 0.55/0.97 0.58/1.02
BasketballDrive  0.23/0.51  0.33/0.63 0.43/0.92  0.47/0.83 0.66/1.07 0.71/1.25 0.75/1.26
RaceHorses 0.23/0.49 0.31/0.70 0.39/0.99  0.39/0.80 0.48/1.09 0.60/1.48 0.48/1.09
17 Class C BQMall 0.28/0.69 0.38/0.87 0.45/1.15 0.60/1.20 0.90/1.61 0.90/1.73 0.95/1.80
PartyScene 0.14/0.52  0.22/0.69 0.30/0.98 0.36/1.18 0.60/1.60 0.55/1.66 0.68/2.14
BasketBallDrill ~ 0.23/0.48 0.42/0.89 0.50/1.07  0.58/1.20 0.70/1.26 0.73/1.54 0.77/1.68
RaceHorses 0.26/0.59 0.34/0.80 0.42/1.02 0.59/1.43 0.73/1.75 0.83/2.09 0.74/1.87
Class D BQSquare 0.21/0.30 0.30/0.46 0.32/0.63 0.34/0.65 0.91/1.13 0.75/1.07 0.91/1.27
BlowingBubbles  0.16/0.46 0.25/0.76 0.31/1.08 0.53/1.70 0.68/1.96 0.66/2.08 0.71/2.20
BasketballPass ~ 0.26/0.63 0.38/0.83 0.46/1.08 0.73/1.55 0.95/1.82 0.98/2.03 0.97/1.96
FourPeople 0.40/0.56 0.54/0.73 0.70/0.97 0.73/0.95 0.92/1.07 0.94/1.18 0.97/1.38
Class E Johnny 0.24/0.21 0.47/0.54 0.56/0.88 0.60/0.68 0.69/0.73 0.75/0.78 0.83/0.82
KristenAndSara  0.41/0.47 0.59/0.62 0.63/0.80 0.75/0.85 0.94/0.89 0.95/1.01 1.09/1.01
FHIE 0.25/0.50 0.36/0.69 0.44/0.95 0.56/1.09 0.75/1.32 0.78/1.47 0.82/1.52
32 SEHME 0.19/0.17 0.33/0.41 0.41/0.62 0.52/0.68 0.73/0.87 0.81/1.02 0.83/1.06
27 TIME 0.16/0.09 0.33/0.26 0.39/0.30 0.49/0.42 0.67/0.53 0.83/0.72 0.79/0.68
22 FIE 0.13/0.04 0.27/0.14 0.28/0.16 0.46/0.27 0.57/0.30 0.70/0.40 0.74/0.44

" Q\ AN 7
- -
Kl
il

ARCNN RNAN MFQE2.0 STDF KT AN

JR A
2 QP37 RRYREERNR
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PR T e RN 23 Tl 4 14 P i R0 o 1 i B 1

i 4 T HUA 4 FhORTE] QPs B9 APSNR ], A SCHE
AREHL R I HH R i B e B, AN TR QP
TAFE] ) APSNR H K25 54U 0. 09 dB, MDRN'" |
STDF''®' | MFQE2.0"°' . RNAN""'  DNCNN'®’ I ARC-
NNP K22 54350 0. 13 dB 0. 18 dB 0. 1 dB,
0.16 dB.0.09 dB F10.13 dB,
3.4 REHEYR

R 1T A 8 O AT E VAR BT 2 gy
TR TR B, 5 IR AR G ) G T
B Iy AR T LA D e 4 s (R AR 2 R BRI
BanTT £, AR, B4R Y 22 WO T 1 e
ERHSE WA B 7 ELF R AR, i, X T
K 2 5 3 47H) FourPeople fIUM0 , 23 K46 5 , T8 7%
1B, FHE Z M2 LB AW, BRI
TR R b 1 AR S O (BATISR TR A T
TR EE . AL Z T A SCHR Y 3D-CSTEF 4%
ARHIEER T KB, P A EWE T T4 Z 1)
FAER , DT BEA5: B 375 I 1 PR
3.5 BOREKDN

