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Motion estimation :
matching of a pixel/block/region of a reference image torggimage

Residual 1p(V) = ltarge(P+ V)  lret(P)
Classically : Motion constant on a block
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Limits of classical methods

Motion v of a blockB estimated as follows :

= argminj n(r(v))
r(v)= frp(v)g; p2 B

n= #f Bg

Classical methods : Maximum Likelihood
Assumption on the distribution of the data

@ j =square function : Gaussian assumptiorSSD
@ j =absolute value function : Laplacian assumptiorSAD
@ More complex distribution j ?

In general, these assumptions are false

=) Estimation of the distribution of the residual using nongmaetric approach



Proposed approach
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Introduction Switch from : A o
Minimum v= argmvm./ n(r(v))
Entropy .
Estimation to:

Results U= argmvinyn(fr(V))

@ Error computed on the distributid) of the residual (v)
@ No assumption made on the distribution

Notation :fy = iy



Why using entropy ?

P, @ Entropy is a functional of the distribution of the residual
entropy @ EntropyH(fy) : a measure of the dispersion of the residuig
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N Entropy of a normal distribution as a function of its startideviation
esults

@ One can show that

-H(fy) H(fv), wherevis the true motion
@ andaroundv:

- H(fy) is convex and minimal at= v

- entropy of the residual coincides with maximum likelihdodally

@ Minimum entropy estimators converge uniformly to the tradue when the number
of samples tends towaréd

@ In practice : entropy of the residual is robust to the presesioutliers in the
samples
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Minimum entropy estimator (1/2) : Ahmad-Lin

We need to estimate entropy

z

H(f) =

First estimator Ahmad-Lin entropy estimator

1) EstimateH(fy) with Hn(fy) =

2) Estimate densitf, with Parzen estimator
sy, function of §, : notation Ahmad-Lig

fy(u) logfy(u)du

&L logh(ri(v)

fen(u)= L-30,K

sn chosen empirically equal t@ : notation Ahmad-Lig

Example :

K : standard normal distribution
sp function of §,




Ahmad-Lin entropy estimator : Parzen smoothing
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Different smoothings used to estimate a density frem1900points

Estimating the densitfy, can be avoided



Minimum entropy estimator (2/2) : KNN

Minimum Second estimatork-Nearest Neighbor approach
entropy
es“gi‘r’r:;’t?on - Suitable/preferable for estimatirdy(r(v)) for data of dimensionl > 1

Boltz etal - Without estimating the density

Introduction

Sla

n

Hicn(W) = = & logrk(v)+ Tng:

Minimum kn(V) 91 gri(v)+ Tnak
Entropy =

Estimation Oisques derayon k=2 pour KPRV, 42, 100 points ()

Results

Pick kNN for each sample

Repeat over all samples
Parameter : k

@ Weak conditions
@ Not critical



Comparison in textured areas

Minimum Images are split into 16x16 blocks, block-matching perfednwith a suboptimal search

entropy method : Diamond, in quarter pixel precision.
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Ahmad-Ling kNN
Textured area : close-up on camera motion estimation in th#ip in sequence Edberg
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Shape of the criteria on a given block

Ahmad-Ling

SAD

kNN
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Comparison in the presence of occlusion
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Ahmad-Ling kNN
Occlusions : close-up of sequence Erik
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Synthetic sequence
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motion Motion betweerl; and a target image :

estimation @ Flash: i1 := I 1+ 40 (ash(40)) :
Boltz etal . .

ol etd @ Snow: “salt and pepper” noise covering 10% of the frame;
Introduction @ Patches black patches scattered in the image ;
Minimum @ All previous alterationswvith ash(5)
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Synthetic sequence
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@ Comparison with ground truth (known synthetic motion)
It ETE @ Performance of the estimators
“E””:“““m @ Error on motion estimation : Mean and standard deviatiomaating for direction
ntro
ES“,n%OH and norm [Fleeet al]
Results
[ Color:YUV T Unaltered Flash Snow Patches All alterationf
SSD w_s 95 27.7 451 47.7 333 364 22.4 387 449 411
SAD w_s 8.9 282 57.1 42.9 14.4 39.0 13.7 33.0 26.9 33.7
Ahmad-Ling | w s 6.7 22.1 7.0 218 39.8 40.0 125 26.8 448 422
Ahmad-Ling | w s 583 2224 _ 6.23 2212 _ 7.98 27.46 _ 6.77 2413 __ 10.3 29.68
kNN w_s 44 210 5.0 21.0 5.6 22.2 45 211 9.7 285

Results when using the luminance only
@ Not as accurate
@ Similar conclusions
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Sequence “Football”

"Ae]mrr‘;:'; @ Comparison with motion estimated on unaltered sequence
T.O“‘if‘ @ Robustness of the estimators
estmation @ Error on motion estimation : Mean and standard deviatiomaating for direction
Boltz etal and norm [Fleeet al]
@ Fast motion and occlusions
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Criterion Meanw Standard deviatios
SSD 31.4 30.4
SAD 11.28 2291
Ahmad-Lin s 35.3 32.8
Ahmad-Lin 3 10.30 21.32
KNN 7.7 21.0

Similar conclusions when using the luminance only



Conclusion
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Boltz etal @ Results suggest that minimum-entropy estimators are amatfve for motion
estimation
Introducti . .
firoducton @ Minimum-entropy estimators are robust
Minimum .
i @ Outperform other methods on noisy/altered sequences
Estimation @ kNN was never considered for such problems
Results

@ Potential applications :

Compression of noisy/altered sequences

The entropy of the residual represents the number of bitsssacy for
its description

Video restoration using motion-compensated temporal shiog
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