Graphisch Interaktive Systeme

Learning Optical Flow

Deging Sun?, Stefan Roth?, J.P. Lewis3, Michael J. Black?

Brown University
Department of Computer Science
°TU Darmstadt
Department of Computer Science
3 Weta Digital Ltd.

5 December 2008 European Conference on Computer Vision 2008



Optical flow

Motion (displacement) of image pixels




Two standard methods

“Army”. Ground truth Horn & Schuncé 1981 (HS) Black & Anandan 1996 (BA)

= =




Problems

e Ad-hoc choices, hand-tuned parameters
e Can we learn models from training data?

Ground
truth
flow

Middlebury optical flow benchmark (Baker et al. 2007)




Approach

e Ad-hoc choices, hand-tuned parameters
e Can we learn models from training data?

e | earn standard MRF model
— Spatial smoothness (Roth & Black 2007)

— Analyze and exploit statistics of brightness
(in)constancy

e Generalize to more advanced data and
spatial terms (more parameters)



Selected training sequences (out of 45)




Standard Bayesian formulation

u: Horizontal flow Vv:Vertical flow  I1: Firstimage I2: Second Image

p(u,v|I,Is) < p(Iz|u, v,I1)p(u, v)

—

Data term Spatial term

How second image can be o knowled f
generated from first image Prior knowleage o
flow field

_ and flow field i, _ W

E(u,v) = Ep(u,v) + AEg(u, v)




Brightness constancy (BC)
Ep(u,v) Zp (I1(2,5) — I2(% + ug5, 3 + vij))

e Penalty functions p (for linearized BC)

— Quadratic (Horn & Schunck)
— Charbonnier (Bruhn et al.)
— Lorentzian (Black & Anandan)

 \Which one should we use?
e



Brightness constancy

Ep(u,v) = Zp(h(i,j) — Io(t + w5, J +vi5))
Probabillistic interpretation

ch(IZ‘u,V,Il) X eXp{_ Z IO(Il(Z?]) — IQ(Z T u’ijaj + vij))}
(2,7)

|

pec(I2lu,v,Iy) oc || ¢(11(4,5) — Lo (i + wij, j + vij))
(4,5)

¢ = potential function



Brightness constancy

pec(I2fu,v,Iy) oc || &(I1(4,5) — L(i + uij, j + vij))
(4,5)

Histogram from training data (images + ground truth flow)
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Brightness constancy

ldea: Fit the histogram
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Brightness constancy
pec(I2fu,v,Iy) oc || &(I1(4,5) — L(i + uij, j + vij))
(4,9)
Gaussian scale mixture (GSM) model

(Wainwright & Simoncelli 1999)

L
B 9) =Y wi- N(x;0,0°/5))
=1




Standard Bayesian formulation

p(u,v|I, Is) x p(Is|u, v, I1)p(u, v)

—

Data term

How second image can be
generated from first image

N

and flow field
/

AN

Spatial term

\

Prior knowledge of

flow field

N

_/




Spatial term

Smoothness: Neighboring pixels usually
belong to same surface




Spatial term

e Smoothness expressed by canonical derivative

Esu(u Z p(Ui 1 — Uij) + p(Uir1; — Uij)
(4,5)
Penalty functions and parameters?

* Probabillistic interpretation: Pairwise MRF (PW)




Spatial term

Pairwise MRF (PW) model

1
prw(u) = 7 H G(Ui i1 — ij) - P(Uit1,; — Uij)
(4,9)
— Approximate ML learning by contrastive divergence
(CD) algorithm (Hinton2000)
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— Minimizing training loss (Li & Huttenlocher 2008)




Optical flow estimation

Maximizing posterior pdf, or minimizing
energy function
— Nonlinear data term

Coarse-to-fine, warping-based flow estimation




Optical flow estimation

Maximizing posterior pdf, or minimizing
energy function
— Nonlinear data term

Coarse-to-fine, warping-based flow estimation

— Non-convex potentials
Graduated non-convexity (Blake & Zisserman 1987)

