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Introduction

e Optical flow: motion of image pixels
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Introduction
Middlebury benchmark (Bakeretal.) 2007 Oct.

Optical flow evaluation results Choose error measures: Average SD BR1.0 R3.0 B5.0 AS0 A75 A95
Average Dimetrodon Seashell Rock Grove Yosemite Venus Moebius

angleerror oy | &R0 im1 ol o ime am ol mo mt arimo am ar 8”im ar 8”im
rank | all  disc unmtext| all disc untext| all disc untext| all disc untext| all  disc untext| all disc untext | all disc uniext
Bruhn et al. 16 | 10992 941, 142232111.09: 19.48: 1621z | 6.141 17411 12862 6321 12411 10.98: | 1.69: 2861 1.05: | B.73: 31462 B.152 | 5.85:1 10.12: 8.80=2
Black and Anandan | 21 | 9.6+ 101712 1208111205 19833 17012 | 7672 18442 16804 7892 13552 13964 265 4182 188: | 7641 3013+ 731 | 7.052 10.021 841+
Pyramid LK 2.8 |1027: 971z 1363z 9.46: 18.62: 12.07: | 6532 18432 10951 B.14s 15.08a 1278=2| 522: 6642 429 |14.614 36164 24675 | 12985 1385+ 20615
MediaPlayer™™ 41 | 15.82+ 26424 16964 23184 27715 21784 | 9444 22354 15.032 10.994 18155 13.642 11.094 17.164 10665 15.48s 43565 15094 | D984 15045 9472
Zitnick et al. 4.2 [3010s 3427: 31586 2007 2755+ 21784 | 12385 23.93s 17595 | 12555 15564 17.39s5| 1850 2800 94714 11,422 31462 11.122 | 9,882 12832 11284




Middlebury benchmark (Bakeretal.) 2009 Dec.

Introduction

Pyramid LK [2]
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Optical flow evaluation results  Statistics: Average SD R0OS R10 R20 AS0 A7S A93
Error type: endpoint angle interpolation normalized interpolation
Average Army Mequon Schefflera Wooden Grove Urban Yosemite Teddy
endpoint (Hidden texture) [Hidden texture) (Hidden texture) (Hidden texture) [Synthetic) (Synthetic) [Synthetic) (Stereo)
error avg., GT imD) iml GT imQ imi GT imd imi GT md imi GT imQ imi GT imd imi GT jmd imi GT m( imi