JOT % B 2 TTAk 34 5 A0 A0 AR o £ 199 OC B 4
T, R SRy R 1) 3 J0 50 2 B DR R Ao g s i) — B e
FEBEAR AT, R T PPARAS SCHE S i 5 %8
R shnsm , 1 3 23 1 2 AU 51 ( BQSquare
USRS 50 ~ 100 WFT PartyScene RS K5 100 ~
150 M) ) PSNR T 151, anf&I i, 76 HEVC Frif

HEVC -=-RNAN

MFQE2.0 —+~STDF ——3D-CSTF

29.5

N
©
o

PSNR /dB
)
o
n

)
X
=)

50 60 70 80 90 100

PSNR/dB

26.5
100 110 12

0 130 140 150
ik

B3 JX485EY PSNR #rk &

FE4E 2 )5, JE IR WA A PSNR 25 B i 35 A e 50,
R T HR S R AR AR T A i — B 43 Sy G
T T 7 (b ST B AN T A TR AT A% i, PSNR
(B4 ) T [ T ot P it (SR T 244 T 2 i %)
YA PSNR (ELAEAIR ) 0N o] 5000 ot B ot ( A >4
TSR I 91 20 % %, PSNR S5 fi%) o FF AT LR 3R,
Zeit HEVC ArifE 405, T 1P B Wi 4 &%
ANIA] PSNR BB, i P A SCHE HE Y O ik 4 i
FEAR AT AT DA 3550 b, 7 fife RS =2 [1] 79 Jo £ 5 3
L B S AT, T A 2R B3 2o AR S O R 3R AR Y
FHARMTZ [ f K PSNR 25 57 5 381K B 4 R 40 AL A%
FHERITHG SR T , XEEGE IR T A SO L3 T
AR s ) — 35502 R 3 = SURLJ55 £ J T EA)E T

4 Y gk st

4.1 Qe-Net 181k

i THER 3D-CSTF M 45 rft RS54 Qe-Net 15
ity AP RE , SIS AT T4 5T Qe-Net FHEHR
YE LAY base #5888, IF 430 LR I 1 A4 488
HeLABIE base BEHUARR . 4514 1.6 base B
Bl JA 123 x3 x3 HRUNEE, 4514 2 8 base
B 3 BRI 1 x 1 x1 3 x3 x3 Fl
1 x1x1 HBRUZ RIS, 454 3.8 base Bk
Bl S BB B 1 x1 x1.3x3x3.3x%x3
x3.3x3x3 M1 x1x1 PIEWEEH, T AFIT
B, IR TR base B0 S H0E MR B IEAR
AR EERNGE 2 FR ., AT IR, FEAR TR A I 25 s
T, Qe-Net A5 P LEA X BAR Y 280 51155 58 1
THOLN L [k 3 B 5 Z A5 B APSNR 43 5 & T
23.8% .9.86% #l4.00% ,

x2 AE3IDERER

Qe-Net APSNR/ASSIM  Z¥E/M FLOPs/M
4584 1 0.63/1.23 669 307.05
M2 0.71/1.31 622 284.86
45K 3 0.75/1.34 616 282.15
base 0.78/1.41 601 275.11

4.2 FHHEINEERT
AT S By g R an sk 3
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EHEAEIN 2024 4E7 H 34 E HT1 MW

PR o HEhAST T BRIT 2 R IRTE Qe-Net *;ﬁ;ﬁ%tiﬂ
B a =1 FB = 0 B, B8RP GE 25 FEAIR,

17, 38 5 E B AT T BT P IR IR 25 ﬂ#ﬂ
S8 B I BT MERERS AT 4 S . Y o BN B [RIAS ]
P2 ) B BRI M RE W 4R T, 55 base RERLAH L,
X QP %5F 32 BF, PSNR 351 0. 08 dB,, {HA5F &Y
& AT T BIT I S B R 1. 05 x 10*, FLOPs
UM 0.147 M,

x3 PHETREENE
L WIE S

QP base base + (¢ =1)  base + base +

+(B=0) (a=1)+B a+p
37  0.78/1.41 0.73/1.23 0.78/1.42 0.82/1.52
32 0.75/0.94  0.71/0.89 0.76/0.95 0.83/1.06
27  0.75/0.65 0.66/0.58 0.75/0.66 0.79/0.68
22 0.72/0.43 0.63/0.37 0.73/0.43 0.74/0.44