Ec(u,v,a) =aFEqg(u,v)+ (1 —a)E(u,v), a € 0,1]
a=1 a=0.D a =0




Optical flow estimation

Maximizing posterior pdf, or minimizing
energy function
— Nonlinear data term
Coarse-to-fine, warping-based flow estimation

— Non-convex potentials
Graduated non-convexity (Blake & Zisserman 1987)

Ec(u,v,a) =aFEqg(u,v)+ (1 —a)E(u,v), a € 0,1]

a=1 a= 0.5 a=0
- - -
e A .



Evaluation

Mlddlebury test set (Baker etal 2007)

“Yosemite”




Evaluation
“Ground truth”
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Results |

AAE: Average angular error

HS BA PW-BC
Average 8.72 7.17 7.37
AAE
Rank 18.2 12.1 13.0
(Middlebury)

Ground truth
PW-BC = Pairwise MRF + brightness constancy




Brightness constancy

pec(I2ju, v, 1) o H O(I1(4,7) — Lo (@ + wij, j + vi5))
(4,5)

Independence assumption |

L,
ngh order CONStaNCYV (Adelson et al. 1984, Brox et al. 2004)




High order constancy

pec@lu,v,I)oc [[ 6 L(,J5) =  L(i+wy,j+vij))

(4,5) l l

p(Ialu, v, I) o< || ¢ ((F # 10)(0,5) = (J * I2)( + ui, § + vig))

b

p(Iolu, v, Iy) o< [T [ [on((Jk * 1) (5, 5) = (Ji * I2) (i + i, j + vij))
(¢,9) kK

High order random field



Fixed filter response constancy (FFC)

prrc(Iafu, v, Io) oc || ] on((Je * 11)(5,5) — (Jk % L) (i + wij, j + vij)
(4,5) k

High order random field: Learn experts ¢: from
training data

Gaussian
oc=04

Vertical
derivative

Horizontal
derivative




Results |l

Ground truth

HS BA PW-BC | PW-FFC
Average 8.72 [.17 1.37 5.96
AAE
Rank 18.2 12.1 13.0 12.3

PW-FFC = Pairwise MRF + fixed filter response constancy




Learned filter response constancy (LFC)

What are appropriate filters?

PLFC (12 ‘ua Vv, Il) X

L1 ] Ion (T # 1), 5) — (Tho % L) (i + i, 5 + i)

(4,9) k

Can be viewed as a spatio-temporal field of
experts (Roth & Black 2005)




Data term: learned filters

AN bkl =N

12 Jll J12

EEE &aN LN

- J; and J,, look similar, though not enforced
to be same

— Unlike traditional filters




Results Il

BA PW-BC | PW-FFC | PW-LFC
Average [.17 1.37 5.96 5.47
AAE
Rank 12.1 13.0 12.3 11.0

Ground truth

~ B!

PW-LFC = Pairwise MRF + learned filter response constancy




Spatial smoothness

* Motion boundaries often correspond to image
edges

First frame of “Grove3” Ground truth flow

e Oriented smoothness of flow field (nagel & Enkeimann 1986)
Less smoothing to flow orthogonal to image edges

 How to formulate it statistically?



Bayesian formulation

p(u,v|l, Is) x p(Is|u, v, I )p(u, v)

p(u, v|Iy, Iz) o< p(I2u, v, Ii)p(u, v|I;)

Spatial term

Prior knowledge of
flow field, given first

_ Image W,




Steered models

Steerable random field (roth & Black 2007)

psrr(uly) oc [ [ ¢((05w)i;) - ¢((0%w)i;)
(2,7)

