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Abstract: Objective Optical flow estimation is essential for computer vision and image processing, which is focused on

pixel-wise motions between consecutive images. It is beneficial for multiple research domains like target tracking, crowd

Wo#m B H#7:2022-08-22; f& B H #5:2023-01-03; BN 2= A #§: 2023-01-10

« BIEMEE EIE  stsljh@mail.sysu.edu.cn

EEWE: [FK ARFEEEIH (61876104, 62002061)

Supported by : National Natural Science Foundation of China (61876104, 62002061)

1445


https://github.com/Xiaoxin-Liao/STARFlow

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 28,No. 5,May 2023

flow segmentation, and human behavior analysis. In addition, optical flow can be as an effective tool for video-based
motion extraction. Hence, it was investigated to find out the face spoofing-relevant motion clues. It is still challenged for
accurate optical flow estimation under complex illumination circumstances although optical flow estimation has attracted
wide attention in the field of computer vision. Most of dense optical flow estimation methods are based on variational itera-
tion in terms of Horn and Schunck’s framework. The variational framework consists of data and regularization terms in com-
mon. Due to the uncontrolled illumination conditions are required to be clarified, the gradient constancy hypothesis can be
adopted as the data term for variational model. The brightness constancy assumption can be optimized to a certain extent.
However, neither brightness constancy assumption nor gradient constancy hypothesis effective in representing the complex
illumination variations. As a result, the calculation of optical flow is mutual-benefited to illumination changes. Optical flow
estimations are required to be regularized because of the inherent ill-posedness. The Tikhonov regularization is often based
on the L2 norm, and it is minimized in terms of small-amplitude coefficients-distributed preservation, which can capture
global patterns well in optical flow calculation. And, the minimization of the 1.1 norm is focused on more zero- or small-
amplitude coefficients, and less large-amplitude ones. For discrete signals, L1 norm can give out better results than L2.
L1 norm-based optical flow computation can be more precisely for mathematical modeling. To deal with regularization prob-
lems, conventional L1 and L2 norm is still related to current variational optical flow models. Robust penalty function-
relevant L1 or L2 norm regularization can be used to generate smooth flow field and preserve motion inconsistency. How-
ever, it could lose the fine-scale motion structures and produce excessive segmentation artifacts. The image pre-processing
methods can also be carried out in estimation of optical flow while illumination changes cannot be ignored between two con-
secutive frames. Optical flow calculation can provide motion features in facial biometric systems as well, which is con-
cerned for such domains like surveillance, access control and forensic investigations. However, one of the challenges of
facial biometric systems is the high possibility of the systems being deceived or spoofed by non-real faces. Recent face anti-
spoofing technique can be as an effective pathway for facial biometric systems. Method to strengthen video-based targets
motion in relevance with illumination changes, our research is focused on structure-texture-perceptive retinex model and
optical flow-robust estimation for human-facial anti-spoofing application. For retinex theory, to improve robustness of opti-
cal flow against non-uniform illumination, the components of illumination and reflectance in the image are separated by
decoupling. Reflection and illumination components are separated from the image base on a stronger reflectivity constancy
assumption. After that, the illumination component is filtered through a low pass filter and it is then integrated into the new
optical flow model. Additionally, a smooth-sparse regularization constraint is adopted to preserve edges and improve the
accuracy of optical flow estimation. Furthermore, the numerical implementation of the model is demonstrated. Result Com-
parative analysis is carried out with some state-of-the-art optical flow estimation methods, including the variational based
methods and deep learning based approaches on 3 publicity datasets of Middleburry, MPI Sintel and KITTI 2015. The
quantitative analysis is carried out in terms of average angular error (AAE) , average end-point error (EPE) and the FI
scores in comparison with other related optical flow computations. Moreover, to evaluate the robustness of optical flow with
respect to variations of illumination using the datasets, we consider conducting simulations of illumination to the source
images. To render synthetic images, illumination patterns of linear, sinusoidal, Gaussian and mixture of Gaussian are
involved in. To simulate the regularity and variability of real-world illumination patterns, such parameters like additive fac-
tor, multiplicative factor and gamma correlation are used as well. The experimental results show that our model outperforms
all other evaluated methods on the three public datasets and their synthetic versions with different illumination patterns. To
verify the feasibility of illumination-invariant method, the calculation is applied to obtain human-facial optical flow motion
features, and face liveness-detected experiments are conducted on the Institute of Automation, Chinese Academy of Sci-
ences (CASIA) face anti-spoofing database. The proposed STARFlow method is compared to some popular anti-spoofing
methods related to optical flow like weighted regularization transform (WRT) and ARFlow. The quantitative and compara-
tive evaluation metrics is composed of the accuracy of face anti-spoofing classification and the half total error rate (HTER).
Similarly, to validate the illumination robustness of the proposed method under challenging illumination changes, four syn-
thetic illumination patterns are also appended to the dataset. Experiments are carried out on the basis of the completed

