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Abstract

Existing sequential feature-based registration algo-
rithmsinvolving seach typically either selectfeatuesran-
domly (eg. the RANSA[8] approadh) or assumea prede-
fined, intuitive ordering for the featues (eg. basedon size
or resolution).This paperpresentsa formal framevork for
computinganorderingfor featureswhich maximizeseach
efficiency Featuresarerankedaccodingto matdhingambi-
guity measue, andanalgorithmis proposedwvhich couples
the featuie selectionwith the parameterestimation result-
ing in a dynamicfeatuie ordering Theanalysisis extended
to templatefeatureswhere thematdingis non-disceteand
a sample-efinemenprocesss proposed.Theframavorkis
demonstatedeffectivelyon the localization of a personin
an image, usinga kinematicmodelwith templatefeatues.
Differentpriors are usedon the modelparametes and the
resultsdemonstatenontrivial variationsin theoptimalfea-
ture hierarchy.

1 Intr oduction

Spatialregistrationis atopic which concerngnary areas
of computervision including image mosaicing,structure-
from-motion, medicalimaging, tracking and objectlocal-
ization. Oneof the mostdifficult andinterestingproblems
is that of registeringa kinematicstructureto a personin an
image. This hasmary difficult aspectssuchaschoice of
featuresandhandlingself-occlusionsWhile thesedifficul-
ties continueto exist, the problemwhich we will address
in this paperis thatof maximizingsearchefficiencgy in reg-
istering a high dof modelwith known features(eg. prede-
fined appearancéemplates) but without prior knowledge
of the model state(seefigure 1). Scenarioswvhich benefit
directly from a solutionto this probleminclude boostrap-
ping a persontracker for individuals recordedin a image
databaseor the re-initialization of trackerswhentracking
failure hasbeendetected. A naive approachwould be to

searchthe entire kinematic state-spacewhich is however
computationallyintractable.

Figure 1. Registering a high dof kinematic model with
known features, but without prior knowledge of the model
state. Left image shows the initial state of the model, right
image shows the desired state.

In this paperwe will describean approachto minimiz-
ing the amountof searchin orderto provide a tractable
methodof registration. Furthermorethe analysiswe pro-
vide is not limited to articulatedstructuresbut appliesto
anyform of spatialregistration involvinga modelwith mul-
tiple features Previouswork on personlocalizationis also
summarizedn section?.

1.1 Minimizing Search

In situationswhenthe prior knowledgeis weak, regis-
tration almostalwaysinvolvessearchastherewill oftenbe
multiple candidategor the correctfeaturelocation. An im-
portantgoal in the designof the algorithmis to minimize
the amountof searchrequiredin orderto maximizethe ef-
ficiengy of theregistrationprocess.

An existing approactto minimizing searchwould beto
carry outthe feature-matchingn a sequentiainanner The
reasonfor this is to reducethe uncertaintyin the statesof



subsequerfeaturesuchthattheamountof searchrequired
for matchingthesefeaturess reduced20, 18§].

A probabilisticestimationframework for incrementally
improving the modelstateand covarianceestimatedy in-
corporatingfeaturessequentiallywas proposedoy Hel-Or
andWerman[11]. Theframeworkis basedn Kalmanfilter
estimation[2] exceptthat a predictionstepis not used. It
treatseachfeatureasa separat@bsenationwhich updates
the model stateand covariancematrix using the standard
Kalmanupdatestep. This is alsothe framewvork which we
will adoptin our paperandtherelevantequationsaregiven
laterin (5)-(7).

Although we adoptthe sameestimationframewnork as
[11], we disagreewith their searchstrat@y of selectingea-
turessequentiallyalongthearticulatedchain. Althoughthis
is anintuitive idea, it is alsoa sub-optimalstrateyy — the
optimal stratgyy which we will proposein this papercan
choosdeatureson anarticulatedstructureout of sequential
order. Figure4 illustratesthis quiteclearly.

