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Reference frame list optimization algorithm in video
coding by quality enhancement of the nearest picture
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Abstract: Interframe prediction is a key module in video coding, which uses the samples in the reference frames to pre-
dict those in the current picture, thus helps to represent the complex video by transmitting a small amount of the predic-
tion residual. In lossy video coding, the qualities of reference frames are affected by the quantization distortion, which
lead to poor prediction accuracy and performance degradation. Targeted at the low latency video services, a reference
frame list optimization algorithm was proposed, which enhanced the quality of the nearest reference frame by a deep
learning-based convolutional neural network, and integrated the enhanced reference frame into the reference frame list to
improve the accuracy of interframe prediction. Compared with H.265/HEVC reference software HM16.22, the proposed
algorithm provides BD-rate savings of 9.06%, 14.92% and 13.19% for Y, Cb and Cr components, respectively.
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spatio-temporal deformable fusion) *VHI I Fl-& A
A ARSI 1 E B /7 (RFDA, recursive fusion and
deformable spatial-temporal attention) 2% >] —
() B 23 ] A T 25 FH K SR A T TR) A 5L 1) (] B 3 47 o
BlE, FFRH % S S AR 2 R SL Bl i & 1
5o JE TR AR T AS AR B MU S AT SR AEAE — L6 ) JE,
WS A HER . EATRE . BT IR
HET RN mZECREY), RTS8 m 22T
7 M %% (FDAN, flow-guided deformable alignment
network) BOMIZE AT S (BasicVSR++, basic
video super-resolution) HyEE R 1 T B A 0] 55 5
%, BT ERAGRAHA & .

L 2 0T 55 1 AH 41 T -5 224 i W AT Rk
AR A AR DA SR R (S R . RFDAPYHE
—Fpid H R A, AR — BRI ) Rl A A g i ]
A PE . LMVEPVRT 5L T 35 900 1) 22 it R 47 48 5
( PMVE, prediction-based multi-frame video en-
hancement) PHJE R T B AL A . YA A R1E %
flG 3 FhAFRIRRLG 7%, B SEIR I 1 g
fil G AE R L . H X T VR RS T A FIAL
BRI RN R . ok, TR ARG
A & AKX 5 (EDVR, video restoration with

enhanced deformable convolutional network) 2y

SIN T I TR] R [R) 3 53 0 R A B 5 22 A X 55 4R AL
REEE, ERERA XD ZMHMWI EENE, 2
W% T EANTHIA FIRFAE .
1.2 ETHEMEREMUSENER

A P 2 o A ) 5 R 5 T VA W AR N A
YUSEE S N R R D A TS e AP (T DS e e N B
PeAb P (EIXLET7 A Z DR B B xR, Xt
PR MR TR . IR, B Rz 2 14
P DB AL AN T 3R B ) — A I R KGR, R
Wi BAFAE S AR R IR THRCR 2B Wi [H]
MRS IZHT RN . BRI SR 2 5 T, 2K
VU S5 P BOR TE N s, I B E
M = X5 £

T PR, A SR A T3 i 22 0 2% (1 it
[ITECA,  HFARALE Te v e R
S, LM P 8 9 5 A AT vy ot ] 00 £ S
FE, T BB g AR, R R G 1
U S5 1 )

FURT, 3T 2 o 2% g ) T 75 92 2 B

FEMVAR Z ARG TOIAEL AR AN 2 2 i 4 R AR A S5 30
Ao AR ZAHE 7T i e 2 N 2% 1 15
K G WAGEALE . B A 7 Pl w4
) 28 SR A 2 P A T R B Gt Ak B AR ks
Bl A% FH IR 2% A A M) REAUL 2 Il H AT S TR
FE22 SN S WA RARA ) F BT RS H
AR MR A AME 2 R R Lin 45
PR30 4 T IR AR R 0 2%, R R A 4 )
MTFRI R 4 A 2 9w i 1) 35 LA A M K B A v T
(K12 % i. Zhao 2 2 AN HE 228 b A A v
BREMWUIAZSEWSIE, FHEit CTU Hgmidis
Ko ZJ5 Zhao Sk — 15 R FH 4 R0 445 & p o
AP SHWIRPHATIEENMT. Lee PR
i AT S mid i E WOk & RS Em, B A
S v RO TRDAH D, R ALR] ISF Sk AT R AT P 4 A1 &0
i, IFEERHE N T RIS s) EE T (AMVP,
advanced motion vector prediction) U1 Merge 15
A TRIHLAE] - Choi SR i L6 A8 il 38 B
2 AR IR A8 PR 5K A A ARl D B ik A
AT 9 25 B R 224, g B4 ) FHEIU RIS ] F5000 2 Aoy
A THBAY 287 VR AE SR 14 () LDP iC & T 4wifid
I, AR A RE M T v o T M RE UL 77 v
HEREEAR, RMEAENR ERZIMAGFENER, 3
FEREIR . BEXPIZIA R, AR A IR A )
KIS H MG RO, FRIG R 5 K2 H W E A
SN ZFEWHE NS WIFIEE,  LAGE e i 7] FT 0 v
FE, AT B2 S A g i R

