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Advanced Research on Improving Optical Flow Estimation
Based on FlowNetS

WANG Ya-ni' ,ZHAI Zheng—jun]'2 ,DAI Wei' ,SHEN Si—yuan]
(1. School of Computer Science , Northwestern Polytechnical University,Xi” an 710129 , China;
2. Institute of Computer Measurement , Control and Simulation Technology , Northwestern Polytechnical
University , Xi’ an 710072, China)

Abstract; Deep learning—based methods for optical flow estimation have shown remarkable progress in recent years, achieving notable
gains in both accuracy and efficiency. However, these methods continue to suffer from several shortcomings, including a strong
dependency on extensive training datasets, sensitivity to specific environmental conditions, high computational costs,a lack of effective in-
corporation of physical constraints, and limited interpretability. To address these issues, we propose additive fusion methodology using
convolutional neural networks ( CNNs) to enhance the representational capacity of optical flow features, improve the accuracy of
predictions,and simultaneously reduce memory requirements. We specifically introduce a novel stacked fusion module, termed the
Continue—ADD-Block. This module effectively consolidates multi—scale information through the inclusion of a Conv7 layer and the ap-
plication of consecutive downsampling for the fusion process. This integration process strengthens the model’ s capacity to cope with
complex scenes characterized by multi—scale motion. Empirical evaluations conducted on the Flying Chairs, KITTI Flow 2015 ,and MPI-
Sintel (both clean and final versions) datasets,demonstrate that the Continue—ADD-BLOCK achieves superior accuracy ( expressed as a
lower maximal average End — Point Error ( EPE)) in complex scenarios. Critically, this performance gain is achieved while
simultaneously reducing resource consumption and the memory footprint. Specifically,the approach demonstrated accuracy improvements
of 2.86% on Flying Chairs,0.70% on KITTI Flow 2015 ,and 7.40% and 2.43% on the MPI-Sintel ( clean and final ) datasets, respec-
tively. These findings highlight the proposed method’ s enhanced robustness under challenging circumstances, thus offering a novel and
effective approach for optical flow estimation.
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Wr#s HEA.2024-11-28 & B B #1:2025-03-28

HE TR s S ERHAIF 5 RIT E (21JK0684 ) ; TA5 ¥R %E 4 v H (MJZ1-8N22)

YEZ B I7: FHEYE (2002-) , Lo B RIFSE A, FSE 05 1) A AR E AL 5 AR R - B IEZE(1965-) , 53 33, WF98 7 Il A =5 T S LB TS AL
AR A RERGE T,



-2 RS L

LURRE

0 31 &

F I PR R A AR sl AH HILIE B, ZEAHAILA 2 ATt
R R, BN YR 1Y ik e Rz, b
HTB s Afith 3D Ha Sk, TREE 5= > |, bf
FEEE T T AR AR 2B, 4l Horn A1 Schunck )
AR PRI & Lucas Hl Kanade ) JRi 58 15 20 SR 55
25 (H A BEMR PSRRI N S A B . RRAE R DT IC B
VERC A8 53 07 6 AL T UB B a8 oG Al 1 I A
4o BRVCHCTHA R SR 4 (H A &y X 3 Uk )
ZOCRR I, ARSIy IR LA IR S, B HUE SUE R
HITRRER, WM A8 7 e i (RS R AR, X
ST MO RGBT R -, S R BE 2 20l
TAG T2 H A

AR TR BE 5 ) BRI 26 Rt Ali i ok 1
BrALiE . FlowNet [ 25 5 50 Ny FH 4 AU 28 I 45, |
FH R 282 2] UGARRAE 5 006 I8 22 [8] A B 53 56 & {H b 311
KRz s M A R, BEJ5, RAFT W4 5] A
Transformer 2244 F17E 3 1 HLH] , 484 A0 B R R 32 3
FIHERS " e Ak, PWC—Net W25 FI] F 4 73 45/ ik
T R Z D4 = G AL TR B A R A A
Y TR sk A NS 2 BRI B OR
LiteFlowNet (25 Wiz 1 A=, 1% M 26 % % B i,
RN I AS Rl R A T — 2 BRE FEAKE (il
HHE AR sh & F IR A BRA RS