rank| all disc untext) all extl gl disc untexi| al disc uniext| sl disc untexi| gl disc untext| al disc unfext| sl disc untexi
Adaptive [20] 44|0091 0.261 0061|0235 0.78¢ p 0213|0481 0913 0.101) 0885 1.253 0.735]| 0503 1.2835 0.31:|014w0016120.22 0| 0653 1.373 0.79¢
Complementary OF [21]] 5.7 | 0115 0.283 0.10s| 0.48+ 0.63 A1 0192 0975 0.123]|0.87w 1.316 1001|1782 1.737 0.87 | 011+« 0122 0.22 10| 068+« 1.48: 0958
Aniso. Huber-L1 [22] | 5.8 | 0.103 0.283 0.083|0.31 1 0.88 2912| 0.20¢ 0924 0135|0842 1202 0.702] 0391 1.231 0.281|0.1715 0.15% 0.27 16| 0642 1.362 0.79+
DPOF [18] 6.1 |0.13120.3512 0.09:) 0.25¢ 0.79s {0 0213|0192 0621 0.1511| 0,74+ 1.091 0.491| 0667 1.801w 0.6358]|0.19170.1710.3520| 0.501 1.081 0.551
TV-L1-improved [17] | 7.2 | 0.081 0.261 0.072| 0202 0.713 0162|0537 1.18% 0225|0217 1241 0.112] 0.80¢ 1.316 0.722[1.51141.93 11 0.84 1|0 186 017 12 0.31 17| 0.735 1.62% 0.877
CBF [12] 7.8]0103 0.283 0.09:|0.34+2 0.80¢& 0.3713) 0,435 0955 0.268| 0217 1148 0135|090 1.27« 0827|0412 1.231 0302|0232 019200391 0.76% 1.56¢ 1.02s
Brox et al. [5] B84 |011s 0.328 01112/ 0275 093w 0.22%| 0.394 0944 0.247| 0.24% 12542 0.135|1.10131.39121.43 17| 0.B9s 1.778 0557|0102 0.134 011109141 1.83121.13 12
Rannacher [23] B5|011s 0.31s 0094|025« 0Bd7 0218|057 121.2715 0.2628| 0249 13212 0135|0917 1332 0722314913195 0.782|0.1512 0.147 0.2612| 0.689¢ 158z 0.86¢
F-TW-L1 [15] 8.8 |0.14130.35120.14 15| 0.34 12 0.98 12 0.26 11| 0.59 14 1.1910 0.268|0.27 131,365 0.16 12| 0.90« 1.30% 0.76e¢|0.54+« 1628 0.364+| 0135 0.155 0.20a| 068« 1.56¢ 0662
Second-order prior [8] | 9.0 | 0115 0.31s 0.09¢)| 0265 093w 0.207|0.57121.254 0.265| 0.20+« 1.04¢ 0123|0945 1.34% 0.835|0.615 1.9311 0.47¢|0.201580.16 12 0.34 13| 0.77 1o 1.64 10 1.07 10
Fusion [6] 94|01150.341 0109|0192 0692 0162) 0292 0662 023&|0.20¢ 11910 0.149|1.07 11 1.42131.2213]1.3510 1.49% 0.8613]0.20 15 0.2021 0.26 13 1.07 12 2.07 6 1.3918
Dynamic MRF [7] 11.1]0.12 11 0.34100.1112| 0.22¢ 089% 0.162| 0.44¢5 1137 0.202| 0.249 1.2913 0149|1111 1527 1.1312)1.5415 2372009315} 0.13¢ 0122 0. M1 17|1.2T 82332016617
SegOF [10] 11.7|0.1514 0.36 14 0.102|0.57 15 1.16 15 0.59 10| 0.68 15 1.24 12 0.64 14| 0.32 15 0.862 0.2615|1.1817 1.50 6 1.47 15]1.63 15 2.09 14 0.96 16| 0.081 013+ 0.122| 0.707 1505 0693
Learning Flow [11] [13.3] 0.115 0.323 0.09¢|0.29% 09913023 10] 0.555 1.24120.2912|0.36 16 1.5617 0.251¢|1.2515 16421 1.41 ]1.5517 23218 0.8512|0.14100.18150.24 12|/ 1.0915 2.0915 1 27 13
Fitter Flow [19] 143|017 1603916 0.13 12| 04312 10914 0.3814|0. 7516 1.34 16 0.78 19| 0. 7019 154 16 0681211316 1.3811 151 10| 0575 1324 0445|02220023 230261309612 1661111211
GraphCuts [14] 14.5{0.16 15 0.38 15 0.14 15| 0.59 12 1.36 19 0.46 15| 0.56 10 1.07¢ 0.6414)0.2612 1.145 0.17 13| 0.96¢ 13510 0.84 10]22523 1.790 1222102220017 10 0.432|1.22 1720515 1.78 19
Black & Anandan [4] |15.0/0.18 17 0.42 17 0.19 18] 0.58 17 1.31 17 0.50 4] 0.9519 1.58 15 0.70 16| 0.49 17 1.5915 0.45 17| 1.08 12 1.4213 122 13| 1.4311 2.28 17 0.83 10| 0.1512 017 1¢ 0.176|1.11 16 19814 1.30 14
SPSA-learn [13] 15.7|0.18 17 04518017 47| 0.57 12 1.32150.51 17| 0.84 17 15017 0.7217|0.52 15 164 12 0.4918)1.12 15 1 4213 1.3915|1.7510 2 1415 1.06 20/ 0.135 0.13¢ 0197|1321 2081717313
GmuEFbw |§| E 0.21 1905119021 19|D_?921 16921 07221108613 16419 ﬂ_?41ﬁﬂ.3l}u. 1077 0.2615|129221_8122 0827119421 23045136221 011+ 0147 0.197]106131 961313515
2D-CLG [1] 17.4|0.2821 06222021 12|0.67201.21 4w 0.7020]1.12211.8021 0992|107 2220621 1.1222|1.23181.5217 162 22|1.5415 21516 0.96 16| 0.102 0111 016+ |1.38202 2612 1.832
Homn & Schunck (3] [18.6]0.2220 0.5520 0,22 21 0.61 15 1.53 20 0.52 13] 1.0120 17320 0.80 20| 0.7820 2,0220 0.7 20] 1.26.23 1,58 13 1.55.20] 1.43 11 2.5922 1,00 13]0.16 1 0.18 12 0.153 ] 1.5121 2.5021 1.8821
THDOFE [24] 19.6|0.3823 06423047 23|11621.7221 262|139 52060 1.1725|1.295 2216141 5|1 27016120157 | 1.289 25721 1.01 19| 0,136 0159 016|187 227122532
FOLKI[16] 226|0.29220.732¢0.33221.52 25 1.962¢ 1.8023|1.2322 2.0423 0.9521|0.9921 22022 1.0821|1.53 5 1.855 207 235|214 2 3.23 24 1.602:|0.26 23 0.21 2 0.68 3| 267 =5 32T 5432