2 ETHENEMNSEMIIRMUEZE

2.1 WLgLEH

FE 5 L P 25 T R B 2 0 1A A0 A i o £ 39 54 Y
ggrh, — A — AN, B Y e T R e
H.265/HEVC (1] il 71 X8 YCbCr 4:2:0
3, Y. Cby CriXx 3 Myr&ErE R, s fifah.
SUERRFAE 57 T S ASAH R o A SCHRE HH 1) X 4% 45 g 1%
TEXF 3 A& SO B B . i TR s L
FEOTT-4H, DAL €8 B 53 B S I 468 25 40 DR 8 P i
KRR A, 3 H Cb Al Cr 70 & L= M 4%
4, Dt st i .

7£ LDP BCE T, g b it 1 22 i 51 32 — A7
1E 4 ANAT S, T 8 im NGB N 4 NS,
Hp S WG R AP —m CEPEALIEMD R o
(IS5, M B3 50 X 28 B IEA T — AN i



+ 140 - B OofE 5

i 43 %

ZHWIRNSHWHIR S . B SHWBIR T
SO NI 2RI 8,4, 1, 8 IVEEE RS

JRESHW L, Fom N

I = froe (151, 51,01,) (1)

Forb,  froe AASCHTHR 25 5T 5 1Y iR X 2%
1,11, 1, ANKIZ5W

W 2 fros, H5E, SEMPIEN L A
%WJ (OMP, offset and mask prediction) #HR, fF%

BN MO TS ZE Wil 7] (1)1 3 i A% &
T@@T SWSLUTESEE e Y

G, MH OMP BHERALI AL (S S A
EEL RSO IR R H] DONv2POR ot 5%
I [ I 5 AR 3 9 225 IR A 2 2 i

wJE, HREAIINRIEIE AT ERE W (QE,
quality enhancement) FEHRE— D AbHE, T 5 1G5
MgE SR, N TR ZE ST A, QE Bk
LTRSS iE?ﬁ?%@i*ﬁﬂﬂ{%?ﬂﬁ?ﬁ)ﬁﬂﬁﬁ%ﬂ]ﬁo A
B i 5 S N

i =I +fQE(fDCN(I»f0MP(I)))
1=[1.1,,1,.1,] 2)

b fowr ~ Soon M foe 725109 OMP HiibR, AI4Z
AR DONv2 #HUHI QE M 1 ASHLES,
BE 4 NSHi. OMP BHRA R, 1, t, I %5

W5 ¢ I 2025 Wiz 18] (1A% 15 S AR RS 2, 40
ENE) /P

[P, mP™ | fone (1,1, (3)

Hor, o) Am N 73 AR 1, X B2 15 A
iEE, ie{1,2,3}).
211 faB AT

AR ZH W AAELEA R ()8 s m#s, 1
B AR IONT 55 AT DABEAG 2k 2 4 22 A A R 45 2 o
% L& BRI 51 S M AT AR SR A S RERY,
Kl 3 iR, A SO DB IR 515w & 7500 (FGOP,
flow guided offset prediction) F iR IRAFHA
% & . HE— A, i HRRE ] 7B (FLSN,
feature learning sub-net) 3R 155k 72w % 15 & 1 HE 15
TR HET N R A B R A B 2w 15
SR AR E .

i 3 fiw, BLI AL R, X 2
WU e o B ALY 22 ﬁblLTﬁ/ﬁ‘Jfﬂ@UWWﬁ
FEIE YR A DL B flow),, , FRR LAY £
i warp #AEAS BN M) warp B 1Y . TEEE

ﬁ%i%¢,ﬁ%%§ﬁ§%msamlT%#

VB R Wi €0 i 43 & 2 1A () 6 1R R ,\14@1[&%(4)
Fiwo

SR
S AR T
B

\i

0 iE /)5
A RIS RS T
ok

| —'— Offset®

NG
A 25 A T
22

BEN =
BESE | JRERR
DCNv2 g

P2 BT B2 STIK 22 U e g i o) 2% A T HE 22



o511 3] ERES: T RATbTE

B AL D 2 B i b Sk <141 -

_______ R
I | FLSN Y | Y
ﬁﬁ???ﬁﬂ% DCN
— _AL S /)" | Mask,
/i A r---,
! - Res .
| \ "
1 DCN
I ‘ ! o ™1 Offset,
: | y :
¥ w
: h g\l I FGoP !
ik Sl @i
2
I FLSN amni )
; DCN®
O i o ROV

""""""""" - - -,
- Res ,
ﬂOWtL—q‘ Offset C |
Vé 1| DCNe
] Offset,
I
N I
CwW
warp = L FGOP !