4.3 HEEERE

AHAI 0 AT T 2. 8] 38 5 7 76— 22 P AR DG 1 |
LA Z WA, T AR B2 iR 8 AR e
KABGRMZ B FR A T UEBAR SO R AR Rl A if
V)5 S8 1T (B 328 52 1) 22 WA A0t 1) 1 £ 2., ) 1 A 3K
PE | 38 38 O A TR 46 P RO 11 50 e A 7 S50
[ P LA ) 4% 65 4 S AR AN AR R B I i A
THREE RN 4 FrR, o R1 R2 I R3 435I ROR
e A0 4% (R AR RSCR: g 3 T L5 TR 7 i, LA QP
= 37 B R, 7 WORASE R A EL T S i
WIAE R s ABF PSNR 8TI0T 6. 4% , Hofifi 3 Mt s
YR A PSNR 34911 20.6%

R4 TRHEHWMAMER

op MATTE

3D-CSTF(R1) 3D-CSTF(R2) 3D-CSTF(R3)
37 0.68/1.19 0.77/1.40 0.82/1.52
32 0.70/0. 89 0.79/1.00 0.83/1.06
27 0.66/0. 55 0.70/0. 60 0.79/0. 68
22 0.62/0.34 0.68/0.39 0.74/0. 44

5 % %

RSB T — T ) T e A i 4 5

— 732 —

22 M 25— = 2 45 B 25 il 6 I 4% 3D-CSTF, IX.
TR R T DI 1 7 38 sh A TR T AT AR TR A
FEOGF 55 25 [RIRRAE 1) 22 W01 X 4%, A SCAEFH 3D 5 FL 2
P SRR S ST b [FAD RIS S 5 B, R
LRI AR SCHE LAY 3D-CSTF ik B e T
PG Y BT i, 7E B RS P L S T Se kY
fig; 5 Hfh e M Eb, L& B M T 3R APSNR Al
ASSIM H B P s BN

ASCH AT TAE R BR TR 3D B8, R4
HAB/NASEG (AT S 2 AR 3
232 BI5E0 T 520 T S B g FH A oKk, A SR 11
TAERGHE T F 00 Ak 0 45 S L4 55 T B

&2k

[ 1] FOI A, KATKOVNIK V, EGIAZARIAN K. Pointwise
shape-adaptive DCT for high-quality denoising and de-
blocking of grayscale and color images[ J]. IEEE Trans-
actions on Image Processing, 2007,16(5) :1395-1411.

[ 2] SIKORAT. Low complexity shape-adaptive DCT for cod-
ing of arbitrarily shaped image segments[ J]. Signal Pro-
cessing Image Communication, 1995,7(4-6) :381-395.

[ 3] JANCSARY J, NOWOZIN S, ROTHERC. Loss-specific
training of non-parametric image restoration models: a
new state of the art[ C] // The 12th European Conference
on Computer Vision. Florence, Italy: Springer, 2012
112-125.

[ 4] CHIOU Y W, YEH C H, KANG L W, et al. Efficient
image/video deblocking via sparse representation[ C] //
2012 Visual Communications and Image Processing. San
Diego, USA: IEEE, 2012.1-6.

[ 5] DONG C, DENG Y, LOYC C, et al. Compression arti-
facts reduction by a deep convolutional network [ C] //
Proceedings of the IEEE International Conference on
Computer Vision. Santiago, Chile; IEEE, 2015.576-
584.

[ 6] ZHANG K, ZUO W, CHEN Y, et al. Beyond a Gaussian
denoiser; residual learning of deep CNN for image de-
noising [ J ]. IEEE transactions on image processing,
2017,26(7) :3142-3155.

[ 7] LIK, BARE B, YAN B. An efficient deep convolutional
neural networks model for compressed image deblocking
[C] //2017 TEEE International Conference on Multime-
dia and Expo. Hong Kong, China:IEEE, 2017.1320-
1325.