A numberof methodsinvolve selectingfeaturesin no
specificorder The variousRANSAC-derived methodg8,
17] selectrandomminimal setsof featurepairsto compute
aninitial estimatefor the modelparametersyhich arethen
validatedor invalidatedbasedon the numberof subsequent
pairingsadmittedby this estimate Theseadditionalfeature
pairsareusedto improve the previousmodelestimate.

Other techniquesoffer a predefinedfeature ordering.
Methodswhich adopta multi-resolutionapproach[s, 13,
19, 14, 12] orderfeaturesaccordingto their resolutionlevel
—aninitial modelestimatds obtainedat a lower resolution
beforeproceedingto higher resolutionsin orderto maxi-
mize searchefficiengy. Similarly, this is alsothe casefor
methodswvhich selectfeaturesaccordingo aknown hierar
chicaldecompositiorof component$10].

While some of these methodsprovide an intuitively
search-dicient feature ordering, they implicitly assume
someweak genericprior for the model parameters. For
example, methodswhich are basedon always registering
coarsdeaturedirst do notoptimally handlecasesvhenthe
positionssomefine-scalefeaturesare accuratelyknown in
adwanced.

In thefollowing sectionswve will formalizea framewvork
for optimal featureorderingand show that it evolvesdy-
namically accordingto the estimatedmodel stateand co-
variance Particularlyin casesvherethe prior encodespe-
cific spatialinformation,theoptimalfeatureorderingdiffers
significantlyfrom the predefinedntuitive ordering.

2 Spatial Registration Framework

In this paper we expressthe generalspatial registra-
tion framework asfollows: We startwith a setof known
‘source’ featuresF anda transformatiormodel M which

mapsthesefeaturesnto animage. Thengivenatargetim-
age,the goalis to matchthesefeaturesto their correctlo-
cationsin the imageandalsoto recover the parametersf
M denotedasavectorz. Thesefeaturesaneitherbe prior
knowledgeaspartof the modelspecificationpr in thecase
of registeringtwo imagesthey represenextractedfeatures.

Feature-basegtgistrationmaybeclassifiednto two cat-
egories:

e Featue-to-featue matding. In thiscaseaseparateset
of featureds extractedfrom the targetimage. Match-
ingis donein adiscretemannety attemptingo match
‘source’ featuredo ‘target’ features.The featuresap-
plicablefor this form of matchingarediscretefeatures
suchascornersgedgesandcontours.

e Featue-to-image matting. Herethe sourcefeatures
are projectedinto the image and compareddirectly.
For example,templatefeaturescanbe matchedo the
imageby minimizing a measuref pixel difference.

Theamountof searchrequiredin theregistrationprocess
dependsignificantlyontheaprioriknowledgeof themodel
parameters. For exampleif x hasa small prior covari-
ance,suchasin video-basedrackingapplicationsdiscrete
feature-matchingnay simply involve mappingthe source
featuresinto the image and searchingfor the nearestar-
getfeatures.The modelparametersnaythenbe computed
directly from thesecorrespondencesSimilarly if template
featuresareusedinstead registrationmay be carriedoutin
themodelstate-spacby locally minimizing the pixel resid-
ual error. Registrationin theseproblemswhich have strong
priors do not have significantsearchcomplecities and all
featurescanbe matchedsimultaneously

In the caseof registeringa kinematicmodelof thefigure
to animage, F' may be the setof templatefeaturesassoci-
atedwith the links in the model,and M is parameterized
by avectorof joint anglesandlink lengths. Thesefeatures
arenotnecessariljimited to asingleclass,asF cansimul-
taneoushjincludetemplatescornersandedges.It canalso
includefeaturedrom differentlevelsof resolution.

3 Analysis of Spatial Features

A featuref € F is formally describedby a numberof
attributes:

1. A functionG :  — u which mapsthe modelstatex
to afeaturestateu in acommonfeaturespace.

2. A propertyvectorp which allows a featureto becom-
paredwith anotherthrougha comparisorfunction, or
comparedo theimage.



