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ABSTRACT

Bayesianmotion estimationrequirestwo pdf models: ob-

senation modelandmotion field (prior) model. The opti-

mizationprocesdor this methodusessequentiabpproach,
e.g. simulatedannealing. This paperproposesadaptve

blocksizeobsenation model and multiscaleregularization
for the prior modelandthe optimizationprocess.The pur-

posesareto increasethe speedandto improve the result.

Theproposedramework caninitialize thebayesiaimethod.
Theresultin thispapershovsoneof thepossibilityof its us-

age.Many stratgjiescanbederivedfrom this framework to

work for itself or to supportthe Markov randomfield mod-

eling for motionestimation.

1. INTRODUCTION

This paperintroducesa strat@y to solve motionestimation
problems,suchas occlusionand apertureproblems. The
stratgyy involvesthe distinctionof type of processes/stages
in estimatioralgorithm,a sensingstageandaregularization
stage.ln bayesiarmethod,sensingstageis calledobsena-
tion or likelihoodmodelandtheregularizingstageis called
prior model. The designer®f suchsystemin Fig. 1 canput
ary typesof sensingalgorithmandary typesof regulariza-
tion algorithmto satisfytheir objectity.

Adaptive blocksizeobsenation model[1], asa sensing
stage,analyseghe unique matchfrom a pixel or a block
of pixels of a frameto the subsequenc&ame. Then,the
resultis regularizedby anefficientmultiscaleregularization
framework [2].

The purposeof the above stratgy areto increasethe
speedof optimizationprocesse$3] andto achieve a more
globalresult[4] thansequentiabptimizationprocessesThe
resultof thisapproactcanbefollowedby Bayesiarmethod
[5] if the processs foundto be useful.

Theregularizationstageis ableto receve severaltypes
of informationthatareproducedby sensingalgorithm.The
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informationsare motion field, the measuremengrror and
covariancematrix.

Anotherusefulinformationis “no measurement”The
experimentfor this type of informationis givenin the last
section.

2. ADAPTIVE MATCHING ALGORITHM

A suitableinitialization motionfield canreducethecompu-
tationalcostneededy thestochastiprocessn MRF based
motion estimation. Theinitialization procesds commonly
basedon the intensity assumptionknown as the implicit
constraint.An objective in this modelis to addtheimplicit
constraintinto the obsenation model. This modelyields a
motionvectorthathasbeentestedastheonly bestcandidate
for agivenpoint. Equationl is theobserationmodelonthe
left term anda block modelon the right term. Both mod-
els canhave a minimum enegy value accordingto d, the
displacemenvectorandh, the block size. A areweighting
functions,g is theimage, is line field.

Ifilihn {MUg(geld, 1, hyge—1) + AnUn(hlge—1)} (1)

Equation2 is thefunctionsof the model.



Fig. 3. The result of the adaptve blocksize obsenation
model
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where h denotesthe order of MRF neighborhoodsystem
ando? denoteshe varianceof pixel intensitiesandz is a
pixel site. The auxiliary variablefor “indiscriminate tex-
ture” variableis

0 +1; Ug(g/§|(/i\(i,j,k)7lahagtfl)_
Ug (gt|d(i,j,k—1)7l7 hagtfl) =0 (3)

; else

O =

This adaptve obsenation modelis usedfor local mo-
tion estimation. The algorithmin this paperhasa purpose
to exploit the implicit informationon the beginning of op-
timization process.The matchingbasedmotion estimation
is namedmplicit approachThe process continuedby the
regularizationtechniqgue(MRF based). In this technique,
theexplicit information,astheprior knowledge s exploited
to minimize the matchingerror on only onemotion vector
Thereforetheapertureproblemis solvedandthe occlusion
locationscanbe detected Fig. 3 shavs the motionvectors
andFig. 4 shavstheline field. Fromthosefigures,several
sitesin the middle of objectthat hasdifferentmotionvec-
tors canbeidentified. Fig. 5 is motion vectorsresultfrom
a shifted block of a part of calendaitrain sequence.This
figure shaws the resultthat cannotbe achieved by a fixed
blocksize[3].

3. MULTISCALE SMOOTHING ALGORITHM[6]

Themotionfields on the finestresolutioncanbe smoothed
with this multiscalesmoothing. For block matching,the
finestresolutionis not motion-vector/pixel but motion-vec-
tor/block. The motion-vector/blockresolutioncanbe pro-
cessedyy this algorithm. Remembethat block matching

Fig. 4. A smallerblocksizethresholdreducegalsemotion

vectorsin occlusionsites

Fig. 5. The motion vectorfor syntheticmotion from real
image

employesimplicit smoothingconstraintfor the pixels, in
this casethemotionvectorresultcannotbesmoothedary-
more.

Thealgorithmproduceghe bestestimateof the motion
estimationprocessggiven all available measurementsThe
measuremerdanconsistof differentmeasurementsrroror
no measuremertan specificpoints. No measuremerinfor-
mationcanhelpto reducethe speedof measuremerif can
be detectedearlier Example,the matchingis donearound
the edgeandhigly texture objectonly, the restis no mea-
surementThemultiscaleprocess:

z(s) = A(s)z(s7) + B(s)w(s) (4)

is the processrom finestscales and propagateo higher
scales¥ in quadtreeuntil the lowestscale.w(s) is a zero-
meanunit-variancewhite noiseprocesghatis addedto the
modelwith again$. Themeasuremergquations:

y(s) = C(s)z(s) + v(s) (5)

where, v(s) is azero-meanvhite noiseproceswith covari-

anceR(s). This covariancecanbe relatedto the matching
algorithm,the valueof its error or the size of the block. A

furtherresearchs neededn this strateyy.



