\Y "ﬁiosoft” rch

Motion Estimation (I1)

Ce Liu
celiu@microsoft.com
Microsoft Research New England



Last time

A Motion perception 220

A Motion representation

A Parametric motion: o] Ff ff] [f‘ f’]
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A Dense optical flow: [ T E][:] i ¢
Horn-Schunck



Who are they?

Berthold K. P. Horn TakeoKanade
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Spatial regularity

A Horn-Schunckis a Gaussian Markov
random field (GMRF)
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A Spatial oversmoothness is caused by the
guadratic smoothness term

A Nevertheless, real optical flow fields are -

sparse!




Data term

A Horn-Schunckis a Gaussian Markov random field (GMRF)
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A Quadratic data term implies Gaussian white noise
A Nevertheless, the difference between two corresponded

plxels IS caused by

Noise (majority)
Occlusion
Compression error
Lighting change

8

A The error function needs to account for these factors



Noise model

A Explicitly model the noiseg
O ohn 0) “Oavy) ¢
A It can be a mixture of two Gaussianglier and outlier
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More components in the mixture

A Consider a Gaussian mixture model
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A Varying the decaying rate , we obtain a variety of potential

functions




Typical error functions
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Robust statistics

A Traditional L2 norm: only noise, no outlier
A Example: estimate the average of
T80 P8t 1o Pppdt ¢p$ 1. Bt P
A Estimate with minimum error
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L1 norm
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The family of robust power functions

A Can we directly use L1 norm (&) |dle
T Derivative is not continuous

A Alternative forms
i Llnorm:f (@) V& -
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Modification to HoraSchunck

Alet@ oo, andx (@ (0(@Qh(Dhp) be the flow vector
A Horn-Schunck(recall)
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A Robust estimation

(@@ x) @) | ™Mol | 0])wQw

A Robust estimation with LucasKanade
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A unifying framework

A The robust object function
IO x) ) | %ol |v)wQw

I LucasKanade| (@) o

I Robust LucasKanade| o (@) va -
i Horn-Schunck™Q ph (&) & M) «

A One can alsdearn the filters (other than gradients), and
robust function| ()t [Roth & Black 2005]
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Derivation strategies

A Euler-Lagrange
I Derive in continuous domain, discretize in the end
i . TTTETAAO 0%$%60
I Outer and inner fixed point iterations
I Limited to derivative filters; cannot generalize to arbitrary filters

A Energy minimization
I Discretize first and derive in matrix form
I Easy to understand and derive
I Iteratively reweighted least square (IRLS)

A Variational optimization
A Euler-Lagrange =Variational optimization = IRLS



lterativelyreweighted least square (IRLS)

A Let%{d) (& - ) be arobust function
A We want to minimize the objective function
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lteratively reweighted least square (IRLS)

A Derivative:— Af) A0 Afw T

A Iterate betweenreweighting and least square

1. Initialize w
2. Compute weight matrixf AEG&AL ©)
3. Solve the linear systemA | A0 A @

4. If wconverges, return; otherwise, go t@

A Convergence is guaranteed (local minima)



IRLS for robust optical flow

A Obijective function
IO x) ) | %ol |v)wQw

A Discretize, linearize and increment
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A IRLS (initialize’ Q6 QU 1)
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I Least square:

T N B



2 K} G Qa OKFy3S&
A Optical flow with robust function
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Flow visualization

Coarseto-fine LK with median filtering
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Video stabilization
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Video denoising




Video super resolution

Low-Res




Content

A Robust optical flow estimation
A Applications

A Feature matching

A Discrete optical flow

A Layer motion analysis

A Contour motion analysis

A Obtaining motion ground truth



Block matching

A Both Horn-Schunckand LucasKanadeare sub-pixel
accuracy algorithms

A But in practice we may not need suipixel accuracy
A MPEGp ¢ p ¢plock matching using MMSE

A H264: variable block size and quarteipixel precision



Tracking reliable features

A ldea: no need to work on ambiguous region pixels (flat
regions & line structures)

A Instead, we can track features and then propagate the
tracking to ambiguous pixels

A Good features to track [Shi &omashi94

A Block matching + Lucag<anaderefinement




Feature detection & tracking