3. Additionally for image-basedeaturessuch as tem-
plates,we specifythe dimensiondor the basin of at-
traction in featurespace This specifiegshemaximum
displacemenbetweerthetrue andpredictedocations
of thefeaturein featurespacdor whichlocaloptimiza-
tion of the estimatedocation(via the maximizationof
a comparisorfunction) will guarantedo corvergeon
thetruelocation.

In the caseof discretefeature-matchinga featurecom-
parisorfunctionCyy (p;, p;) generateasimilarity measure
for comparingfeaturepairs. In the caseof featureto image
matching thecomparisorfunctionCy (p;, u;, I) measures
the compatibility betweenrthe featurein its currentfeature
statewith theimageI — it is throughthe maximizationof
this functionby which theimage-baseéeaturescanbe op-
timally localized.

In this paper we assumehatthe correctfeaturepair or
featurestatemaximizesthe relevantcomparisorfunctions,
ie.onceall candidatdeaturesor statesaretestedthecorrect
solutionwill be obtained. Obviously this is not necessar
ily truein caseswherethe comparisonfunctionsgenerate
noisy measuresand a framework for obtaining multiple-
hypothesisolutionsto theregistrationproblemwill bepro-
posedn afuturepaper

3.1 Matching Ambiguity of a Feature

Giventheestimatednodelstaten andcovariance, we
definethe matchingambiguityof afeatureasfollows:

Definition 1 (Matching Ambiguity)

Thematdhing ambiguityof featute f;, denotedby a5, is de-
finedasthenumberof seach opemationsrequiredto find the
true matd with somespecifiedninimumprobability.

The idea proposecdhere appliesthe validation gate [3]
usedin extendedKalmanfilters. Linearizingthe mapping
G;(x) aboutpu, the covarianceS; in featurespaceis ex-
presseds

S;=J; 2 JF (1)
where

Ji =VGilg=p 2
is the Jacobian. The validation gateis then the volume
boundedby anequiprobabilitysurfacewhich maybe spec-
ified asa factory of standarddeviations. In our experi-
ments, the validation gatesusedspan?2.5 standarddevia-
tions(y = 2.5).

For feature-to-featurenatching,the matchingambigu-
ity is thenthenumberof targetfeaturesvhich lie within the
validationgate.Thismaybeobtainedy evaluatingtheMa-
halanobisdistancego potentialtarget featuresand count-
ing. Unfortunately this is a potentiallyintensive computa-
tion becausdt would involve pairwisecomparison®f fea-
tures.A reasonabl@approximatiorwhich canbeusedwhen

target featuresare approximatelyuniformly distributed is
that the matchingambiguity is proportionalto the size of
thevalidationgate,ie.

N
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Sincein the algorithm proposedater the matchingambi-
guitiesareusedto sortthe featuresthe exactvaluesof the
matchingambiguitiesneednot be evaluatedaslong asthey
canberankedin theright order

For feature-to-imagenatching,the matchingambiguity
is thenumberof minimally-overlappingregionswhichhave
thesamedimensionasthebasinof attractionthatwould fit
into the validation gate. This can be approximatelycom-
putedthroughthefollowing steps:

1. obtainthe eigervaluese; and eigervectorsw; to the
covariancematrix S;;

2. calculatethe spanof the basinof attractiond; along
eachof thew; directions;

3. thematchingambiguityis thencomputedas
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o~ Hcell (¢ 3 (4)
J

where ceil(-) roundsfractional valuesup to the next

integer.

Figure 2 illustratesthe conceptof matchingambiguity
for thetwo separateases.
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Figure 2. Matching ambiguity. Feature-to-feature match-
ing: (a) shows the target features located within the valida-
tion gate of a source feature; the matching ambiguity in this
case is the number of candidates to be search, which is 6.
Feature-to-image matching: (b) shows minimally overlapping
regions with the span of the basin of attraction covering the
validation gate; the matching ambiguity here is the number
of regions required, which is 10.



