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ABSTRACT

Bayesianmotion estimationrequirestwo pdf models: ob-
servation modelandmotion field (prior) model. The opti-
mizationprocessfor this methodusessequentialapproach,
e.g. simulatedannealing. This paperproposesadaptive
blocksizeobservation modelandmultiscaleregularization
for theprior modelandtheoptimizationprocess.Thepur-
posesare to increasethe speedand to improve the result.
Theproposedframeworkcaninitialize thebayesianmethod.
Theresultin thispapershowsoneof thepossibilityof its us-
age.Many strategiescanbederivedfrom this framework to
work for itself or to supporttheMarkov randomfield mod-
eling for motionestimation.

1. INTRODUCTION

This paperintroducesa strategy to solve motionestimation
problems,suchas occlusionand apertureproblems. The
strategy involvesthedistinctionof typeof processes/stages
in estimationalgorithm,asensingstageandaregularization
stage.In bayesianmethod,sensingstageis calledobserva-
tion or likelihoodmodelandtheregularizingstageis called
prior model.Thedesignersof suchsystemin Fig. 1 canput
any typesof sensingalgorithmandany typesof regulariza-
tion algorithmto satisfytheir objectivity.

Adaptive blocksizeobservationmodel[1], asa sensing
stage,analysesthe uniquematchfrom a pixel or a block
of pixels of a frameto the subsequenceframe. Then, the
resultis regularizedby anefficientmultiscaleregularization
framework [2].

The purposesof the above strategy areto increasethe
speedof optimizationprocesses[3] andto achieve a more
globalresult[4] thansequentialoptimizationprocesses.The
resultof thisapproachcanbefollowedby Bayesianmethod
[5] if theprocessis foundto beuseful.

Theregularizationstageis ableto receive several types
of informationthatareproducedby sensingalgorithm.The
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informationsare motion field, the measurementerror and
covariancematrix.

Anotheruseful informationis “no measurement”.The
experimentfor this type of informationis given in the last
section.

2. ADAPTIVE MATCHING ALGORITHM

A suitableinitializationmotionfield canreducethecompu-
tationalcostneededby thestochasticprocessin MRF based
motion estimation.The initialization processis commonly
basedon the intensity assumption,known as the implicit
constraint.An objective in this modelis to addtheimplicit
constraintinto the observationmodel. This modelyieldsa
motionvectorthathasbeentestedastheonly bestcandidate
for agivenpoint. Equation1 is theobservationmodelonthe
left term anda block modelon the right term. Both mod-
els canhave a minimum energy valueaccordingto

�
, the

displacementvectorand � , theblock size. � areweighting
functions,� is theimage,� is line field.���	�
��  � ��������������� ��� � � � � ����� ��!#"$�  �  �%�&� �����'��!)( (1)

Equation2 is thefunctionsof themodel.
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Fig. 3. The result of the adaptive blocksizeobservation
model
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where S denotesthe order of MRF neighborhoodsystem
and

P M denotesthe varianceof pixel intensitiesand A is a
pixel site. The auxiliary variablefor “indiscriminatetex-
ture” variableisRWVYXZ [ R G]\�^_ ^
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This adaptive observation model is usedfor local mo-
tion estimation.The algorithmin this paperhasa purpose
to exploit the implicit informationon the beginningof op-
timizationprocess.Thematchingbasedmotionestimation
is namedimplicit approach.Theprocesis continuedby the
regularizationtechnique(MRF based). In this technique,
theexplicit information,astheprior knowledge,is exploited
to minimize thematchingerroron only onemotionvector.
Therefore,theapertureproblemis solvedandtheocclusion
locationscanbedetected.Fig. 3 shows themotionvectors
andFig. 4 shows the line field. Fromthosefigures,several
sitesin the middleof objectthat hasdifferentmotion vec-
torscanbe identified. Fig. 5 is motionvectorsresultfrom
a shiftedblock of a part of calendar-train sequence.This
figure shows the result that cannotbe achieved by a fixed
blocksize[3].