SR EIRNZ AL RE T, B PR AR R T
Wi Ot WAl i 7 ¥k, Hoh DDFlow W %™ il
ARFlow" I 5N RE BE SR 5 1RG0 A0 2 )
W4T, T SimFlow " [ 4% B % S A5 8 () 8 15 45 B
(Xt o i s S LA MERE 2 R . b Ot ATt 5
HAAT: 55 45 G AT 2L 557 ), N SR AL T 40 %145
G R TR

S B TR ) DG TR IEA W &
AN BEAERCR K REFNE A3 T T HUAS B R 58,
G A T SUE AR IE T

2021 4R IR EE A 2D Tt R B b, HAEAE
Yy Uk BEIRT R A I, IR A TRR I S U
A E, 2% SO B ASH AR TR

(1) FEI T —Fp 3T 45 A 22 0 28 (%) 3 RO Ik Ak
TR . SRR i 3 g 1) Y 2k 07 =X DA R 32 2
EHRAVE A , R B OG , JO T3l TR e ak
BARTE,

(2) T HE38 G T AR 2R 35 | 3hE fo T 45 1iF 719 A
Sk, BT — oo )2 R R, SR 2L ik e
( Continue—ADD-Block ) % £ JIii > 1 &l & 0 () ' i
FEAE IR AT DL 2 R 0 A9 06 T AR

1 HXTIME
JETAG TR T AL B8 9 OG5 H AR | FO: BB A
TOGTARFE BT . Y RO IR AL REAE THiB Sh Ak TH Y e
BAVEFI G R E, AT AU A | H AR BRER A A 2 3 4
U I SCR 2 R Rl HR R A3 2 R 1
W26 204 | 4 R R R R BE
1.1 SRR
53 J2 SR A 5 % [0 R 2 g ke, T4 o ] T 4% 40
B, SARLGENE AR R g BRI R 05 2 b
PR, ST A2 B S AR R, &%
RUZBJZ RIS 2 RO RHE, ks 40 20, BEJS
WAL Z WD RAETOAY, B R TRARRRAE R IR E
23 ) Ar R SR BUZ BRFE T RAFIE I RT
R N Z RS 25 2R B R s e i , )=
BT DR 0 258 328 20 TR A B ELG 1 )2 AR AR AT 55,
[ ¥4 1l R S8 1) PO T TN o 8%, 52 3R R
GURFHE S IR 42 JR G A T 1 B AT A 5 A B
IZSCBCHT o R R AR SR IBCHE R, 1) FH 45 BRUZ i =X
TALRAE R 3R KR 2 RO R, B RUZ S HOR O K
B E SRS T L R AE R S BRI R 2R, it
WA RS B A SOR Y s A2 AL RE T
JEVCHUNJZE M Sr s AT, BT Y R RRAE BEAT O i
T RRAE P53 3R i 00 24 R P BRI, R AE A 52 )22 K
IR TE U AE SR B4 B S5 1 . 3290 )2 3 Al 19 24%
[Fi) oy 98 3R PR 201 A4 R 6L, SRl Al R
Z RZRHERER
1.2 ZREtRMET
TEST IR SR Al g | A S nml & pLE K w2
JGIR SR AR SR FESS G W B R R B, £
SRR OE R ROBEfR B AN 2 RO Al
AP RO 5B Sl AN A 2505 38 i v PE A A
RN ] RO A2 3 1% ORI 0 A D A
FEARAE 7 ¥E FANALF- 2 J5 %% . Continue - ADD - Block
A BRI = b 7E T X8 35 5 0 60 4 R A A o AT R
R BV S 40 BRI ) flow7 |, Al FH 4 8 7 125
5 flow6 . flow5 . flow4 . flow3 £l flow2 Ay N~} PCfc, {H
SN RO B s 3 BER DG I AL T R S AR S B
RDCIRAIRSINELS . AHI, 1% SO IR 43 BEAR T
I MU S AR BRI B AOLIR S5 R Al S, LU R AN
[G] (47 HE% . Continue— ADD —Block [ 1 #2 7] DL 2
X1 FR,
flow_i = flow_i + interpolate(flow_{i + 1} ,size =
(flow_i. shape[ 2] ,flow_i. shape[3]),
mode = ‘bilinear”, align_corners = False)
(1)
TE## 4T FRAE)S , Continue— ADD-Block i A in X