4 SequentialRegistration with Dynamic Fea-
ture Ordering

As eachfeatureis usedin the estimationstepduring se-
guentialsearchthe modelstatebecomesncreasinglymore
accurateand the state covariancedecreases.This obser
vation canbe formalizedusing the standardKalman filter
covarianceupdatestep(6). Correspondinglyjpasedon (1),
the size of the validationgatesfor eachfeaturedecreases,
therebyleadingto a reductionin the matchingambiguities
(678

Assumingthat the intentionis to useall available fea-
turessequentiallyin theregistrationprocess, thetotalnum-
ber of searchoperationsnvolved canbe minimizedby se-
lectingfeaturesandestimatingthe modelparametern the
algorithmdescribedelow, which we call the CoupledDy-
namicFeatue Ordering and Reyistration (2DYFOR)algo-
rithm.

The 2DYFOR Algorithm

1. Setthelist of usedfeaturesl asempty

2. Computethe matchingambiguitiesa; for all unused
features.

3. Selectthe feature f, for which a3 is the smallest
matchingambiguity

4. Carryoutthenecessary; searctoperationsgo recover
theoptimalfeaturestateu,. Thisistheminimumnum-
berof searchoperationsvhichhave to be performedo
registerafeature.

5. Theoptimalfeaturestateu; andthe associate@bser
vationcovarianceSy is usedto improvethemodelstate
andcovarianceby applyingthe standarcKalmanfilter

updatesteps:
ry = py_1 + Ki(up —Jepy—q)  (5)
Y = Ypo1— KpdpXp (6)

wherethe subscriptk denotethe sequentialipdatein-
dex and K, is the Kalmangaingivenby

K, :EkflJT(JEkflJT‘i'Sb)il (7

6. Appendf;, tothe L.

7. If all featureshave beenused stop;otherwisereturnto
step2.

1This is not alwaystrue, astheremay be formulationsbasedon sam-
pling of featureq1] or optimalstoppingstrategies[7].

At the end of theregistrationprocessthe featurelist L
containshefeature hierarchy. Thefeaturehierarchyrepre-
sentsthe optimal sequentiabrderingof featuresandis de-
pendenbn the prior modelstateandcovariance aswell as
theaccuray of registeringeachfeature.Thefeaturehierar
chy hasto beformeddynamicallyaspartof the estimation
processWhile the predefinedeatureorderingsusedin the
algorithmsmaybereasonablfficientin typical situations,
the optimal featurehierarchycan often be found at negli-
gible costusingthe 2DYFOR algorithm. Furthermorethe
dynamicfeatureorderingcopesevenwhentheprior knowl-
edgechangessignificantly— using the original predefined
featureorderingmay not take full advantageof the addi-
tional prior knowledgefor increasingsearctefficiency.

5 Seach Method for
Matching

Feature-to-Image

While it may be straightforvard to carry out feature-
to-featurematchingbasedon the 2DYFOR algorithm de-
scribedin sectiord, implementingfeature-to-imagenatch-
ing is morecomplex andwill be discussedn further detail
in thefollowing section.

5.1 The Sample-RefinementApproachto Search

In feature-to-imagenatchingproblemsanattemptto re-
cover the optimal feature can be madeby locally maxi-
mizing a similarity measureobtainedfrom the comparison
function Cr, which is describedby the term refinement
However the startingfeaturestatemustbe within the basin
of attractionof the correctsolutionfor the refinementpro-
cessto succeed.Henceit is necessaryo generatea num-
berof startingpoints(termedassample¥for therefinement
step, spacedat intervals correspondingo the spanof the
basinof attraction,in orderto guaranteghat the optimal
featurestatewill befound.

Oneissuewhich arisesfor this methodis whethersam-
ples should be obtainedas featurestate-ectorsor model
state-ectors. It turns out that generatingthe samplesin
modelstate-spachastwo advantages:

e If the non-linearity betweenthe feature and model
state-spacess significantwith respectto the valida-
tion gate,andif the featurestate-spacé not mapped
entirely by the model state-spacesamplingin model
state-spacensureghe startingfeaturestatesarevalid
for the model, even if the spacingof the samplesis
inaccuratedueto the nonlinearity

e Often the refinementstep can be improved by us-
ing previously registeredfeaturesas well, especially



when the comparisonfunction generatesioisy mea-
sures. Using the additionalfeaturesimprovesthe ro-
bustnesdo the noise.