3. MULTISCALE SMOOTHING ALGORITHM[6]

Themotionfieldson thefinestresolutioncanbesmoothed
with this multiscalesmoothing. For block matching,the
finestresolutionis notmotion-vector/pixelbut motion-vec-
tor/block. The motion-vector/blockresolutioncanbe pro-
cessedby this algorithm. Rememberthat block matching
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Fig. 4. A smallerblocksizethresholdreducesfalsemotion
vectorsin occlusionsites
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Fig. 5. The motion vector for syntheticmotion from real
image

employes implicit smoothingconstraintfor the pixels, in
thiscase,themotionvectorresultcannotbesmoothedany-
more.

Thealgorithmproducesthebestestimateof themotion
estimationprocessgiven all availablemeasurements.The
measurementcanconsistof differentmeasurementserroror
no measurementon specificpoints.No measurementinfor-
mationcanhelpto reducethespeedof measurementif can
be detectedearlier. Example,thematchingis donearound
the edgeandhigly texture objectonly, the rest is no mea-
surement.Themultiscaleprocess:

A:? o B Vqp ? o BrA&? o s B'GItu? o Brv3? o B (4)

is the processfrom finest scale o andpropagateto higher
scale o s in quadtreeuntil the lowestscale. vw? o B is a zero-
meanunit-variancewhite noiseprocessthat is addedto the
modelwith a gain x . Themeasurementequations:y ? o B V{z ? o BrA:? o B:GI|C? o B (5)

where, |C? o B is azero-meanwhitenoiseprocesswith covari-
ance} ? o B . This covariancecanberelatedto thematching
algorithm,thevalueof its erroror thesizeof theblock. A
furtherresearchis neededin thisstrategy.



To usethis algorithm,it mustgive thestatesA:? o B at the
root node: zeromeanwith covariance~ ? _ B . To compute
theprior covariancesof all statesat individualnodeson the
treevia Lyapunov equation:~ ? o B V]p ? o B ~ ? o s B p�� ? o B#G$t�? o BKt � ? o B (6)

Thecoreof multiscalealgorithmconsistsof anupward
estimationsweepanda downward smoothingsweep.De-
fine thefollowing quantities:�I� ? o B V�� y ? P B a P is a descendantof o�� is the collec-

tion of measurementsat all nodesbelow o but not in-
cluding o .� bA&? P a o B Vq� ; A&? P B a P�� �J�J�Iy ? o B�L is thebestestimate
of A:? o B given measurementat node o andall nodes
below o� bA&? P a o G�B V�� ; A:? P B a P�� � � L is the bestestimateofA&? o B givenmeasurementatall nodesbelow o���~ ? P a o B V�z�� |C; A:? P B�D bA:? P a o BrL���~ ? P a o G�B V�z�� |C; A:? P B�D bA&? P a o G�BrLThe upward sweep initializes at the finest level from the

prior covariances:bA&? o a o G�B V _
, ~ ? o a o G�B V ~ ? o B andthe

upwardmodel

A:? o s B Vq� ? o BrA:? o B:G vw? o B (7)y ? o B Vqz ? o BkA:? o B&G�|J? o B (8)

where

� ? o B V ~ ? o s B p � ~ ? o B F 9 , � ; v�? o B v�? o B � L V ~ ? o s B�D� ? o B p ? o B ~ ? o s B V�� ? o BThe upward sweepcomputesthe bestestimateof the
stateatanodegivenall measurementsator below thatnode.
It consistsof threestepsateachscale:� The update step:
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Theupdatedestimateis thebestestimateof A&? o B given
all measurementsat or below s.