CASIA database and the four illumination environments. Conclusion In this study, a new variational optical flow estima-
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tion model is facilitated in terms of structure-texture aware retinex theory. Experimental results validate that the proposed

model outperforms several state-of-the-art optical flow estimation approaches, including some variational based methods

and deep learning based methods. Meanwhile, the proposed STARFlow method can achieve a potential illumination-

invariance in terms of face anti-spoofing under different illumination changes circumstances. The source code of this project

is available at:https : //github. com/Xiaoxin-Liao/STARFlow.
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Fig. 1 Image decoupling ((a) two consecutive frames in alley_2 (clean set) of MPI Sintel dataset;

(b) visualization results obtained by the structure-texture method proposed by Wedel et al. (2019) ;

(¢) visualization results obtained by the STAR decoupling method )

A SCIHETF K4 F %) STAR ff 8, % 1 L0 E 7
A I S =SV v - 2 7 N S o R [ A L i
STARFlow, B T 5 Z (8 sh 41, 45 T B
KA T

1 HAXIE

ULARSK , RZHOLRITH R INEEU) TR B 4%

1447



1448

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 5,May 2023

PFT B m oG AL TR BE (R HS 4% ,2021) . SR,
2L KR8] ()G IR AL n] BB # 52 4% 1 1F 2 52 B
B G AG AT AR I EE Rk, O TR
G FRE IR AR i & R 1, T A LA T
fRZ%% 7. Brox 55 A (2004 ) >R F 52 FE A6 B 1H 5 A
VA A AR S RS AL A B A I 2 o, B T AR T R i
SERETE R . RIS, SR FH T roR 20 240 ) 3 s+ it
BORPAG T R BERDCI Y . SR, Toi s 5E B H
S AR 7 578 A6 1 AR B e VA HE R SO iR
AL ARG T SRR AR URS . Zimmer
FNQOITD PR T — M FEHESR R s 10T A0 1 )
IR R AT G B A Gk . TSR R AE L
S B H B9 & R v, B A 7E HSV (hue, saturation,,
value ) B 0,75 [B] H R T 29 50 E — b i s i 1 {1
BZo Molnar %% A (2010) $H T —Fh T 10 —fL AR
FAR 1 (cross-correlation transform, CT) i 28 43 77 %8,
EHTEOMKEFS . £ Z )5, Drulea il
Nedevschi (2013) $i i T —Ffr b3 H ] 347 1k (19 2
T Y e/ METT B E A — R B AR SCAE
HeZ [B B VEBE B AS . Fang 55 A (2013) Sy He U i 7
EGIA T IR . 45 R R, 5 AR W
RBCAR L, BT CT BYSRVL L 5 X0 6 AR A o HL
#EPE . Chen %5 A (2018) 4 1 Y 5 T Split-Bregman
R I U A 8 A Ak 35O BR S AL I 9 BT Drulea Al
Nedevschi (2013 ) £& i 1 Z {5 — b B AHOC Tk o
SR, BT EAH G AL 7 A A — A R A
B PR I8 A O R R 2 ) HAT AR ) 9 ey A A 305 R o
FArE AT LU T 25 Fdne X (e B i 245
TEBEFERE I, Mei 55 A (2020) 25 Hy —Fl i 2% 9 4748
G3GCT T BROIAE I A A5 46t (weighted regular-
ization transform, WRT) , iZ 7 i 04 T F A2 A, LA
TEG VR S T S it B R LAl . SR A%
58 Y B T B BOHE T, A AR N 18 A AR e (census
transform, CT) , fH T H iR R Iy 2148 b, S 300
A PR AR

XoF 342 25 PR o R Py T Ak A Ry 8 s e A T
EETEIRME T . Mileva %2 A (2007) 381 F{% 19
— A WS B 0 2 (B R kAT T ORI
()0 B2 5, >R ] Brox 5 A (2004) 2 HY 9 78 43 HE
A0 4R TOCIAS TR B (AT R A R . Wedel
AN (2009) $2 T —Bi IR 0 J5 3, A BROL I
T OGBS Y S2 0 | B ARIZ TR X G BRVE A B