Using notationfrom section3.1, the desireddisplace-
mentbetweersamplesn featurespacealongthe eigervec-
tor directionw; is b, v;. The equialentdisplacementn
modelstate-spacenaybefoundby thefollowing analysis:

S'szek'uj

|

JEJT Vj = €ervy

J (b—’“ =g vj) = by v, (8)
€k

Noting that J representghe linearizedmappingbetween
modelandfeaturestate-space, maybe obsenedthatus-
ing the term in the parenthesesn the LH side of (8) as
thedisplacemenin modelstate-spacgeneratethedesired
displacemenin featurespacegivenby the RH sideof (8).

The samplesn the modelstate-spacarethengenerated
by integral vector sum combinationsof the displacement
vectorsassociatedvith eacheigervectordirectionin fea-
ture space suchthatthe spanof the validationgatein fea-
ture spaceis coveredby thesesamples. Oncethe initial
samplesdhave beengeneratedh the modelstate-spacegach
sampleis thenrefinedthroughthe local maximizationpro-
cess. The optimal solutionis thentaken to be the refined
samplewhich generateshe maximumsimilarity measure
from the comparisorfunction.

6 Kinematic Model Registration

The model usedin our experimentsis the 2D Scaled-
PrismaticModel (SPM)proposedy Morris andRehg[15].
Thekinematicmodelliesin theimageplane with eachlink
having a degree-of-freedom(dof) in rotation and another
dof in length. The modelis parameterizedy a state-space
whichencodes global2D translationjoint anglesandlink
lengths.Eachlink is associateavith antemplatewhich de-
scribesthe apppearancef the link. The approachusedto
locally refinethestateof thekinematicmodelis to minimize
the SSD error betweenthe templatesand the imageusing
the Gauss-Neston method. The model usedfor the Fred
Astaireimagehas19 statesand 16 templatefeatureswhile
themodelusedfor thewalking figure has8 stateqarmsare
ignoredandlink lengthsarefixed)and10templatefeatures.

In our experimentswhich involve localizing the figure
with minimal prior knowledge the modelstateis initialized
asdenotedby the poseof the stick figure in the leftmost
imagesof figure 3. Theprior covariances setasadiagonal
matrix with standarddeviations of 50 pixels for global x

translation,20 pixelsfor globaly translation,2 radiansfor

joint anglesand10 pixelsfor link lengths.The only strong
prior is that the torsois approximatelyuprightaswe wish

to restrictour searchto uprightfigures. For eachtemplate,
the basinof attractionfor the refinementstepis setto be
its minimum dimensionat presentalthougha moreformal

analysismay be appliedin the future basedon the spatial
frequeng contentof thetemplates.

The sequenceshavn from left to right in figure 3 il-
lustratethe featureorderingwhich arisesin the registration
process.Thefeatureorderingobtainedn theseinstancess
similarto asize-basedrdering,exceptin ouralgorithmthe
orderingis doneboth automaticallyand dynamically The
registrationlocalizesthefigurewell despitethe highdimen-
sionality of thefigure modelandtheweakprior knowledge.

In figure 4, we shaw the resultsobtainedwhenvarious
formsof strongprior knowledgeareavailablewhichis cap-
turedin the prior covariance For thetoptestimage thefeet
templatepositionsare accuratelypositioned,while for the
bottomtestimagethe front shintemplatepositionis accu-
rately positioned. A 5-pixel standarddeviation is usedfor
theseconstraints. The featureorderingin theseinstances
differs significantlyfrom the orderingobtainedin figure 3.
Also notice from the third-from-left imagein the top se-
guence,the optimal feature ordering doesnot propagate
alongthearticulatedchainswhich contradictghe proposed
heuristicof Hel-Or andWerman[11].