� The prediction step:bA�? o a o�� d B Vq� ? o�� d B bA:? o8� d a o8� d B (12)

~ ? o a o8� d B V]� ? o�� d B ~ ? o8� d a o8� d B � � ? o8� d B'G � ? o�� d B (13)

Thepredictedestimateis thebestestimateof A&? o B given
all measurementsat node o�� d ?N� V \� � � K¡�B or below.� The merge step:

bA:? o a o G�B V ~ ? o a o G�B£¢5 d 7:9 ~ F 9 ? o a o�� d B bA:? o a o8� d B (14)

~ ? o a o G�B V ;	?k\�D�¡�B ~ ? o B F 9 G ¢5 d 7:9 ~ F 9 ? o a o8� d B�L F 9 (15)

Themergestepcombinesthepredictedestimateof A&? o Bgiveneachof its child subtrees.Themergedestimateis the
bestestimateof A&? o B givenall measurementsbelow nodes.

The downward sweep computesthebestestimateof the
statesat a node given all available measurementsevery-
whereon thetree:

bA&? o a _ B V bA&? o a o B#G]¤�? o B�; bA�? o s a _ B&D bA�? o s a o B (16)

~ ? o a _ B V ~ ? o a o B:G¥¤�? o B�; ~ ? o s a _ B�D ~ ? o s a o B)¤�? o B (17)

¤�? o B V ~ ? o a o B �¦� ~ F 9 ? o s a o B (18)

The equation16 is the result,the estimatemotion vec-
tors.

4. MATCHING ALGORITHM-MULTISCALE
REGULARIZATION INTEGRATION

Motion estimationcanbe divided into two parts,the sen-
sor and the process.Otheradvanceprocessesthat canbe
put into the whole processare the intelligenceinterpreta-
tion or any otherhigherlevel algorithms.Thesensorpartin
thiscasecanbeopticalflow result,blockmatchingresultor
adaptive matchingresult.Theadaptivematchingresultcan
be put into the focusof this paper, becausethis algorithm
hastheability to enlargetheblocksize.Theenlarging pro-
cessis recursively computedon somedegreeuntil a motion
vectorwith a uniquemeasurementerror valueis achieved.
Thisapproachcanbethoughtasavariablesizeaperturefor
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Fig. 6. Thesyntheticimage

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

After theadaptivematchinghasbeenexecuted,themost
possiblematchingfor themotionfieldsbasedonintensityis
achieved. Thesmoothingprocesscanfollow thesequence.
The strategy to separatematchingand smoothingis pro-
posedin thispaper. After multiscalesmoothing,thecharac-
teristicof theresultis themotionfield that followsMarkov
randomfieldsmodelingin scale.

Whenfixedblock matchingis usedto supplythis mul-
tiscalesmoothing,the finest resolutioncannotbe put into
thealgorithm,but few level abovethefinestscaleaccording
to block sizecanbe supplied.This is becausethe implicit
smoothnesshasplayedin thedevelopmentof motionfield.

5. EXPERIMENTAL RESULTS

This experimentusesa pair of syntheticimagethathasno
textureon theblackobject.Theobjectin Fig. 6 is blackel-
lipseandis shiftedseveralpixelsapart.Adaptiveblocksize
observation modelcanproducemotion vector (Fig. 7(b))
onsiteswherethedifferenceexist asillustratedin Fig. 7(a).
Thehumanperceptioncannotagreewith sucharesult.This
framework cansolve this problemby addingsegmentation
information to the multiscaleregularizationandgives“no
measurementinformation” into thesitesthathavezeromo-
tion vectorbut belongsto theobject.

Theresultfrom thefirst stagewith the“no measurement
information” on thespecificsitesbecomestheinput for the
efficient multiscaleregularizationalgorithm. Then,the re-
sult is insertedinto bayesianmotion estimationto make it
moresmooth.Figure8 is theoutputof bayesianmotiones-
timation that works with observation model,displacement
modelfor smoothnessandline modelfor discontinuity.
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Fig. 8. After multiscalesmoothing
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