Smoothness expressed by steered derivatives

05 = cosf(Iy) -0, +sinf(I,)- 0,
0% = —sinf(Iy) -0, +cosH(Iy) - 0,




Steered derivatives




Steered models

Steerable random field (SRF)

psrr () oc | | 9((85w)ij) - (84 w)sj)
(2,5)
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Potential functions not necessarily the same as marginal (Zhu et al. 1997)



Results IV

PW-FFC | SRF-FFC | PW-LFC | SRF-LFC
Average 5.96 5.79 5.47 5.34
AAE
Rank 12.3 10.5 11.0 9.5

Ground truth

Hﬁ J“t ‘- ﬂ:

SRF = Steerable random field




Results IV

Near motion boundaries (P\W vs. SRF)

Model Average AAE




SRF-LFC Ground truth
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SRF-LFC Ground truth




Average Army Mequon Schefflera Wooden Grove Urban Yosemite Teddy
angle {Hidden texturs) (Hidden texturs) (Hidden texturs} (Hidden texturs) {Synthetic) {Synthetic) {Synthetic) (Stereo)
error avag. ST imd im1 ST imd im1 ST imd im1 ST imd im1 GT im0 im1 ST imd im1 ST imd im1 ST imd im1
rank| all disc untext | all disc untex | all disc untex | all disc untext| all disc untext | all disc untext| all disc untext | all disc  untext
F-TW-L1[18] 47 | 5447 1255 5693 46z 1508 4032 f48: 1635 3425 5086 2332 2815 3421 4341 3.031 4052 1511 3181 2438 392¢ 1875 3.902 9352 2611
Brox et al. [7] 55| 480s 1443 4297 4055 1354 3718 6634 16.04 7265 5227 2275 3227|4861 6095 340z 3.971 1795 341z 2073 3764 1182 51432 1195 4283
Fusion [9] 59 | 4434 1377 4085 2471 8911 2242 3701 9.681 31232 3.681 1982 2544 4267 516&4.3110 6.324 1682 6.158(4.5514 578 14 310 10|7.12 10 13.6 10 7.86 12
Dynamic MRF [10] 6.3 |4585 1244 4145 3253 1398 2273 6.022 16.88 2361 4394 2267 2513 3.612 4552 3462 6.81522214 6785 2415 23482 3.69 11|9.26 15 17.8 14 10.2 15
SegOF [13] 65| 5855 1358 3984 7405 14978.1312|85510 17.3% 9013|6501 181151411 3.90e 453248112 657721712 6813 1.651 3493 1.081 3711 9.231 3632
CBF [15] 653952 101+ 3443 3704 1062 3857 5642 1352 3.344) 3712 2155 1994 4365 5502 3554113+ 191590546791 73717 1161 5504 1184 5665
Second-order pricr[11]| 76 | 384+ 1122 311+ 3122 1283 217+ 686s 172: 283z 3843 2055 20924835583+ 3908140 2183828 (77476881177 674z 1342 580=