AR AR TR b s BB G
fiE CAn~F- £ 15, 1% 22 (end-point error, EPE ) FlIN- 44 /1
1% 7 (average angle error, AAE) ) A5 4, Kumar %5
N Q013) #2175 — Pl Al 77 v , DASR oG i A
S PN BRI BTIIA i O 4 B W 1 O L 0 1 b
HE o3tk NG B vh 20 88 ok T 56 T AR I )
SRR . RN, O IR A R T ok
WA S 4 8, RO A T B v 2O IR AR Ak
B 43, S BOBE A 7E A BRI GOl BE AR Ak B 6
AE

F TSR A A AN A 2 P, TR A
BEOE AR Ah B AE R AL B 7 vk, W Lucas-
Kanade FIT 82 HY A9, 15 DAk 238 1o it o Jsy 3 iz sl =X
(fE iz 8l 7 28445 XSt . fE2 R AR
/1, Horn A1 Schunck (1981) AT 32 H 19 F8 %5 56 i, il 1o
{12 5X Tikhonov 1E ML IG5 H ARz sh37 1) 4 )5
S . Tikhonov 1 M A3E H i FH L2 J0 4, I3 i
PR/ INIR I 22 50038 50 20 A il L dse /b, DT AE T
HE bR, 52U AR, L
/M ] T AV 2 R B/ MIR IR FR A, AR
DA KRR R A X TGS, L1 123
BAETS B B4 45 B . Bruhn Fl Weickert (2005) 32
o 28, i A L e SRR 12 Yy BOok iR
FOCTAR TS R 3R A5 T Sem R . B AR S
S AR 78 A Ak B D) Ak ) RS AT 8K SR FH A% BE Y L1
JLHCR 12 Y550, & 2 S Middlebury 35 45 Ay
Grove3 JP A (G nT AL g R . Hodp | 2(b) 3
F L2 YU E WAL H&S 5 it 4s 5=, | 2(e)
T LI JEEGE ML AY TV_L1 it E s R, J 2(d)
3 TF L0 JEROE WAL i STARFlow Y6 i i 8 45 51 .
{8 FH L1 B8 L2 Y E0OE AR o] DL A S i S PR
A AR . SR, A 2(h) (o) R, A4
F0 T ORE A R Y 3z B 45 0 9 7R AR it £ 1

thie .
2 Retinex B &N 758

A SCOIETETH DG, A O 52 B e
BRI, T2 R FH 4548 S0 PR Retinex 7Y
PRI 5 B it B LS5 RO BR 431, AT AT B PR A T
SR B R R AR

Retinex #5281 1] T 37 A\ ZE R0 2 56 14 201 €0 )&



$28% /58] /2023 £5 A

EER, BAE, BillE, KE
SRR TR EE R TT R A BE A

}

ﬁ
b

3 .
(a) it

X . }‘ |

Y

(b) H&S

(¢) TV_L1
E2  Middlebury 503 4E | Grove3 R G il AL 45 -

Fig. 2 Optical flow visualization results of Grove3 sequence
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v, 53 AR w Rl o 0 AR E A5 p O & /KT il B

B

AR LW AR —LE R I 22 5, ] 4n
S5 1R S8 DX AR A TR AL, 100565 2 MTAR I X 3K
BN W CR A A Mgtk . ZET UL,
ARSI T — T B4 1E DU A e K, 38 o R L0 Y5 KR
XTSI TS 200K . SR AR A B 40 =X, ml
YRARZ L S B B B, LUK R B 3 B 2 A

4 SEimEEKRE

T (23) SRR (u, v) , W /ML
STARFlow 71 , BAK
E(lL,’U) = Edma(uav) + aEs ;;;;;; th(u’v) =

| ICERL, + LR Ju + (6RL + IR o + &RL, + LR, | s +

ajn(” Vul, +|vo],)ds (30)

A, o TR 5 BCHE TURF- 3 002 [R] 09 Eo 91 56 % o
RE T2 pR R L1 YO E00% O A A LA A 2
JCU S S AE, T AL IO T LO Y 5 Ay - 1 —
Fis b 24 54
4.1 HEDMHEL

J T ARACEE I, TE IS b g | — B
H (w, v) SRR G (wy, v, ) Z 0] 22 709 IR AEST PR
B, RIEE A TR AR LM, B
E(u,v) = f”p(\(gm + LR.)u + (¢RL, + LR, )o +