3 ARG S K A AR AL T A

flow Flovv(]Y IY)

Itj{fw = warp([Y flow,’,, )
L= warp(lC flowy,, ) 4)
Hor, 1YY 1, SRSy B warp BRIV N,
Sy Cb B¢ Cr 1 warp B . AT HBA
XM SpyNet SRt . & 745K SpyNet
TIPS BIA FR B, R R 2 2] kAk
A A ROBE T 138 3 A2 A IR RBE R (1 6715 8
Frk— LAk, BRI SECE /N, AR AT R
FEJ7 TR — 58 L
BT Omb— ARG M 2% 254, AR5 SR o B
FRAE 22 2] FRE ) N 28 S i W] 4 o 7RSS
i, B 2 MEREMKRERZES AT T
RAEA ERFE, L2 AT ZIRE R TR
FERIR B ERFE. M TEEE N 1 FER)E, f§
FHARMRBERAER /DN T RRN, fra
(R) BRERIBEECH 32, XM, B—Z1HHE
FRIEMEIE SR AR . 78 FLSN A, 4 A i
St 4 BRI — R 5B 25 2 #2455 A0
HEALE R
PLSEREr BSCHOAB], 4 17 A0 1Y 3B NFHAE
o), A RAARSEE S B RRE RS S
FHERSE R, wmXGS)Fw.
[0: res YDCN] fFLSN (ItY’ ItY w) (5)

() o

HW EMBK1 Conv + ReLU ' HREK2 Conv + ReLU

M%iﬂ:{ﬂi-{ﬁ 2DConv +ReLU @© #4REK
B4 SRSy SRR A o TSR ) I 4 45 4

Horfr, flo RANFFIES: 3] 7B R & A2 A5
S5

Y_DCN Y _res
0 ﬂowt_), +0 6)

1 t

B o) B SRS FIRFIE 24 3] T RO S oy
(TR RRAS, FL 28 S5 R 5 FTs o

&5 Sy R AL 2] TR X 4% 25

@5¢4ﬁ%%@%%cwiﬁﬁi,?“ﬂ
) P | E N iV e D F 2 S L L DI
212 nEdgiaARk

QE YLK D0t 55 Rl & J5 15 2 RHEAE A%
N, ROZRFEE T ESIER, #—Pitak
TP 5T B

B DCNvV2 18 2R A 4#1E (FF, fusion fea-
ture) WX (7)F7w.

FFY = fDCN (IY ’[OLDCN , mY-PON j|)

FC = fDCN (IC,[OC’DCN, meDCN:')

Hrp, FFY RRTESENBERE, FFC KR

JE 4y Cb 8¢ Cr (IR G HHIE. £3d QE Bilk 2 5%

BRRANERES W, Fo0ELEHEINRS)
Fiw e

(7

IY =1 + fX(FFY)
{ e ®)

IS = I + £, (FF©)



e 142 ﬁi {

palll3

R 43 %

Horb, IY FoRE R R B R BRI sE R i, IC
FoRHH T G R R ) Cb BY Cr 4r .

AR H 8 [Z AR Z8AE Sy 57 5 1) Jo 4 e e
P, M 4 2GRN AR R =3 s,
g3 6 FE 7 iR

Iy
BT R

22 SRESEZEMBES

Kl 1 fR, SRR 22474 (DPB, decoded
picture buffer) T 77 U5 = 2 56 B B
AR Cslice) PRI TA] 000 2> 2% i B RFL SR 2E,
RFL (UG SEbrA7fi T DPB . 7EZmfit it fer,
AR 222y DPB HAELE B A 2 2 MG 7 —
MAFRFRL, FRCAWRZEE L HEX S HZS
ERZHm, WRE NS HEN, BXSHEKIHS
EMUL RIS H W YEGA R HAME G
S, FHH I DPB H#ER.