3802450820488




Introduction

e Papers differ in
— ODbjective function
— Optimization method
— Implementation detalls

e \What makes optical flow accurate?

e Approach: start from classical formulation



Evaluation

e Classical formulation (Hom & schunck 1981, Black &

Anadan 1996 )
Euw,v)=E,(u,v)+AE (u,V)



Evaluation

e Classical formulation (Hom & Schunck 1981, Black &

Anadan 1996 )
Eu,v)=E,(u,v)+AE (u,V)

e Data term: constancy of image property
E,(u,v) = ZIOD([I(iDj)_]Z(i_l_ui,j?j_l_vi,j))
i,j

A+ u; ;5 j+v, ;)

(i, )) (i, )

First image Second image




Evaluation

e Classical formulation (Horn & Schunck 1981, Black &

Anadan 1996 )
Eu,v)=E,(u,v)+AE (u, V)

e Spatial term: smoothness (pairwise MRF)

Eg (u) = Z Ps (ui,j — ui+1,j) + Og (uz’,j — ui,j+1)
i,]

(Z,)) (Z,))

First image Second image




Evaluation

e Modern implementation

— Preprocessing: Rudin-Osher-Fatemi (ROF) structure
texture decomposition

— Standard incremental multi-resolution technique, 10
warping steps per level

— Graduate non-convexity (GNC) for non-quadratic penalty
— Bicubic interpolation to warp image and its derivatives

— 5-point image derivative filter

— Temporal averaging of image derivatives

— 5X5 median filtering of intermediate flow field per
warping step



Training set (saker et al. 2007)
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Evaluation

Eg (u,v) = Zps (ui,j _ui+1,j) + O (ui,j _ui,j+l)
L,j

E,(u,v) = ZPD(]1(iaj)_[2(i+ui,jaj+vi,j))
i,j

Training HS Classic-L Classic-C
(Quadratic) (Lorentzian) (Charbonnier)

\ . // .
// 15 \
\\ // \\\
/ / 10 AN /
/ \ / \\\
// / \
2
X
p(x)=x* p(x)=log(+ ) p(x)=+/x"+¢&°

207



Evaluation

Training HS Classic-L Classic-C
(Quadratic) (Lorentzian) (Charbonnier)
Avg. EPE 0.384 0.319 0.298

End-point error EPE = \/|| u—u_, > +|v-v. |



Evaluation

Training HS Classic-L Classic-C
(Quadratic) (Lorentzian) (Charbonnier)
Avg. EPE 0.384 0.319 0.298
Significant” 1 1 -
p-value* 0.0078 0.0078 -

*Wilcoxon signed rank test: p-value < 0.05 leads to rejection (significant=1)
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Evaluation

Test Classic-C Adaptive®™ Complement
ary OF*
Avg. EPE 0.408 0.401 0.485
Rank 14.9 11.5 10.1

* Two top published methods (Dec. 2009.)

e \WWhat is important?

e Approach: change one property of baseline
(Classic-C) at a time, compare avg. EPE,
and test statistical significance



Baseline

Preprocessing

Interpolation
and image
derivatives

Coarse-to-fine
estimation and
GNC

Penalty function

Median filtering

Best practices

Evaluation

Middlebury training set

Classic-C

Avg. EPE signif. p-value
0.298 - -
Brightness constancy 0.288 0 0.2969
Gradient constancy 0.305 0 0.4609
Bilinear interpolation 0.302 0 0.1016
Central difference filter 0.300 0 0.7266
7-point derivative filter 0.302 0 0.3125
Spline-based bicubic interpolation 0.290 1 0.0391©
MNo temporal average of derivatives 0.306 0 0.1562
Downsampling factor 0.5 0.298 0 1.0000
3 warping steps per level 0.304 0 0.9688
Mo graduated non-convexity (GNC ) 0.354 0 0.1094
Generalized Charbonnier-0.45 0.292 1 0.0156 ©
Generalized Charbonnier-0.25 0.298 0 1.0000
Median filter size 3 X 3 0.305 0 0.1016
Median filter size 7 X 7 0.305 0 0.5625
Median filtering twice 0.300 0 1.0000
No median filtering 0.352 1 0.0078 @
0.285 1 0.0078 ©