[EESRRIRGEIGMIINN] 7.6 | 423: 1173 3412| 4167 1535 3425|6785 16.97 3.83e[6.4110263 11 425546613 6.01+4 4.00z| 533 2075 5303 3005 4843 2015 20851502 527+
GraphCuts [17] TH| G253 143: 553|860+ 20112 G613 7981s 15421090 4885 190z 305s 378z 471 3947|874 1642 5394(4042 48704854 6357 122 B05:
SPSA-learn [16] 9.0 |6.84 10 16.7 10 6.74 12(8.47 10 19.4 11 7.49 10|12.511 23,111 13.112(8.4012258127.0812| 3.8¥5 4665 4108 5.324 188768910 2567 3855 1794|7291 1257747 w
2D-CLG[3] 10.1)10.1 16 22.6 17 7.59 12|9.84 14 16.9 10 11.1 15(16.9 15 28.2 16 18.8 1514116 31.1 15 13.1 16| 3.864 4624453 11| 598221210 5975 1.762 3.141 1462 6296 1293 5817
LP Registration [3] 101|736 11 168311 6.3010) 3.945 1385 3004 73371780 4437 554224510 357s 4515 49976.0515\10.6 14 21.6 11 9.76 15(4.54 12 5.48 12 3.9512({8.1512 17915 7.82 1
GroupFlow [12] 10.6|8.00 12 18.6 12 3.09 14|11.1 15 23.7 17 10.3 14(12.6 12 25.6 12 128 11| 5845 2034 439 10|4.6914 58112 3.675/9.2913 2244510118 2114 3997 229¢g 5755 1002 7393
Black & Anandan 2[2] |11.2|7.83 12 18.7 13 6.41 11|9.70 12 21.9 12 8.60 13|13.7 12 23.7 12 18.1 14|10.9 12 30.0 12 9.44 12(4.60 11 55510 5.06 14 7853 1764 6387 261z 444z 2157|858 1214311 854 12
Harn & Schunck [6] 12.9|8.01 1419915 8.3815|9.131223.2 18 7.71 11(14.2 14 25.9 14 14.6 13(12.4 14 30.6 14 11.3 14|4.64 12 5.64 11 460 12|8.21 10 244 15 8.45 12(4.01 11 54112 1.958(2.16 14 17.512 3.86 14
Black & Anandan [1] 14.3|9.32 15 19.4 14 10.018|13.5 16 22.5 14 14.3 18(17.2 16 27.4 15 18.9 15(14.0 15 32.0 15 12.9 15|5.89 18 6.74 15 8.03 18|8.9912 1795 8.77 13|3.10 10 4.88 11 3.96 13|13.215 18918 152 18
Pyramid LK [4] 17.2|13.917 20918 21.4 15|24.1 15 23.1 15 30.2 15(20.9 15 29.5 17 21.9 13(22.2 17 346 17 25.0 17|18.7 18 23.1 15 20.2 18|21.2 18 24 517 21.0 18(6.41 15 7.02 16 10.8 15(25.6 15 31.513 345 15
MediaPlayer™ [5] 17.5(18.3 15 30.8 18 15.0 17[17.7 17 29.2 18 17.4 17|19.9 17 32.7 15 21.6 17|26.3 15 45.9 15 25.9 18(7.33 17 7.33 17 10.0 17|19.0 17 31.4 16 19.1 17|12.7 16 18.7 15 17.2 18|17.4 17 22.9 17 20.7 17