The top testimagesgenerallytook approximatelyone
to two minutesfor the localization, while the bottomtest
imagestook approximatelytwenty secondsecausef the
simplermodelused. In bothinstanceshe numberof sam-
plesusedfor initializing the searchof individual templates
appeargo besignificantlymorethanis necessarwhichis
dueto the conserative estimatedor the spanof the basins
of attractionin the refinementprocess.Hencethereis still
significantroom to improve the efficiency of the registra-
tion.

7 Previous Work on PersonLocalization

While currentsystemsare good at detectinghumansas
moving blobs,few solutionsareavailablewhenthefull ar-
ticulatedposeof apersonincludingthe positionof thearms
andlegs is required. For example,the full-body tracking
systemgiescribedn [6, 4] currentlydependbn manualini-
tialization of a figure modelin thefirst imageframe. The
methodin [9] hasautomaticinitialization but requiresan
accuratéackgroundnodelfor sgmentatiorandrestrictve
assumption®n limb positions. An interestingmethodfor
registeringarticulatedstructuresasedon EM motion seg-
mentationis proposedn [16], but hasonly beenappliedto
low dimensionaimodels. Furthermoremary systemsde-
pendon independeninotion of the figure for sggmentation



Figure 3. Results obtained using weak generic priors. The top-left image of each block show the prior state of the kinematic model
which is represented by a stick figure. Weak generic priors are used in these two test cases. As the coupled dynamic feature ordering
algorithm is iterated, the next template feature selected is the one requiring the least amount of search operations for registration. The
left-to-right sequences show the feature ordering.
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Figure 4. Results obtained using some strong prior knowledge. In the top test case, the position of the two feet templates as
assumed to be known accurately. In the bottom test case, the position of the front shin template is known accurately. The feature
ordering obtained when strong prior knowledge is available can be significantly different from the ordering with weak generic priors.
Note the registration of the left leg in the top test case is corrected as more features are integrated into the estimation.
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andregistration(eg. thosebasedon optic-flow), andcannot
be appliedto staticimagesor to still figures.

8 Conclusionsand Future Work

This paperpresentsa generalalgorithmfor maximizing
searchefficiengy for a sequentiategistrationproblem. At
eachiterationin theregistrationprocessthefeaturewith the
minimum matchingambiguity is selectedand usedin the
estimation.The meansof computingthe matchingambigu-
ity is discussedseparatelyfor problemsinvolving feature-
to-featurematchingandfeature-to-imagenatching. Addi-
tionally for the latter cases,a searchmethodis proposed
which is basedon generatingsamplesin the model state-
spacesuchthat at leastone samplewill fall into the basin
of attractionfor thecorrectsolution. Thesesamplesarefur-
therrefinedto obtainthe optimalfeaturestatewhichis then
usedto improve themodelstateestimation.

The currentapplicationof this framework is registering
kinematicmodelsto humanfiguresin images.Despitethe
high dimensionakinematicmodelsusedandthe weakpri-
ors assumedthe framework is ableto registerthe models
accuratelyandefficiently. Furthermorethe optimalfeature
orderingis shavn to be significantly differentwhen addi-
tional strongprior knowledgecanbe usedto constrainthe
searches.

Thereare a numberof situationswhenthe strongprior
knowledgeis available. For example, partial figure track-
ing failure may resultfrom the occlusionof the torsoby a
shoulderheightobject,althoughthe persons headwill still
bewell tracked;in thisinstancahesmallerheadfeaturewill
provide strongconstraintson thelocationof thetorso. An-
otherexamplewould be a semi-automatettackingsystem
(eg. for video editing) wherethe userprovidespartial reg-
istrationof amodelin avideosequenceln bothscenarios,
our proposednethodwould efficiently obtaintheremaining
correspondencdsy utilizing theavailableprior knowledge.

Currently our systemis basedon the assumptionthat
the featuresearcheslways returnthe correctregistration.
However, multiple registration candidatesmay arise as a
resultof clutter and self-occlusion. A future researchdi-
rectionwould beto combineour registrationapproactwith
the multiple-hypothesigrobabilisticframework proposed
in [6] to copewith theseproblems.
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