Classic++




Evaluation

Ey(u,v) =D pp(1,(, )= L(i+u, ;, j+v, )

/ \

. k . k
12(z+ul.,j +a’ul.’j,] +v; +dvl.,j)

e Coarse-to-fine, warping-based estimation for
nOnlinear data term (Bergen et al. 1992, Brox et al. 2004)

— Median filter flow field per warping (wedei et al. 2008)

I
+

) 1

(!, ) (u¥, vb) (du, dv)



Evaluation

Median filtering improves results significantly

Training Classic-C w/o MF
Avg. EPE 0.298 0.352
Significance - 1
p-value - 0.0078
)

EPE 0.093 EPE 0.113



e Summary

Evaluation

— Classical formulation competitive with modern
implementation (8™ out of ~40, June 2010)

Average Army Mequon Schefflera Wooden Grove Urban Yosemite Teddy
endpoint {Hiddan texturs) {Hiddan texturs) (Hidden textures) (Hidden texturs) (Synthatic) (Synthatic) (Synthatic) {Staran)
ermor avg, GT im0 iml GT im0 jm1 GT im0 im1 GT im0 im1 GT im0 jm1 GT im0 jm1 GT im0 im1 GT im0 jm1
|rank| al disc untest| all disc untest| al disc untest| al disc untext| al disc untext| all disc untext| all disc untext| all  disc untext
Classic+NL[38] | 5.8)0.081 0231 00720228 0745 01810 0.297 0657 0.197|0.151 0732 0091|0641 0931 0471|0525 1.123 0.336|0.1621 0.136 0.2927 0491 0981 0.745
MDP-Flow [30] 640092 0252 0.085|0.192 0542 01810 0241 0552 0.208|0.164 091a 0091|0742 1062 0615|0465 1022 0358|0127 0.14 11 0.177|0.7817 1.68 20 0.97 17
NL-TV-NCG [28] | 7.4|0.107 0266 0.085|0.224 0.72s 0.152|0.35% 0.856 0.161|0.151 0.702 0.091|0.795 1.167 0.512|0.7617 1385 0.48 14/0.1621 0.15150.26 18| 0.553 1.163 0551
Layer+dense [37] | 8.1 0.092 0.28 12 0.085| 0220 0746 0.1913 0252 0584 0.21 11| 0.176 0.92 10 0.091|0.876 1.176 0.9421| 0351 0951 0.314|0.1621 0.136 02625 0.553 1.174 0.794
Complementary OF [24]| 9.1 ) 0107 0266 0.091 D.206 0708 0142|0355 0852 0161|0192 10514 0.107) 0875 12510 0.71e|1.4626 1611207322 0116 0124 0.21 1:4@5 137a 080
Adaptive [23] 102{0.092 0266 0.061|0.23130.78120.1810{0.54201.1922 021 11| 0.187 0918 0.107|0.8812125100.73 12 0.508 1286 0.314]0.14120.1621 0.22 15 0.658 1378 0.796)
i dow [36] (11.50.107 024z 00910 0.192 0993 0.153| 0275 0645 0.174]0.187 0.825 0.11 11| 0.742 1075 0.964(1.78351.73 150.9520/0.22330.16 21 0.49 26/ 0.70 11 1.285 0.86 13|
= Classic++ [39] 132 0092 0253 0.072|02313078120.191304312 10012022 1402012 1.1117 0.107| 0875 13013 0.666| 0476 16215 0.336|0.17 25 0.14 11 0.32 1 0.79 15 1.64 17 0.92 15|

— Median filtering intermediate flow field is key

— Any principle behind?



Principles

Effect of median filtering
— Free from outliers and increased accuracy

,.'
Classic-C (EPE 0.093) Without median filtering (EPE 0.113)

— But Higher energy!

502,384 449,290



Principles

e What is being minimized?



Principles

e \What is being minimized?