To usethis algorithm,it mustgive the statesr(s) atthe
root node: zero meanwith covarianceP(0). To compute
the prior covariancef all statesatindividual nodeson the
treevia Lyapunw equation:

P(s) = A(s) P(s7) A" (s) + B(s) B" (s) (6)

The coreof multiscalealgorithmconsistsof anupward
estimationsweepand a downward smoothingsweep. De-
fine thefollowing quantities:

e Y(s) = {y(o)|o is adescendantf s} is the collec-
tion of measurementst all nodesbelow s but notin-
cludings.

e Z(o|s) = E[z(o)|o € Y;Uy(s)] is thebestestimate
of z(s) given measuremenat nodes andall nodes
belowv s

e Z(o|s+) = E[z(o)|o € Y] is the bestestimateof
z(s) givenmeasuremerdtall nodesbelow s

e P(o|s) = Cov[z(0) — E(o]s)]
e P(o|s+) = Cov[z(c) — F(o|s+)]
The upward sweep initializes at the finest level from the

prior covariancesZ(s|s+) = 0, P(s|s+) = P(s) andthe
upward model

z(57) = F(s)z(s) +w(s) ()

y(s) = C(s)z(s) + v(s) (8)

whereF'(s) = P(sy)ATP(s) !, E[w(s)w(s)T] = P(s%)—
F(s)A(s)P(s7) = Q(s)

The upward sweepcomputesthe bestestimateof the

stateatanodegivenall measurementstor below thatnode.
It consistof threestepsateachscale:

e The update step:

Z(s|s) = Z(s[s+) + K(s)[y(s) — C(s)Z(s[s+)]  (9)

P(sls) =[I — K(s)C(s)]P(s|s+) (10)

K(s) = P(s|s+)C7T (s)[C(s)P(s|s+)CT (s) + R(s)] ™
(11)

The updatedestimateis the bestestimateof z(s) given
all measurementst or below s.

e The prediction step:

Z(s|sa;) = F(sa;)Z(sa;|sa;) (12)

P(s|sa;) = F(sa;)P(sa;lsa) FT (sa;) + Q(sa;) (13)

Thepredictedestimatés thebestestimateof z(s) given
all measuremenistnodesa;(i = 1...q) or below.

e The merge step:

Z(s|s+) = P(s|s+) i P~ (s|sa;)z(s|se) (14)

i=1

P(s|s+) =[(1 = q)P(s) ™" + Y _ P *(slsa;)] " (15)

i=1

Themegestepcombineshepredictedestimateof z(s)
giveneachof its child subtreesThe meigedestimatds the
bestestimateof z(s) givenall measurementselonv nodes.

The downward sweep computeghe bestestimateof the
statesat a node given all available measurementsvery-
whereonthetree:

Z(s|0) = Z(sls) + J(s)[z(s710) — Z(s7]s)  (16)
P(s]0) = P(s|s) + J(s)[P(s7/0) — P(s7]s)J(s) (17)

J(s) = P(s|s)F" P~} (s7]s) (18)

The equationl6 is the result, the estimatemotion vec-
tors.

4. MATCHING ALGORITHM-MULTISCALE
REGULARIZATION INTEGRATION

Motion estimationcan be divided into two parts,the sen-
sor andthe process. Other advanceprocesseshat canbe
put into the whole processare the intelligenceinterpreta-
tion or ary otherhigherlevel algorithms.The sensompartin
this casecanbeopticalflow result,block matchingresultor
adaptve matchingresult. The adaptve matchingresultcan
be put into the focus of this paper becausehis algorithm
hasthe ability to enlagethe blocksize. The enlaging pro-
cesds recursvely computedbn somedegreeuntil a motion
vectorwith a uniqguemeasuremengrrorvalueis achieved.
This approactcanbethoughtasa variablesizeapertureor



Fig. 6. Thesyntheticimage

the sensor It is alsopossibleto put the resulton different
resolutionon quadtreeof multiscalesmoothingalgorithm.
Meanwhile,all the measuremeris put on thefinestresolu-
tion.

After theadaptve matchinghasbeenexecutedthemost
possiblematchingfor themotionfieldsbasednintensityis
achieved. The smoothingprocessanfollow the sequence.
The strat@y to separatematchingand smoothingis pro-
posedn this paper After multiscalesmoothingthecharac-
teristic of theresultis the motionfield thatfollows Markov
randomfieldsmodelingin scale.

Whenfixed block matchingis usedto supplythis mul-
tiscale smoothing,the finestresolutioncannotbe put into
thealgorithm,but few level above thefinestscaleaccording
to block size canbe supplied. This is becausehe implicit
smoothneskasplayedin the developmeniof motionfield.

5. EXPERIMENTAL RESULTS

This experimentusesa pair of syntheticimagethathasno

texture ontheblackobject. The objectin Fig. 6 is blackel-

lipse andis shiftedsereral pixelsapart. Adaptive blocksize
obsenation model can producemotion vector (Fig. 7(b))

onsiteswherethedifferencesxist asillustratedin Fig. 7(a).

Thehumanperceptiorcannotagreewith sucharesult. This

frameawork cansolve this problemby addingsegmentation
informationto the multiscaleregularizationand gives“no

measuremerihformation”into the sitesthathave zeromo-

tion vectorbut belongsto the object.

Theresultfrom thefirst stagewith the“no measurement
information” on the specificsitesbecomegheinputfor the
efficient multiscaleregularizationalgorithm. Then, the re-
sult is insertedinto bayesiarmotion estimationto male it
moresmooth.Figure8 is the outputof bayesiarmotiones-
timation that works with obsenation model, displacement
modelfor smoothnesandline modelfor discontinuity
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