57

TGRS . ootk FlowNetS 095637 Al B9 -3

AL NS R, 8 A 45 S 2 T A R
B SO T — A s LB R A TR e
NGNS SEB AR PSS P IR R i =17 5
IIRAT RS T AR N A B A i 4

2 MK

Sk TSI A B A o I B oA A, R FH i 31 ik 1)
gk =X, Holin A K PG TN LS G (e, 38 1 S0
RIGERY BTN e, BRI ZE R AL TR AE
oRFE ENALA A PR R ERERE
FA R, 1R B bl S 4 B2 S5 H M 2 A R, 5 J5 e
HOGTRARFE 22 Ji (5 FH S 0 il A A e, AU 2 g dn ] 1
Jfi7s . 7E FlowNetS 2244 SR b $12 H (1% 2 o 4 A ke
Continue—~ADD-Block , & 7£ # J1- X & 24 iU 37 = &
BT, JF 4 O T AN 1T RS B, LA R 45 4y dn A 2
Fis

R

opE =
DDDH

B 1 FlowNetS with Continue-ADD-Block £ & 22

7x7

v jm===——- :
U2 ||

I

v RABYE ||

! |

| I

| | |

| ! |

I R e N N T
| | |

| |

i :

A 2 FlowNetS with Continue—ADD-Block #£#! £ #)

FEXT A4t FlowNetS Dt It A 11 9 % 76 4b 1L 52 22
SO 22 R 12 205 T Y Jey FRAE , 76 I A A Y B il [ 42
TS H B A )Z AR & fil A BB Continue -
ADD -Block, ZB 7R J5UA 4548 0y Ll b BT ig 17
Conv7 )2 JFTER GBI Bk I T — M2 ny 2 RE
G RIE . 155 A9 FlowNetS W& 7E Convé 22 G AN
FRHEAT T ORFE , BTGRP | X i 15 B 7R AL 3K
B2 Bl R4 9 5 B 7 AR — R W SR PR S0 8
H B Continue~ADD-Block #7114 ) Conv7 JZHE 1S HL
HURJZRREAE , AT SE A Ml PE 2 Jmis a5 B . ILAk,
T A A R A A [ RBE B R SR A B A
HGIAT —Fhor R RS RS, 57 v IRk 57 0] g 5
R FFAE SR IB B — A R, (5751 24005 J32 TR A 1) 93 40
RO RBEHORASRIE T RFIELE RS )7 81 i 2 2Pk
T, 038 A B US55 R A [R] 2 U0 B R E e S
TR A AE B B 2 YR g S G, Sk
TR LI 3

Flow7

Flow7

[2.2.40.56] [2.2.80,112]

Flow7
[2,2,10,14]
ADD‘ ADD‘
Flow6 Flow5
[2,2,5,7] [2,2,10,14]
Flow6 Flow5
[2,2,5,7] [2,2,10,14]

Continue—ADD-Block ] flow7 fE4H K _FRFE)T,
B LR FEJS 1Y flow7 WRAEL 45 flow7 A< B, gt &
Ui, flow7 M(ES B AN W 3038, B A F 2 D5 R 1 B 1 40
PRI MR 40 2R FRFEIG AR, TRk
17 M Al A R B RIRE A ORFEJS 1Y flow7 &N

ADD‘

Flow3
[2,2.40,56]

ADD‘

Flow2
[2,2,80,112]

Flow3
[2,2.40.56]

Flow2
[2,2,80,112]

B 3 Continue—ADD-BLOCK /% 2%

FAHT R R S5 R b HIER flow7 B4 40 721K
ERAEA AT ARG Y R R 9 45 2R — B, T LA
AN 0, flow7 BEWS RARR A A W RE 8915
BT RETT B TORS 5 ) DL I 25 L 5 (A1 ey T4 e B oR R
Jr b HOE flow?, N I AE A7 R AR AT — A



-4 - RS L

LURRE

flow7 , g4t B 5 I5 080 T 5 IR AE M AR AR,

3 HUR&E

BHR SRR G AR TR A P RE 2 e B,
ZSCEEH T LR =R 712 A AT 1928 T 5040 4E . Flying
Chairs \MPI-Sintel ( clean #/ final ) #l KITTI Flow 2015,
Flying Chairs & F & B ER T 1012 sh P, S 4L &
Ji A4 ground truth 304 , A T-0F 90 S B A vE R L L