Concluding remarks

e A unified statistical framework for optical flow

e Rigorous learned models from training data
— Steered model
— Filter response constancy
— Learning filters

— Each with improved accuracy

e Hand-tuning vs. learning
® Opt|m|zat|0n nOt a fOCUS (Xu et al. 2008, Trobin et al. 2008, Lempitsky et

al. 2008, Glocker et al. 2008)

e Still limited training data
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Average Army Mequon Schefflera Wooden Grove Urban Yosemite Teddy

angle (Hidden texture) (Hidden texture) (Hidden texture} (Hidden texture) (Synthetic) (Synthetic) (Synthetic) (Stereo)
error avg. GT im0 im1 GT im0 im1 GT im0 im1 GT im0 im1 GT im0 im1 GT im0 im1 GT im0 im1 GT im0 im1
rank| all disc untex | all disc untex | all disc untex | all disc untext | all disc untext| all disc untext | all disc untext | all disc untext
Spatially variant [21] 413732 10232 3332 3022 1104 2675 5362 1384 2351 3671 1934 1842 3815 4812 369z 4484 1602 3904 2114 3262 2122 466 9414 4357
TV-L1-improved [18] 50| 3361 9.631 2621 2822 1073 2232 6507 1587 27332 3.804 2132 1.761) 3.341 4382 2391| 597518110 5677(3.571249214 343 13| 4015 9845 3443
F-TV-L1[17] 6.6 (Bd4dw0 12525692546 1501 4031|7481 1639 342808023312 2812 3422 434+ 3032 4052 1511 3181 2437 3927 187s¢ 3904 9352 2611
JIF-Reqg [20] 71| 5095145342110 3987 14935 291 5634 1485 3643 488:245+3 2667|3.99w0522+ 3193 4253 176s 3.822(292w 4650 1453 3763 992s 3.30:z
DFOF [19] T6 [BE6311 1094 4162 408z 1215 3317 387z 8821 317e| 4345 16.21 31310 3952 4782417 13|6.6911 1522627 «w0|06217 680916607 2441 4831 3745
Fusion [8] 80| 443513710 4087 2471 8911 2243 3.701 968z 3125 3.682 198: 2545|4261 5161043114 6327 1685 6.153(45518 578 18 3.10 12|7.12 14 13.6 14 7.86 1
Brox et al. [7] 80| 480144124291 408z 1357 3719 6632 160720 1|5.22 11 22711 3221145862609+ 3404 3.971 179z 341z 2072 3765 118z 5147 119=2 4.28s
Dynamic MRF [9] 87| 4587 1247 4145 3255 1398 2274 602616810 2362 439722610 2515 3.613 4554 3465/6811222217678 12| 2416 348236914|9261217818102158
3
3

SeqOF [12] B8 (B85 1353 39867402 149381315 856513 173390165014 181251414 390z 4533481765670 21756813 .65+ 3494 108+ 371z 923z 3634
CBF [14] 923954 1012 3445 3705 106238510 5645 1352 3347 3712 2155 1993436125501 355611311912 9051679173720 1161 5508 118s 566%
Second-order prior [10]|10.3| 3843 1125 3112 3124 1298 2171|6960 1722 2834 3845 2057 20944832583 %w 39031403218 828 5774206887 117206742134 :25800
GraphCuts [16] 10.4|6.25 12 14.3 11 5.53 12(8.60 14 20.1 15 6.61 +2|7.81 12 1545 10.9 13| 488z 1903 3.055) 3784 4717394 0[8.745 1644 5305|404 15 487 12 485 18(6.35 11 12.2 10 6.05 12

_0.6 4235 11768 34714(416w0 15312 3422 678216911 383 1w0|64112 25314 42512(466w 6011740011 633220712 5305309114841 291708121501 527¢s
SPSA-learn [15] 12068414 16.7 14 6.74 15|8.47 12 19.4 14 7.49 12312514 23.1 14 13.115|8.4015 25,815 7.08 15| 3.877 46665 4.1012| 632718811 6.89 14| 2568 3856 1795729151251 7.47 14
2D-CLG[3] 128|101 2 22620 7.59%(9.84 1716912 11.112/16.92 28212 1881214119 311213112 386 4625456315 598212 597 1762 3141 1464|6290 12825811
GroupFlow [11] 135|8.0015 18.6158.09 117|111 12 23.7 20 10.3 17(12.6 15 25.6 16 12.8 14(5.84 12 2035 43913|46917 58115 3677|9297 2244210115 2114 399222910 5752 100773912
Black & Anandan 2 [2] |[14.1(7.82 15 18.7 15 6.41 14|9.70 5 21.9 18 8.60 15|13.7 16 23.7 15 18.1 17(10.8 15 30.0 15 9.44 15|4.60 14 55512506 15|7.8512 17666383 11| 2615 4445 2153858 w 14315854 %
Harn & Schunck [6] 16.0(8.01 17 19.918 8.38 18|9.13 15 23.2 19 7.¥1 14(14.2 17 25.9 17 14.6 18|12.4 17 30.6 17 11.3 17(4.64 15 5.64 14 4.60 18|8.21 14 24.4 15 8.45 16(4.01 14 54115 1.957|916 17 17.517 B.B6 17

Black & Anandan [1] 17.3
Pyramid LK [4] 20.2
MediaPlayer™™ [5] 205|18.
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