ERL + LR [ )ds + 5 [ Ju=ug'ds + 5[ o= v [ ds
(31)

1, p(a?) = Va* + & J& Charbonnier £E 51 PR Y, H:
JEY RREL, PR R L1 JEE v G, 38 % e BUNY

ﬁﬁ(ﬁug =0.001), é\aEdata = 0f 0E,.. — O,m\Uﬁ
Ju Jv

u=u,—-W-0Q, -z (32)

v=0,-W-0Q," 3 (33)

p'(2)
p'()[01+ Q]+ a
ERL, + LR ,Q,=ERL, + LR, z,= Quy + Q v, + Q0

T EMER (31) K5 (32)(33), 5l E
BRI, BAR
uv=u""'-W - (QI)

iﬁEP,W: leszLx'i'LRx’Qz:

T

[(0),u " +(.) v "+ (0),] (39
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W),
[(Ql)vu“"”+(02)gv"“+(03)J (35)

:T:t ':F‘ 5 W*= P_l(zz) s (Ql)(j’
p ()] (03), +(03) |+ a
(02)09(03)gﬁ%u%%5_\‘xd>01902’03 E@% /[:lo O'IEIL:%/B;E

BRI EZ 2B TR R T R B il i
PRSI (", o) 2 (31 5k RIEAUI Y f
AN o R 3% L A 5t 3R % (successive over relax-
ation, SOR) L SZ LS PR AY I 8i, I
u =u + 9 x (u(k' R T 1)) (36)
o' =" + Ox(v(k'l)—v‘,,k_”) (37)
K, 0% SOR N1, il H BEE N0 = 1,
4.2 EN{LAbE
T A R (u, 0) 5 (w,,0,) 22, F &
LU Al
muin fﬂ”u -u, ||2ds s.t. fﬂ” Vu ||0ds =N, (38)
m"in fﬂ”v -, ||2ds s.t. fﬂ"Vv ||0ds =N, (39)
AT N RN, 735 2 A3t w Ao B AR 2
AL 5 AT B, 7 (38) F1(39) AT A

E .(uv)= fﬂ”u -u, ||2ds + njn" Vu ||Ods +

fﬂ"v -0, ||2ds + nfﬂ” Vo ||0ds (40)
3 (40) R B HO RO 2t UG A4
SN GENE AR GE B BT v AR B2 T [ ) e LA A
PRAZPEACIR) . 25 R P TR1HE T 2R A O O B A Y
Rt SIS ERp = [p..p.] Flq =[q.q.] F
SR JH R AT pR RO BE G TRABE E (Vu, Vo) 555 )
A (p, q) ZIAIHY 22 5%, Al 45
E on(u,p)= fﬂ"u -u, ||2ds + nfn“ p ”Ods +

)\f | Va = p [P ds (41)
0

B (0:0)= [ Jo=v,[ds+n] ] ds
A 9o =g lFds (42)
AP A S H AR BB B (. q) 5 6 VB
(Vu, Vo) 2 VA DM AT 085 0 1

H AR (41) (42) R 44 R R, O e
AR (u, 0), BT T PR BE 2, BARANTE

BrBel)  Bidw,o LK p 5 qo
HxC(41)(42),F

p=min)\f | Vu—p||2d3+7]f | o] ds (43)
P 0 0

quin)\f I Vv—q||2ds+nf "q"ods (44)
q 0 0

R T UL KR A w R R R, A b — T
TR 0, W55 &k UGB ACHI ZEA /T A5 fi# (p, q)

JRINS L A <X (45)
vu' A

slo el
o't Al

MrEe2) p,qCl, (41)(42)F A0 — kR
B/ MR, B
u= muinfn”u -u, ||2ds + )\fﬂ"Vu —pHZdS (47)
v = mvin fﬂ"v -v, ||2ds + /\fﬂ" Vo — q ||2ds (48)
BRI —HAs B H 5 R nT 3R
(LR = AA)u=u, - AV - (p) (49)
(LR = AA)v = v, — AV - (q) (50)
Ao, A BB RIT R,V RN . SR P
HL 25 36 (fast Fourier transform , FFT)/E T 5 #2 7
), 76 T RS 5 nT AR E DR R AR
Fu,)+ )\[.’F(&x)}'(p) + .’F*(ay).’F(p))]
1+ A[ F (0x)F (ax) + F (9y) F (3y) ]

~1

(51)
JREACOR A[F (00 F (q.) + F (09 F (q,)]
1+ A[F (0x) F (ax) + F (9y) F (9y)]

(52)
AP, FORFFTH T, F F£n FESILY,
FH ()i AR e, BRI S ARAE SR N E] 3 TR .