MPI-Sintel W FH 5 57 5 (47 G 37 5t SR AL T 42 2 1
BRI S0 | % B0 5 vk 0 Bt L B
Horp clean 5378 MG TE Yo i A B8 AT 0] Ji5 300 Ak B 554
S final B3 U8 N4 45 12 SR | 50 TR 80855 )5
AEFRASCR . KITTI D00 0 1 5 52 55097 5t S 41 DOV
% b SRAE ML AN ground truth $8% , FIT3PAl 20k 1
SRR FH R RE, R B2 g AR L R S
AR R TERE T AN 1 PR,

K1 BFERGILE

Bl K Fh G e S YRk HITRRE YIGREmixt g MR T 4 Iy PR
Flying Chairs AR ER NTA H— ki 5l AP X ] 2 22 872 BARANTF 1 280x720
THEALETE s, ) clean:1 064 clean:376 1 024x436

MPI-Sintel R s R A
nte AR TR L Lz zh ek final:1 048 final :376 (UZ4E)
HE k5, ) 200 1 242x375
KITTI HAH A E G RARIE e R 2% 200 )

A L HiE S AR (Tl (%)

4 KWHERDH
4.1 LGt

T 56 F A B A 2R Continue — ADD - Block 4 7
A8, 2 SCHE GG T T R Y AR i 4R Flying
Chairs . MPI-Sintel( clean FI final ) il KITTI Flow 2015
Bl g b HEAT 1 S5, JF 0 1 % £ 1% 22 (End Point
Error,EPE) #4737 .

LR, B Flying Chairs 05528 028 JF IR 4E |
SO B 00 LA B0H 4 0 888 o SR IR 4 (80% )
BUEE (20% ), 0 i A J2 Bt Y — 3 20, B ds o DL
% 1, KITTI Flow 2015 ¥ PRI i 14 5R JH ) B 5 0
W, FEATRENLER B (320448 ) | 5 L B 5% FIKF- B0 4%
At FcH £ ) 4 T B i, (O AE B AL e

FESCTAG T 55 v, Ay 38 50 X5 e 7 R0 S 5 (L A 41K
Bt 1, EPE 1E R ELPPAEFa bR, HIRA B AG A G <
WS EIOGRARZM 2 SR, WU, B
182 T 14 DI A 2R kAR B R L SO Ok B R i 22 (1)
HIMI LGRS, HiZ 46 br el ik 7 D B3R 3 i) =
PR AE "

E., = (u, —ugl)2 +(vesl—vgl)2 (2)
Hop B, ORGSR 2, u,, R KEOLIR, u,
RERAEIKEN, v, AEM T EDEH, v, ARE
SCAfE EOGIR . THAEAS R EPE {E#/)N , A THE 21
TG i 22 /)N | B TR 3 g |
4.2 LEERE

BT R AR S R A S DU ZH 5L 43
54 F Flying Chairs, KITTI Flow 2015, MPI - Sintel
clean 1 MPI-Sintel final (545, 43 2 478 Jit L A 7Y
44 Continue—ADD-Block 1475 I 4% 300 ¥ itk

AT S5, e s AE M4 145 2 1Y EPE A9 55 K AH
T/ IMEFE I, X3k PUAS AR 5 A AR R B 3 v
UNZRAS B BRI T A 44, LA X 3 | FLAARRR) 44 B
W2,

2 BALAR

AR FlowNetS

with ADD-Block

Flying Chairs F-FlowNetS F-Continue-ADD- Block

Sintel clean Sc—FlowNetS Sc—Continue—ADD- Block

Sintel final Sf-FlowNetS Sf-Continue—ADD- Block

KITTI Flow2015 K-FlowNetS K-Continue-ADD- Block

TR PR A A AR A AR R T R0 D AR A R A
A T4,

SHESIERLE Continue— ADD —Block % Y637 £t 1175
52 WUy S U I BB 0 B8 e R AT T L S 5
IO EE T, BRI DU A 245 2 Y 45 R, 12 SC Rk X
Fbic s g/ INAL P S 4R 7 iU iR 7 75 A A Continue
~ADD-Block HJAH 75 7% 1 Il gl i 45 ) i) EPE 48
AR, 8 2 el —2H (TRl — i 4 ) I 2R s
4301 EPE S5 K (B 76 J5 4R B30 7 vk vh 4R 23 T 3
P B 7 i, BISG IE AR A Jr vE W il Continue — ADD —
Block J& , HoXT & 24 A5G A4 11453 219 EPE {HFE (%,
TR, RS AR, 0 I AR RN, Bt
FEM S 15 2 B 56 AL TR A, R O R A T
BOR