EA(U,V,ﬁa‘A’) — z{pD(]l(iaj)_]2(i+ui,jsj+vi,j))
i,J

+ Al oy (ui,j — ui+1,j) + Og (ui,j — ui,j+1) +
Ps (Vi,j — vi+1,j) + O (Vi,j — Vi i+l )1}

+ A4 (=" + [ v=V|)

+Z zﬂﬂﬂ uAi,j _ﬁi',j' | +| ‘,}i,j _‘/}i',j' )

iaj (ivaj')ENi,j

Non-local term to integrate information over large
neighborhood (Buades et al. 2005, Gilboa et al. 2008, Li&Osher 2009)




Principles

Alternating optimization

EA(u,V,ﬁ,‘AI) — z{pb(ll(iaj)_]2(i+ui,jaj+vi,j))
L, j

+ Al oy (ui,j = ui+1,j) + POs (ui,j = ui,j+1) +
Ps (Vi,j - Vi+1,j) + O (Vi,j oV )1}

+ A ([u=a | + [ v=V[)

+Z 22'3“ uAi,j _uAi',j' |+|{>i,j _‘;i',j' |)

i,j (i',\J)EN; ;



Principles

e Results of Alternating optimization

Classic-C Classic-C-A
Avg. EPE 0.298 0.296
Significant - 0
p-value - 0.7188




Principles

e Summary

— Formalize median filtering as approximately
optimizing a different objective with a non-local
term

— Can we use such insight to improve flow
estimation techniques further?



Improved model

e Non local term

Z Z(|ﬁi,j_u,\i',j'|+|‘,}i,j_‘;i',j' D .
iaj (ivaj')ENi,j




Improved model

e Non local term

Z Z(| uAi,j _uAi',j' |+ | "}i,j _‘;i',j'

i,j (i',jheN;

e Destroy fine structures: different from majority

O

Classic++ First image



Improved model

e Approach: weight neighbors adaptive
Z Z: 1]1] Z’tAi',j'|_|_|"}i,j_{>i',j'

i,j (i',\jHeN;




Improved model

e Approach: weight neighbors adaptively
D 2 WUy, =, 1419, =, )

i,j (i' ])eN

e According to spatial distance, color
difference, and occlusion state (ren 2008, sand etal.
2008, Xiao et al. 2006, Yoon et al. 2006)

Wi,j,i',j‘

oc exps — (- +(G—Jj) _GH-IE NI | oG, ")
207 203 o(i, )



Improved model




Improved model

Avg EPE | Classic+t+  Classic+NL Adaptive*

Training 0.285 0.221 0.264
Test 0.406 0.319 0.401

* Wedel et al. 2009, the previous state of the art (2009 Dec.)

Classic++ Classic+NL First image



Improved model
e Middlebury public table (June 2010)

Bverage Army Mequeon Schefflera Weooden Grove Urban Yosemite Teddy
endpaoint [Hikdden tedurs) [Hiladen teduns) [Hikdden tedure) [Hikaden tedune) [Syrinetic) [Symimetic) [Smnetic) [5aerea)
error avg.| GT imd im1 GI imd imi GT imD im1 GI imd imi GT imd imt GI imd imi GT imd imt GT imd imi
rank| all disc wuntext| all disc wntext| all disc wntext| all  disc untext| all  disc untext| all  disc untext| all disc wntext| all  disc untext
Classic+ML [31 53 0081 0234 0.072(0.22= 074z 0.1840| 0285 0.655 0.197 | 0151 0.733z 0094 |0.644 0931 0474|052 1.122 0.335 (01622 0.13+ 0.2925(0.491 0.9841 0.T4s

gl

MDP-Flow [28] 8.0 | 0253 0085|019z 05341 018100241 0.552 0.20: | 016+ 091 0.091(0.74z 1.06z 061 (0485 1024 0357|0125 0. 1410 0175 (0.TE 17 1.68190.57 15
NL-TW-NCC [25] 700105 0.26s 0.08s(0.22: 0725 0.153|0.359 085z 0164|0151 070z 0094 |0.79s 1.18s 0.513 (07844 1.387 0. 4812(0. 16220155026 20( 0.553 1.163 0351
Complementany OF [21]| 8.4 |0.10s 0.285 0.09:|0.215 0.737 0153|034 085z 01641 (0.19: 10643 0.10s | 0.8T5 1.25: 0.7210(1. 4624 1.62110.7T3 20| 0114 0122 0.21 14| 0804+ 1.377 0.8D=
Adaptive [20] 93009z 0.75s 0.0641 (0.2311 0.T82 0. 1810|054 47 1.19190.21 10| 0. 185 0591 0105 |0.8841 1.252 0.73 13| 0.507 1.28s 0.3 1401621 0.2245| 0852 1.377 0.7T9s