5 3 I§

SERAE 3 E AR E AT, 400 & Middle-
bury Y67 4 5 (Baker %5, 2011) ) \KITTI flow 2015
GBI (Geiger 2 ,2013) LI K MPI Sintel %% 2 4
(Butler % ,2012) , DA SGIE G Ak T4 B, o HOR X



$28% /58] /2023 £5 A

EER, BE, BiGE, KE
SRR THE BRI RANRER N

SRR R R A Gou
~—F

[ WIS ] {
I

=

JETRAERIURLE
ML Al SR i

-

SRR B RS o0 i e A0

FERAAL

ST iR E b R

AR
. ,{ FE R J

AIENALI5

J

K3 Bk A AHE R
Fig. 3  Overview of the proposed method
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FEPPAl o AR SCT7 5 16 Middlebury 7 2k P74l 45 5 v
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AR o K4 o8 Tk A Middlebury 1%k
£ rh— 20 A 5 J SO UGN 1 06 i T AL 2
M &= F KK JE Grove2 . RubberWhale . Dimetrodon
Urban2 Fl Venus J#51 . 18] 4 (a) /45 751 % #4 R 4R
i, 1 4 (b) 2 AR R 1Y 6T 37 BRI 4 () AR SO7
AR . I 4R LDIE A SO E X T
A1 B IREC R REAS [R) R B AT B

Middlebury i #1 £ J& 76 £ 2 6 B AR 18 T 26 i
. SR 7 fd ] Middlebury %iff 58 56 TEAS R (4 IR &
B, 25 O AR R EA T L IR Al

25 78 5 I MG 1R /IR TR] 1 6 B f, 5 ot
BT,

I.(s)=0Q(s)I(s) (53)

.
1

(a) BRI (o) RXHIE

(b) i HAR
El 4 Middlebury Y ZREE 567 nl ML 4%

Fig. 4 Visuallizations of estimated optical flow from

Middlebury dataset ((a) original images;
(b) ground-truth; (c) ours)
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3T B R (e S i A B B RE ARk, B
A5t
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Ao, J FR IR KB oG DR R ER AR

ezt ol g it Gurassian SIS, LR 25 L
7 TR G v JE L JR S X e

A OGBSI 25 AN R S s . Hodh 58 2812
Middlebury Yl 2 4 |- RubberWhale /5 51 26 2 Wi (1) &
B RRIEME 55 4—8 B IR A SO i R H Al 4 Fp i DL
TFIETEARFG BOGRRAE (L A1 R 3RA 1 i ol L
eSO 255 . N B BIF 447 04 B FE A A v 2
LMk IESL T RE A W (U ) o B 5 AT,
TEANFDCIR AR T, 3 T AR I Wedel 55 A

1,(j)=255-1(j)-

V%v.v

e & n§

(a) RIEZE 1T (b) A ROEHER2ME (o) HSDERY (D) sgﬁglow
(A30)

(2009) J7' 7% F Kumar %5 A (2013) 73 it i 3 ™
FREL, IR M | SR B T aX PR 7 VR TE R
I IEVE R IR A R 18 o TS SO ¥ ml i 4%
¥ SRR 7 20K IR i 5 RO A i R A S
HA R 6 B E o v, B n] 3R A5 e B i 1
ground-truth G HE . IEAL , 3T H A0 KA SBFlow
D7 RN T L WRT 5 2% H AR A AR A A 150
i, (RS IR 7S | TR R 138 Bl A
TERAIIE L

T AR BT RN AL, B 6 45 T ARG
WG JIE o BUE T 3X 5 FJ5 EEAE Middlebury 204 4
(-2 2 5 15 22 (EPE) R34 £ B 152 22 (AAE ) J 28
TEOL . M6 AT UL, B4 B AR fb K (0 BUE ), A
SCOTERAR 16 1R 22 T ARARAIR HLRa e , iX 3R
I STARFlow TH58 B i , X BEAR A AN BIURE

A A )
B N 2 = -0 - C | =
N a N a
> 1 Al d k- b Y %
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A " X $
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- > ® ’
o \ ~ (!
N - o ) ‘ - ‘ = 3 . V
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(2009)771% (013)77%