MR LA bS8 ik B, A5 15 458 IR i e 8k
%
4.3 LWHER

ICSR AR 2 RSB 15 2 9 I 45 EPE MY e K (H .
SESE AR /IMAE R AR I, 38 L L E DA L SR
A Continue—ADD-Block YA 3R 7E fx 22 0 1 0 F 1k



57

TREVREE . B FlowNetS DGR 05T 5.

T2 06 L 45 R R 22 B, O B2 A5 3 42 71 7
Flying Chairs Z{#}&4E MPI-Sintel clean %{4i4E 1 MPI-
Sintel final {4 4 I, f 3R A 45 00 T BRI 345 2 A%
EPE & KAG 7 B FEA% 5.90% 4.97% .1.90% |, [l i H:
¥ i TR 25 TE DU 2 SE B B R B T, AR IR
30.34% 21.93% 4.80% 3.45% ,Hii 1% 2% EPE %
KAE F340E AR /AIME RO L AN 4 BT

1] with Continue—ADD-Block
[ ] FlowNetS

145

@ ] 14.89

&.sc_MAx e

Z .

o KMIN 'E - 13. 112

2 ] 16.87

g K_AVE R

= 1 2851
S KMAX 28 56. 16

0 5 10 15 20 25 30
EPE

B 4 EPE &k KL -F 3948 F0 50 ME 6 AT 1L
1£ 4 v | FAX 3% Flying Chairs 20 & £ . Kt &

9 T T

—— with ADD-Block
————— FlowNetS

0 100 200 300
K Boxt 4
(a) F-FlowNetS Fll F-Continue— ADD-Block % Lt
16 T T

—— with ADD-Block
--—-= FlowNetS

EPE

4

0 100 200 300
EEETOE-
(c) Sf-FlowNetS #l Sf-Continue— Add-Block X H &l

KITTI Flow 2015 #t#E4E  Sc 83 MPI-Sintel clean %%
JRAE Sf {32 MPI-Sintel final 3035 4E . HR KA LIAR
B Hb 2R 7 AN [FTASTHROGT A () B8 F b o g % b, 25
A L4 E#4E, I Continue — ADD - Block 7E 6 i fiti 31
1155 ThAE TH X 52 5 PR B8 A0 ORG B2 R4CR B AF T Straight -
ADD-Block
4.4 HEHH

BT B % Continue— ADD—Block #5347 11 fil
34,8 5 7R T Flying Chairs 304 42  KITTI Flow
2015 i £ F1 MPI-Sintel ( clean Fi1 final ) 240 2 3 51
1F FlowNetS # %I F147H Continue—ADD-Block & il Fl
AR (R R S I R 300 YRS B Y S AR 22 A8 1k
HHIES

L 5 ] AWM ZEF] 4 A Continue— ADD -Block &
IR AR R A AR AR 235 ) T o R B AR 3 43 R AN
FlowNetS APk {H 2 I i KAE A KT FlowNetS 7
TR S5 L it s 158 22 i KAE B AR T 2 12458 1 1) 45
PEA T HE &, A6 SalE— 25 1 0 v o ok 8 U B PR
MBI FE

16 : 1 T

—— with ADD-Block
————— FlowNetS

EPE

0 100 200 300
SRS
(b) Sc-FlowNetS F1 Sc-Continue~ADD-Block % tt.
32 T T
— with ADD-Block
————— FlowNetS
25+ .
218t 1
=
LA [
L
1t FLEAN
Aty -.'V"-.‘--\,\,'.\,t At }\.1-4-4. o
4 1 1
0 100 200 300
REETTEA