[ 8] YOO J, LEE S, KWAK N. Image restoration by estima-
ting frequency distribution of local patches [ C] // Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA. IEEE, 2018



PR T e RN 23 Tl 4 14 P i R0 o 1 i B 1

6684-6692. enhancement for compressed video[ C] // Proceedings of
[ 9] CHEN H, HE X, QING L, et al. DPW-SDNet:dual pix- the IEEE Conference on Computer Vision and Pattern
el-wavelet domain deep CNNs for soft decoding of JPEG- Recognition. Salt Lake City, USA. IEEE, 2018 ;6664-
compressed images[ C] // Proceedings of the IEEE Con- 6673.
ference on Computer Vision and Pattern Recognition [15] GUAN Z, XING Q, XU M, et al. MFQE 2.0: a new ap-
Workshops. Salt Lake City, USA. IEEE, 2018.711- proach for multi-frame quality enhancement on com-
720. pressed video[ J]. IEEE Transactions on Pattern Analy-
[10] ZHANG Y, LI K, LI K, et al. Residual non-local atten- sis and Machine Intelligence, 2019 ,43(3) :949-963.
tion networks for image restoration| C] // The 7th Interna- [16] DENG J, WANG L, PU S, et al. Spatio-temporal de-
tional Conference on Learning Representations. New Or- formable convolution for compressed video quality en-
leans, USA; ICLR, 2019.1-18. hancement[ C ] // Proceedings of the 34th AAAI Confer-
[11] DATY, LIU D, WU F. A convolutional neural network ence on Artificial Intelligence. New York, USA. AAAI
approach for post-processing in HEVC intra coding[ C ] Press, 2020:10696-10703.
// The 23rd International Conference on Multi Media [17] LIU J, ZHOU M, XIAO M. Deformable convolution
Modeling. Reykjavik, Iceland: Springer, 2017.28-39. dense network for compressed video quality enhancement
[12] YANG R, XU M, WANG Z. Decoder-side HEVC quality [C] // The 2022 IEEE International Conference on
enhancement with scalable convolutional neural network Acoustics, Speech and Signal Processing. Singapore:
[C] //2017 TEEE International Conference on Multime- IEEE, 2022 .1930-1934.
dia and Expo. Hong Kong, China; IEEE, 2017.817- [18] Xiph. org. Xiph. orgvideo test media[ EB/OL]. [ 2023-
822. 07-05]. https: // media. xiph. org/video/derf/.
[13] Z=THE, B, skl & TF40707 0 )56 B & ) 4% [19] VQEG. VQEG video datasets and organizations [ EB/
B PR 4 A R s B R ZE [ T]. B EE TR OL]. [2023-07-05]. https: // www. its. bldrdoc. gov/
2FEE ( HARBF ) ,2023,15(3) :274-285. vgeg/ video-datasets-and-organizations. aspx.

[14] YANG R, XU M, WANG Z, et al. Multi-frame quality

Compressed video quality enhancement algorithm based on 3D
convolutional spatio-temporal fusion network

HUANG Weiwei, JIA Kebin
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124 )
(Beijing Key Laboratory of Computational Intelligence and Intelligent System,
Beijing University of Technology, Beijing 100124 )
(Beijing Laboratory of Advanced Information Networks, Beijing 100124 )
Abstract

Standard compression algorithms are typically used to compress video data for storage and transmission over
networks. However, compressed video can have compression artifacts that degrade quality. To address this prob-
lem, a post-processing method based on deep learning is proposed. Firstly, a novel 3-dimensional convolutional
spatio-temporal fusion(3D-CSTF) network is designed, which extracts the temporal information between consecu-
tive video frames through the filtering characteristics of the 3D convolution kernel in three dimensions, and utilizes
the strong correlation of the information between video frames to enhance the video quality. Among it, a quality en-
hanced network ( Qe-Net) is designed for mapping and extracting video frame features. Secondly, seven consecu-
tive video frames are sent to the network for end-to-end training and the current frame is enhanced by using the in-
formation of the previous and last three frames. Finally, training and testing are carried out on the MFQEv2 data-
set. Experimental results demonstrate that this method achieves excellent performance in terms of the video quality
assessment standard PSNR. When the quantization parameter ( QP) are equal to 37, 32, 27 and 22, the PSNR can
be increased by 0.82 dB, 0.83 dB, 0.79 dB and 0.74 dB, respectively.

Key words: 3-dimensional convolution, video quality enhancement, multi-frame information, deep learning

— 733 —