K5 &R0 R
Fig. 5 Optical flow fields from synthtic images with illumination variations ((a) the first frame of RubberWhale sequence ;
(b) the artificially synthesized image; (¢) ground-truth; (d) STARFlow(ours); (e) Wedel et al. (2009);
(f) WRT; (g) SBFlow; (h) Kumar et al. (2013))
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e, B E 2 EA KA TN ISR i FL5E
FI% )73, clean Fl final T8 461 5 23 FhAS ] 375,
AL T 1 041 ANk RGO U R B9 56 33 ground-
truth AN A6 3 7 V6 2E 1% 800 4 1 A PFAl 25 28

% 1 i /8 o EPE all (endpoint error over the whole
frames) . EPE noc (endpoint error over regions that
remain visible in adjacent frames) Fll EPE occ (end-

point error over regions that are visible only in one of

two adjacent frames ) 73 HIfCRAE R R AR X
SRR DI SO G AR B 1R 25

M FE 1 0] LLFE Y, STARFlow & 4K 3 748 43
M HIE T /MEE P8 B FEZ B S T TSR RE SR
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Fig. 6  Error evolution of the proposed method and other four advanced illumination robust optical flow estimation

methods under different illumination conditions ((a) linear; (b) sine; (¢) Gaussian; (d) mixture of Gaussian)

*1

AR T 7% 7E MPI Sintel A E ETHER

Table 1 Evaluation results of different optical flow methods on MPI Sintel dataset

Tk EPE all (final) EPE noc (final) EPE ooc (final) EPE all (clean) EPE noc (clean) EPE occ (clean)
STARFlow (4<32) 4.807 2.338 24.947 2473 0.697 16.972
PWC-Net (Sun %§,2018) 5.042 2.445 26.221 4.386 1.719 26.166
DCFlow+KF2 (Bao %,2019) 5.067 2.195 26.221 3.645 1.149 23.992
FDFlowNet (Kong %, 2020) 5.111 2.521 26.233 3.707 1.543 21.376
DCFlow (Xu%¥,2017) 5.119 2.283 28.228 3.537 1.103 23.394
FlowFieldsCNN (Bailer %5 ,2019) 5.363 2.303 30.313 3.778 0.996 26.469
MR-Flow (Wulff 55,2017) 5.376 2.818 26.235 2.527 0.954 15.365
LiteFlowNet (Hui 5% ,2018) 5.381 2.419 29.535 4.539 1.630 28.291
SFM-PM (Maurer 55 ,2018) 5.466 2.683 28.147 2910 1.016 18.357
ARFlow (Liu %,2020) 5.889 2.734 31.602 4.782 1.908 28.261

T L P SRR 5 8 B A2 2R

HEZE 17 FDFlowNet (fast deep flownet) (Kong 1 Yang,
2020) 1 PWC-Net (pyramid, warping, and cost vol-
ume net) (Sun 5 ,2018) J5 ik (5 T2 0 HESL 1) WRT
(Mei %, 2020) F1 SBFlow (Chen % ,2018) , L K oA
BT RO O TRAG T v

MPI Sintel £ 4ff 4E 119 cave 3 J¥ 41| Fil Perturbed-
Shaman J7 51 (G P RRAL 45 SR A 181 7 o . Horr,
55 1472 MPI Sintel B8l 4 19 J5U iR B 26 217 2
FR VL B L SO I 3 B 3—9 AT 43 Sl R AR SC U

(STARFlow) | FDFlowNet, PWC-Net, SBFlow, WRT,
Wedel 45 A (2009) (1 53 fift 77 % LA & Kumar 58 A
(2013) (UfEFE T RIS AT T AL A R . DKL 7
AIDLVE B T IR 2 ST HEZR (1) FDFlowNet #1 PWC-
Net DL K 3 F A8 /- HEZE 1) WRT 1 SBFlow 45 J7 12 i
SRR ABERR TSI, (BT & 132 sh i G
B> TR 2B S A, 3K 3R W1 Y H A A B 28 R 4%
(convolutional neural network , CNN) J5 AN REAR - b
PRIZ /N RS B 45 o AR SCHE Y STARFlow J7
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IRAECR BR32 sh Ay Jr i R B @, K iz 25
BEEW R TEh %, K8 TEZET
ground-truth (G Y . X325 T L0 1E W4k &8 (1 ft
AR SO AR LA TR L BE RS AR iz B
e L TR ) o e R [1B = & s i1 ) o0/ 10 2 W AT R
7 i SERE bR e X8R, P i 2 i1 4 5 ground-
truth BUIM$EIT .