(d) K-FlowNetS #ll K-Continue—Add-Block X &

B35 REHIELE L E a1 EPE oW

3 VRN T PIRRAS AL 1EA R B 4R LI 2R 45
PRI A iR 22 . DAR BRI 7 AR IR 2k

PRUE B RO BEF B4 T I ZR45 215 Ho b EPE
max QR e K ¥ 15 2R 22 , EPE min QR Bz /I Y 3



-6 - HHRPLEAR S &R

LURRE

1% 2 BN 543 EPE ave {0344 0m S iR 22
%3 HemEnhsR

O A EPE EPE EP?E

max ave min

F-FlowNetS 8.05 2.87 1.998
F-Continue-ADD-Block 7.82 3.25 1.992
Sc—-FlowNetS 15.28 6.74 4.72
Sc—Continue—ADD-Block 14.15 7.54 5.38
Sf-FlowNetS 14.79 7.83 5.53
Sf-Continue—ADD-Block 14.43 8.39 6.21
K-FlowNetS 30.16 15.95 9.77
K-Continue-ADD-Block 29.95 13.17 7.35

VL %udE b, £ Continue — ADD —Block [ 15
RUGERG 1Y Z5AS 3] AR R K 1) d5 Aoy 1 152 22 7E Fly-
ing Chairs ¥4} 4E KITTI Flow 2015 %4 4E Fi1 MPI -
Sintel ( clean I final ) £ 48 th 330/ T Ji 4 45 A 55 AU 15
P W K PE , 3+ B 7F Flying Chairs 2038 4 1 OKS 15 #2 7+
2.86% , 7E KITTI Flow 2015 % i % b FF 2 7
0.70% ,7E MPI-Sintel ( clean 1 final ) 54 4 ks B2 43
AT 7.40% 2.43% . HULATIAR ) Continue—Add
-Block BEHRAEIZAT: 55 L B BAF SR

PLF # & 78 Flying Chairs %% 3% 45 . KITTI Flow
2015 4 5 1 MPI-Sintel clean % 4 £ it & /3 K 1%
XTI 53 ) Je s g JH R o 45 SRR 3 e v 1) TR A AU 2
#J, Bl FlowNetS—F F1 ADD-Block-F , 15 % A [a] 1) 5% i
T4 R B

(1)Flying Chairs $§4fg 8 &8 40 B 7E A [ B AL R
FMHAROR I E 6 B 7R, Horb (a) 2 3% 22 1 RN,
(b) J2& FlowNetS—F A5 80 345 2] 1) S i AUR B, (¢)
J& ADD-Block-F A 45 2 () G SOR B, AT LA
E VLA F] ADD-Block—F AR B 4

(a) Jafi A5

(b) FlowNe t S—F #5204 7 i 1 (c¢) ADD-Block—F #5284 (1]
TR RANE S

A 6 Flying Chairs 4% & £ A ] X 2 R

(2)KITTI Flow 2015 4 45 75 A [Rl B 28 A 38
BORMNE 7 Fis . S5 —4T INAE A4 W W ok 2 4 22 11
EUGRT, 5 47 A2 B A7 B 55 — 7K 181 )2 FlowNetS -F
BRALI A 2 A TSR L 5 — 5K K )& ADD-Block
—F AL AT B 06 ORI AT LW M E
ADD-Block-F [ RIGR T 4T,

e L

(a) U BT

L -
(b) FlowNe tS—F #1707 gy (¢) ADD-BLock-F KA Fz )
S ALEIRE S fti

B 7 KITTI Flow 2015 # ¥ & Xz R
(3)MPI-Sintel clean 3 4 75 A [RIBLRLF A 3
ORGP 8 FTn , BB —AT WA B A PR B E L
EUGXT 5 47 22 247 19 55 — 5K &1 ) FlowNetS -F
REARY IR A 2 A ISR B 55 — 5K Bl & ADD-Block
—F A5 7 05 75 2 09 5 R B, T DLW L #

ADD-Block-F A B B 41

(a) st e G0y

(b) FlowNetS—F #5%1 A= ik (¢) ADD-Block—F FEH 4 1)
SemiAti v SedAt v
] 8 MPI-Sintel clean £ ¥ & X 5 R