1
IEE |§|

Adspt-Window [34] |10.4(0.90s 0242 0.05:|0.1592 0592 0153|0273 0643 0174|018 0825 0.112(0.Td2 1.073 0564 (1782 1.73150.95 27 A 01621 045 34|0.70 11 1.284 D.BB 13

=]
=3

ComplOF-FED-GPU [38](10.9(0.11 41 0.25120.1017|0.21s 0.78s 0142|0327 0.797 017+ (0.19: 0.9941 0.112 (0. 89121.25120.73 13(1.25 12 1.74 1 0.84 1?%14 013+ 0.3 25| 0.845 1.5010 0.833
CPOF [18) 11,3013 220.3520 0.09= [0.25130.79420.19 13| 0241 0491 0.21 10/ 0.19= 0621 0.1513| 0742 1.09+ 0492 |0.686121.80150.63 5[0 1922 017 250.3531(0.80 2 1.08=2 03514
Classic++ [32] 11.3)0.082 0.253 0.072(0.2311 0.789 0.1913(0.43 41 1.00130.22 12(/0.20 41 1.1145 0.105 | 0872 1.3043 0887 | 047 s 16241 0.335 (01T 250.14 100.32 23(0.79 12 1.84 15 0.92 15
ACK-Prior [2T] 114101141 0.253 0.09: (0181 059z 0134|0273 0843 0164 | 0451 078+ 0094|0825 1,145 0719|1903 1. 9020059 :0(0.23 34 017 250,49 3s(0.77 15 1.44 3 0.91 14
Aniso, Huber-L1 [22] 1160105 0.2840 0.085 (0.31 200,88 15 0. 28 22|0.58 19 1.13 16 0.29 21(/0.20 11 0.52 10 0.13 13| 0847 1.207 0.70: | 03941 1.233 0. 2841 (01T 250155027 24 0.845 1,365 0.T9s
TriangleFlow [30] 1311011 410.2942 0.09 = [0.28 15 0.95 20 0172 |0.4T 45 1.07 14 0185 | 016+ 0877 0,094 |1.07T 2014725110 21|/0.8T 45 1.29: Q.57 14(015 120192023 47( 0.83 5 1.335 0.B4 10
Tv-Li-improved [17] [14.2|0.09z 0.25s 0.07z(0.20s 0715 0166 |0.53 45 1. 1812 0. 2242021 45124 20 0.119|0.90431.31 450.72 10|1.51 25 1.93 21 0. 84 23018 27 01T 250,31 =7 [0.73 13 1.82 15 0.BT 12
CHF [12] 14.7(0.10s 0.28 10 0.05 = (0.34 220 8012 0.37 23|0.43 11 0.95 11 0.26 15/0.21 15 1.14 45 0. 1313|080 13 1.27 11 0.82 +s( 0412 1.233 0.302 [0.23 34 0. 19 320,39 32|10.78 14 1.56 12 1.02 17
Broux et al. [5] 1581011 110.32460.11 21[0.27T 12 0.93 12 0.22 12(0.39 100.94 10 0.24 15(0.24 47125 21 0,13 13)1.1024 1. 3921 1 43 290|088 15 1. 77 170.5513( 0.102 013+ 0111 (091 2018321113 22
Rannacher [23] 16.110.11 41 0.31 14 0.09 = [0.25 130,84 150.21 15|0.57 21 1. 27 250.26 15/0.24 47132 24 0.1313)/0.91 16 1.33 46 0.72 10|1.4925 1. 95 22 0. T8 21(0.15 12 0. 14 10 0.5 20(0.69 10 1.58 14 0.86 11
F-TW-L1 [15] 16.2|0.14230.35200. 14 25(0.34 22 0. 98 21 0.26 21|0.59 24 1.19190.26 15(0.27 22 1. 36 25 0. 16 20/0.90 13 1.30130.78 15| 0.54 9 1.62 41 0.38= (013 100.15150.20 11| 0.88 9 1.5512 0.663
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AFTV-NDC [37]  [21.3])
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|



Conclusions

Classical formulations competitive with modern
practices

Median filtering is key to accuracy, but increases
energy

Formalize median filtering as non-local term that
integrates information over large spatial neighborhood

Weighting neighbors adaptively preserves motion
details

MATLAB code: http://www.cs.brown.edu/~dqgsun/
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