KITTI flow 2015 %545 45 t 194 241 EHL T 5IA AL,

XL T F AR — A T30 ) 2R .
F TAREHRIM R AL, T XS 3L A B8 S TR i s
R TR AR LSO . 5 MPI Sintel £4%
AL, KITTL AR A & T Kk R %3 8, anph
PRATHE A A0 AR S R SEE, [R5
FoAb T5 1 AT s e rp KR 43 2 i TR E 2 2T 11
JEWAG I ) A SCT5 1 (STARFlow) 7€ Fl-bg (the

percentage of flow outliers averaged over background

(b) finalZ&45 Cave 3

(a) cleanE45 Cave 3

(c) cleanfE{5 Perturbed-Shaman

RS

(d) final#£4y Perturbed-Shaman

[#l7  MPI Sintel £d 406 i vl AL 45 2%

Fig. 7 Visualizations of estimated optical flow fields from MPI Sintel dataset

((a) Cave 3 in clean set; (b) Cave 3 in final set; (¢) Perturbed-Shaman in clean set; (d) Perturbed-Shaman in final set)
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regions) ,Fl-fg(the percentage of flow outliers averaged
over foreground) I Fl-all (the percentage of flow outli-
ers averaged over all regions) 3 845 [ AH L T HAL
Tk BA YR, k2 R, [FIE B 845 T
ARG A KITTLIFAL £ image_2 751 I 3k45
AR g i T PR S HAR 22 I . D2 P el FH X &
bR, ARG TR R A 1T 43 31 FH i €0 RN 21 (6 B 52
Fon, W ERACERAL T BRI Z MY PR R
SERFRW A2 Fh B Pt i 405 Cnis sh il 4=
B AT AL S A ) b, R LT HA T ¥ STAR-
Flow 7L B 1 S 4019 )7 TR B G , 15 22 KT b i (5 B
S Z ML @R /D R WIA S5 VA RE SV I ik
I GRHIE , B2 MBSl G AT B R . KITTIE R
A B S A SR BB AL, STARFlow G Al 1145 5 5
PR THIDCH Y, UWIZ T AR, G Rk
R2 AEXFITEFEKITTI flow 2015
RS LT ER
Table 2 Evaluation results of different optical flow

methods on KITTI flow 2015 evaluation dataset
/%

ik Fl-bg Fl-fg Fl-all 8%

STARFlow (453) 17.39 16.78 17.29 100
ImpPB+SPCI (Schuster %,2017) 17.25 20.44 17.78 100
FlowFieldCNN (Bailer%§,2019) 18.33 20.42 18.68 100
OmegaNet (Tosi 2 ,2020) 17.43 29.69 19.47 100
Multi-Mono-SF (Hur%§,2021)  18.13 26.59 19.54 100
FlowFields+ (Bailer%,2019)  19.51 21.26 19.80 100
EPC++(stereo) (Luo %5,2020)  19.24 26.93 20.52 100

Back2FutureFlow(UFO)

22.67 24.27 22.94 100
(Janai%,2018)
HiLM (Faithy %,2018) 23.73 21.79 2341 100
Self-Mono-SF (Hur %,2021) 23.26 2493 23.54 100

CPNFlow (Yang 5§ ,2018) 31.05 27.16 30.40 100

TE IR TR SR 4 e (L4

B REARSOTER A T/MIR s sk
{H¥E Middlebury , MPI Sintel #1 KITTI flow 2015 %5 H.
A PR Y DI v ST R B A O i A
e (EBERER SR, 4 MPI Sintel 1 KITTEE 4
& 58 2O IRAE Ak, STARFlow J5 4T3 AE IS 44
R GIAL T4

