Optical Flow Estimation with Uncertainties through Dynamic MRFs
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Flow Estimation through MRFs

Brightness Constancy Assumption
I(x, f) = I(x+ D(x), f +1)

Flow Estimation as Energy Minimization Problem

BE(D)= [ [I(x.f) —I(x+D(x),f+ )|+ ¢(VD(x)) dx
AR
p(x)  (DataTerm) (SmoothnessTerm)

o=

1. Dimensionality Reduction

Transformation Model based on Linear Combination of Control Points
D(x) = Xpean(lx =) C(P)

Reformulation of Energy Terms [1]
Egata(D) = ﬁ ZPGG fg i(lx — p\)p(x)dx 1 '_ vl |

Emoon (D) = &7 Lpec Jo (1% = pI) (10.D(x)| + 10, D(x)|) dx

Back-Projection Function
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Pixel-wise Measures

Experiments

Matching Criteria combining Photometrical and Geometrical Features

Sqla-a)(b-b)
Sola-a)? Sq(b-5)°

pecrare = (1 —7) (1 -

Evaluation on Opical Flow Data Base [4]
 Training Data with Ground Truth for Parameter Setting
i ¢ Evaluation Data with Remote Error Computation
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Statistical Measures

2. Discrete MRF Formulation

Discrete Set of Labels and Quantized Version of Displacement Space
L={..,1"} 6 ={d!,..,d"}
Energy of Discrete Labeling as Sum of Unary and Pairwise Potential Functions
Evre(l) =X pee Vollo) + Xpee Zaen(p) Voallp: la)
Definition of Potential Functions
Volp) = [o 7(lx—pl) p(x)dx

Fast Approximation Scheme

Optimization through Fast-PD Algorithm [2]

Voallp:lq) = A[(C(p) +d'®) — (C(q) +d's)|
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Average Angular Error

all disc untext| all disc untext] all disc untext| all disc untext] all disc untext| all disc untext| all disc untext| all disc untext]
Dynamic MRF 395 463 465|767 191 7.20| 3.63 529 462 | 832 178 38.16
LP-Registration 736 16.8 6.30| 3.94 0 . 443 | 554 245 357|424 456 563 | 105 214 957|454 548 395|815 179 7.82
Black & Anandan 2 7.83 187 641|970 219 860 13.7 23.7 181 | 109 30.0 9.44 4.94 444 215 143 8.54
2D-CLG 10.1 226 7591984 169 111|169 282 188 141 311 13.1
Horn & Schunck 8.01 199 838|913 232 771|142 259 146 124 306 113 | 444 527 459|825 258 877|401 541 195|9.16 175 8.86
Black & Anandan 893 185 999|129 224 133|158 259 183 | 13.2 31.8 120|569 635 7.77| 937 188 9.02] 3.10 4838 39| 134 183 151
Pyramid LK 139 209 214|241 231 302|209 295 219|222 346 250|187 229 199|219 262 235|641 7.02 10.8| 25.6 31.5 345
MediaPlayerTM 183 308 150 17.7 29.2 174|199 327 216 263 459 259\ 7.23 695 10.2| 194 329 193 127 187 17.2| 174 229 20.7
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