5 H#RiF

IZSCHE H — L R B 2 S PR iRA TS Al &
¥, JH Continue—ADD-Block 2 BUEFE | A& T H. 4
FE G /N TEPUFPAS [m] B £ 4l 4 o a2 25 B R B,
RIVKS BE #0452 45 7t , 7F Flying Chairs 4 48 ok B £
Tt 2.86% , 7 KITTI Flow 2015 %% 45 5 &5 B 4% 7t
0.70% ,1F MPI-Sintel ( clean 1 final ) 54 5 ks 5 43
BIHETE 7. 40% 2. 43% XA E G E T, HHR
H A5 R R, A ke iF 58 4 R 3 A H AL oE, DL AR U 3=
B IR ERAE B

SE

[1] TEED Z,DENG J. Raft; recurrent all-pairs field transforms
for optical flow[ C]//Computer vision - ECCV 2020 :16th
European conference. Glasgow ; Springer,2020 :402-419.



57 3]

TREVREE . B FlowNetS DGR 05T <7

[2]

(3]

[4]

(8]

SUN D,YANG X,LIUM Y,et al. Pwc—net; CNNS for opti-
cal flow using pyramid, warping,and cost volume[ C]//Pro-
ceedings of the IEEE conference on computer vision and pat-
tern recognition. Salt Lake City;IEEE,2018.8934-8943.
HUI T W,LOY C C. Liteflownet3 ; resolving correspondence
ambiguity for more accurate optical flow estimation[ C]//
Computer vision - ECCV 2020 .16th European conference.
Glasgow : Springer,2020:169-184.

LIU P,KING I,LYU M R, et al. Ddflow learning optical
flow with unlabeled data distillation| C ]//Proceedings of the
AAAI conference on artificial intelligence. [ s. 1. ]: AAAI,
2019.8770-8777.

LIU L,ZHANG J,HE R, et al. Learning by analogy : reliable
supervision from transformations for unsupervised optical
flow estimation| C]//Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition. Seattle ;
IEEE,2020 :6489-6498.

IM W, KIM T K,YOON S E. Unsupervised learning of opti-
cal flow with deep feature similarity [ C ]//Computer vision
- ECCV 2020 :16th European conference. Glasgow : Spring-
er,2020:172-188.

ZHAI M, XIANG X,LV N, et al. Optical flow and scene
flow estimation: a survey [ J |. Pattern Reco gnition, 2021,
114:107861.

SHIRI F M,PERUMAL T,MUSTAPHA N,et al. A compre-
hensive overview and comparative analysis on deep learning
models; CNN, RNN, LSTM, GRU[ J |. arXiv:2305. 17473,
2023.

(9]

[10]

BIANCHI F M,LACHI V. The expressive power of pooling
in graph neural networks[ J]. Advances in Neural Informa-
tion Processing Systems,2023,36:71603-71618.

HUANG Z, LIU H, LV C. Gameformer: game — theoretic
modeling and learning of transformer—based interactive pre-
diction and planning for autonomous driving[ C]//Proceed-
ings of the IEEE/CVF international conference on computer

vision. Paris ; IEEE,2023 :3903-3913.

[11] XIANG X,ABDEIN R,LV N, et al. InvFlow ; involution and

[12]

multi —scale interaction for unsupervised learning of optical
flow[ J]. Pattern Recognition,2024 ,145.:109918.

WANG Z,CHEN Z,ZHANG C,et al. LCIF-Net;local criss
—cross attention based optical flow method using multi—scale
image features and feature pyramid[J]. Signal Processing:

Image Communication,2023,112.:116921.

[13] ZHAO R, XIONG R,DING Z, et al. MRDFlow : unsupervised

optical flow estimation network with multi — scale recurrent
decoder[ J]. IEEE Transactions on Circuits and Systems for
Video Technology,2021,32(7) :4639-4652.

[14] DOSOVITSKIY A,FISCHER P,ILG E,et al. Flownet: learn-

[15]

ing optical flow with convolutional networks[ C]//Proceed-
ings of the IEEE international conference on computer vi-
sion. Santiago ; IEEE 2015 ;2758 -2766.

SAVIAN S,MORERIO P,DEL BUE A, et al. Towards equ-
ivariant optical flow estimation with deep learning[ C]//Pro-
ceedings of the IEEE/CVF winter conference on applications

of computer vision. Hawaii ; IEEE ,2023 . 5088 -5097.



	计算机技术与发展
	页 1
	页 2

	计算机技术与发展
	页 1
	页 2