6 STARFlow 7E A B &R _E R F

T Bk STARFlow S 5 ¥ 76 52 BR W 5 T
(AT RO A SCHE B IO Y TR IE 76 CASIA A 2
1 B B 4 (Zhang 25, 2012) | #E4T A 35 1 46 0
S5, CASIA B A2 A1 FUSE A A B A 14 40
W B, X BV 2 8 2R IR O, A
LEA NN IVE IS OB S Do 0D oy ARy i< R B
APRERYER o R T RIEAS SO A DG IR R 7E
IR IRIN T 4 FASTE 0 A RO seah
STARFlow Y 75 1 5 fae e 1 1) 56 56 3t 1) B 15 O
AT I # . 4N, CASIA 1 BA Y 75 B (CASIA)
(Chingovska % ,2013) | J& TR B 9 4% 1) Jc W B i
7575 ARFlow (Liu % ,2020a) 3 T8 4 (6 T3
7% WRT(Mei % ,2020) 1 SBFlow (Chen %5, 2018) .
SEE ST T AR T 1) SO 43 S SR B
5% % (half total error rate, HTER) . HTER & —251F
TS RS I B v P B B T AR, 8 R AR IR 4
& (false rejection rate, FRR) FIT 4 1% 322 52 3 (false
acceptance rate, FAR ) B A1 —25 o 2 W3 70 S HERf
P BRI LR Rk 3 Mk 4 iR . K
S IE B R SRR TE 4 R A O BR A T I R
RN R I 3508 - AR b o R DGR
J5 1 7E JEORCHE BT A9 v A R R HTER 5 °F ¥ (A
Average Z 7 .

MR 3 FIFK 4 R LLF Y, A SCJ7 25 L ARFlow,
SBFlow, WRT, CASIA J5 35 HA T 2 i 43 2 HERf R
FEARAYE SR EREURE T alitm T4
3.5%,4.2%,4.4%,9. 1%, 5HAEH kML,
STARFlow J¥: I 77 ¥ 76 A [F] O B AR AR A% 0 T 19 HE 1
FARE SRR MR R . SI0O6RAE L
TR OUAH ., STARFlow S 3 77 2k 1 HERR R AL B 1
T AR AR 1. 1% Al 1. 6%, B S AR T Hofth 7
o LHLE R KAE T STARFlow Y6 Jr ik 78
ANFEDERRA LN A R EaE, BE s T AR
T PERG I N

7 4 it

A SCHR T — AT STAR AR I & B St Al
5, B T 5 SO Retinex BAY 8 1 4
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KumarZ§ A (2013)

(a) image2 25700000165 55510., 115 (b) image2FE£70000008)5515510, 1110
18 AR Jr ke KITTILEWEAE b B oG B R 22 5]

Fig. 8 The estimated optical flow and error maps of different methods on KITTI dataset
((a) the 0000016 sequence in image2 set; (b) the 0000008 sequence in image2 set)

&3 7E CASIA iR Li#t 1T NRGTE AR A RS R X LE

Table 3 The accuracy of face liveness detection on the CASIA dataset under different illumination patterns

1%
Jrik JRIE AmEOEIE IRA RO IEROLI AR FIEsR PRl
STARFlow(73() 84.3 83.5 83.1 82.9 83.3 83.2 1.1
ARFlow(Liu % ,2020a) 80.8 75.5 76.3 70.1 72.2 73.5 7.3
SBFlow(Chen %,2018) 80.1 78.6 78.1 77.4 77.8 78.0 2.1
WRT(Mei 4, 2020) 79.9 78.5 78.0 713 77.6 78.0 2.2
CASIA(Chingovska 5§,2013) 75.2 69.9 70.1 60.8 61.1 65.5 9.7

E IR AR SRR 2 9 e L4 2R
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Table 4 The HTER of face liveness detection on the CASIA dataset under different illumination patterns

1%
Trik J5 EEEOLE RAREDLE  IEROLIR MOt PR R RER PRk
STARFlow (430) 21.8 21.2 234 25.2 23.8 234 1.6
ARFlow(Liu % ,2020a) 24.1 30.2 274 29.6 335 30.2 6.1
SBFlow(Chen %,2018) 247 24.5 26.7 289 283 27.1 24
WRT(Mei 45 ,2020) 25.0 24.8 26.9 29.9 29.1 27.7 2.7
CASIA(Chingovska 55,2013)  31.9 43.7 41.1 46.2 50.1 453 13.4

T L TR R 2 P e LA 2R

GRS R i ar B . N T ZETH BRI R R
U103z 2hih % A8 LO B B2 fee/MEXH B i 3 17
VAL B A B 24 R R T S O B i AR A
o WAL AT SRR S BUE TN . e,
7 34 A BRI A G T A S A AT VAR 56 E
T STARFlow J5 i M THE RGBS S5Ot IS k. 4%
STARFlow J5 4 i F Tl #8428 2 G it AR Ak B BT i
TGI8 ARG 52, X6 HE 520 B0 IE T STARFlow J7
P HAE R, G T AR TR R . AT —
B TAET K 30 T3 TH AR SO R I SERT P RE IR
AR P ARRAE U HLAS LB S A
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