K84ttt T LDPILE TG ZIAIZHE R A UL
SR BEEGEHENRICR. #@F, BIR4 (GoP,
group of picture) K/NEE N 8, EUZ ][ Zw b5 T |
ARSI 5 BT SR R . B8 H B Sk Rl ER
INBH R R, BMEUGAN 22 W 7 A H R
E’J B, B4E H AT G 3 ANFTF GoP Wit &

T ENE . B8 i ER AR QP T 9w
1355, Kb B A AR ERRE. — Bk, QP B
NFEE, B8 H [ ENER RN B S AE H )
QP /b, HJmEm s EEARIRB IR, FoR
FOXTREE) QP K, i .

—AGoP

.

K8 LDPHECE N EI& 81555 56 R LUK &AL B U 5 TR Rk 2

MEE 8 A, T RATARM QP, 554w
T UG ] b ezl N 25 S AR AL IR 2 25 o e
FEARBUF . BTk, A SCHE X 5 4RI 2 % i
HEAT T I SR T 15 2 S R R S

ARG AL SE R B H.265/HEVC 2% 71}

£ HM (HEVC model) 16.22 fi4s ., a2 yLL
TN,

TR 1 ARSI i 1T B — NS
FWig A I, R HIIN DPB . ASCHTR

BAER ZH MBI R P — DS H W AT 28,
R EE{Z 114 (POC, picture order count) {E Hx A
(2 g . % 1™ 1) POC HiXE N
DPB 8 K POC 18, RN KE - MrEERES
JR 22 MUHEATIX 5

IR 2 LDP FCE Mrgmidmif & A m i S5 m
HIZR, W9 Fos, KATIRSHMBIRR 4 NS
MAASHRHRIMNGS, ST WR R . KGR
JEMIZHMIRE 1Y, I 1Y BERIZEWER

%‘%’l‘fﬁﬁﬂ%

e

K9 LDP RLEHMID FZHMmFIRMITTH

PR 3 XA WOREAT D . AE 2 BT iZ A
e, K 1™\ DPB HASER, DL A SR
i tH L i

i BRI, AR W I 25 Ui B o
KV A AE/E DPB F B R I, ZwAs it Al
RS S AR AR ORFE— 280, P DA i AN 75 22 17 LUy
T AR AR TSN S SR PR IC B 1 25




11 BERELE. BT R A0 o5 1 O A A AT 2 6 S 2 i 51 R A AL Bk © 143 «
losspor =4MAE, + MAE_, + MAE ., (10)

3 a_qi % ) Rf)E ) Y Cb C
- Ho, 7. Cb. Cr 4RIFm A SO T M 4
3.1 IS B RS R Y. Cb. Cr/ENITEYE

ASCAE B4R B Xiph A1 VQEG H )
106 NF4, A8 280p~1080p AT HER. fHH
H.265/HEVC 2% 8 HM16.22 SN FE 51143 il
44N BAI) QP {22,27,32,37}3E1T LDP Bt & N HIZwH5 .
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A Traffic —6.26% —8.92% —530% —8.53% —-11.25% -839% —-8.89% —12.11% —-9.47% -2.46% —4.55% -0.28%
S =5.78% —10.02% —-4.72% —7.72% —12.40% -7.92% -7.50% -13.10% -9.06% -3.22% —-6.78% —0.71%
Kimono —8.28% —15.60% —3.92% —-9.12% -1632% —5.21% -8.57% —15.87% -5.89% —7.34% -14.45% -197%
ParkScene -3.35% —8.66% —2.57% —5.13% -10.56% -493% —-5.19% -11.16% —-5.85% —-1.20% -5.26% 0.38%
B Cactus —9.62% —18.73% —14.65% —11.25% —20.21% —16.45% —11.13% —20.24% —16.82% —5.34% —14.80% —10.32%
BasketballDrive —5.40% —17.14% —-13.80% —7.36% —19.09% —15.84% —6.92% —1827% —15.46% -3.41% -15.66% —10.96%
BQTerrace —=13.13% —-24.33% —22.21% —14.21% —-25.09% —23.51% -14.13% -25.60% —23.82% —11.60% —23.68% —22.05%
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A Traffic -3.6% -3.8% -3.1% -5.8% -11.0% -11.8% -8.3% —-8.7% —6.3%
1 —4.7% -3.9% -3.8% -7.0% -10.7% -11.8% —-7.8% -11.2% -6.9%
Kimono -5.1% -7.3% -3.7% -8.9% -22.2% —4.6% -8.5% -12.5% -3.7%
ParkScene -3.3% -3.9% -3.8% -4.7% —17.4% -5.5% -4.7% -9.4% -2.8%
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