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Abstract

Existing sequential feature-based registration algo-
rithmsinvolvingsearch typically eitherselectfeaturesran-
domly(eg. the RANSAC[8] approach) or assumea prede-
fined,intuitive ordering for the features(eg. basedon size
or resolution).Thispaperpresentsa formal framework for
computinganorderingfor featureswhich maximizessearch
efficiency. Featuresarerankedaccordingtomatchingambi-
guitymeasure, andanalgorithmis proposedwhich couples
thefeature selectionwith theparameterestimation,result-
ing in a dynamicfeatureordering. Theanalysisis extended
to templatefeatureswhere thematchingis non-discreteand
a sample-refinementprocessis proposed.Theframework is
demonstratedeffectivelyon the localizationof a personin
an image, usinga kinematicmodelwith templatefeatures.
Differentpriors are usedon themodelparameters and the
resultsdemonstratenontrivial variationsin theoptimalfea-
turehierarchy.

1 Intr oduction

Spatialregistrationis a topicwhichconcernsmany areas
of computervision including imagemosaicing,structure-
from-motion,medicalimaging, trackingandobject local-
ization. Oneof themostdifficult andinterestingproblems
is thatof registeringa kinematicstructureto a personin an
image. This hasmany difficult aspects,suchaschoiceof
featuresandhandlingself-occlusions.While thesedifficul-
ties continueto exist, the problemwhich we will address
in this paperis thatof maximizingsearchefficiency in reg-
isteringa high dof modelwith known features(eg. prede-
fined appearancetemplates),but without prior knowledge
of the modelstate(seefigure 1). Scenarioswhich benefit
directly from a solution to this problemincludeboostrap-
ping a persontracker for individuals recordedin a image
database,or the re-initializationof trackerswhentracking
failure hasbeendetected.A naive approachwould be to

searchthe entire kinematicstate-space,which 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 order to provide a tractable
methodof registration. Furthermorethe analysiswe pro-
vide is not limited to articulatedstructuresbut appliesto
anyformof spatialregistration involvinga modelwith mul-
tiple features. Previouswork on personlocalizationis also
summarizedin section7.

1.1 Minimizing Search

In situationswhen the prior knowledgeis weak, regis-
trationalmostalwaysinvolvessearchastherewill oftenbe
multiple candidatesfor thecorrectfeaturelocation.An im-
portantgoal in the designof the algorithmis to minimize
theamountof searchrequiredin orderto maximizetheef-
ficiency of theregistrationprocess.

An existing approachto minimizing searchwould beto
carryout thefeature-matchingin a sequentialmanner. The
reasonfor this is to reducethe uncertaintyin the statesof



subsequentfeaturessuchthattheamountof searchrequired
for matchingthesefeaturesis reduced[20, 18].

A probabilisticestimationframework for incrementally
improving themodelstateandcovarianceestimatesby in-
corporatingfeaturessequentiallywasproposedby Hel-Or
andWerman[11]. Theframework is basedonKalmanfilter
estimation[2] except that a predictionstepis not used. It
treatseachfeatureasa separateobservationwhich updates
the model stateand covariancematrix using the standard
Kalmanupdatestep.This is alsothe framework which we
will adoptin ourpaper, andtherelevantequationsaregiven
laterin (5)-(7).

Although we adopt the sameestimationframework as
[11], wedisagreewith theirsearchstrategy of selectingfea-
turessequentiallyalongthearticulatedchain.Althoughthis
is an intuitive idea, it is alsoa sub-optimalstrategy – the
optimal strategy which we will proposein this papercan
choosefeaturesonanarticulatedstructureoutof sequential
order. Figure4 illustratesthis quiteclearly.

A numberof methodsinvolve selectingfeaturesin no
specificorder. The variousRANSAC-derivedmethods[8,
17] selectrandomminimal setsof featurepairsto compute
aninitial estimatefor themodelparameters,whicharethen
validatedor invalidatedbasedon thenumberof subsequent
pairingsadmittedby thisestimate.Theseadditionalfeature
pairsareusedto improvethepreviousmodelestimate.

Other techniquesoffer a predefinedfeature ordering.
Methodswhich adopta multi-resolutionapproach[5, 13,
19, 14, 12] orderfeaturesaccordingto their resolutionlevel
– aninitial modelestimateis obtainedat a lower resolution
beforeproceedingto higher resolutionsin order to maxi-
mize searchefficiency. Similarly, this is also the casefor
methodswhichselectfeaturesaccordingto aknown hierar-
chicaldecompositionof components[10].

While some of thesemethodsprovide an intuitively
search-efficient feature ordering, they implicitly assume
someweak genericprior for the model parameters.For
example,methodswhich are basedon always registering
coarsefeaturesfirst donotoptimallyhandlecaseswhenthe
positionssomefine-scalefeaturesareaccuratelyknown in
advanced.

In thefollowing sectionswe will formalizea framework
for optimal featureorderingand show that it evolvesdy-
namically accordingto the estimatedmodel stateandco-
variance.Particularlyin caseswheretheprior encodesspe-
cific spatialinformation,theoptimalfeatureorderingdiffers
significantlyfrom thepredefinedintuitiveordering.

2 Spatial Registration Framework

In this paper, we expressthe generalspatial registra-
tion framework as follows: We start with a set of known
‘source’ features� anda transformationmodel � which

mapsthesefeaturesinto animage.Thengivena targetim-
age,the goal is to matchthesefeaturesto their correctlo-
cationsin the imageandalsoto recover the parametersof� denotedasavector � . Thesefeaturescaneitherbeprior
knowledgeaspartof themodelspecification,or in thecase
of registeringtwo imagesthey representextractedfeatures.

Feature-basedregistrationmaybeclassifiedinto two cat-
egories:� Feature-to-featurematching. In thiscaseaseparateset

of featuresis extractedfrom thetarget image.Match-
ing isdonein adiscretemannerby attemptingto match
‘source’ featuresto ‘target’ features.Thefeaturesap-
plicablefor this form of matchingarediscretefeatures
suchascorners,edgesandcontours.� Feature-to-image matching. Herethe sourcefeatures
are projectedinto the image and compareddirectly.
For example,templatefeaturescanbematchedto the
imageby minimizing a measureof pixel difference.

Theamountof searchrequiredin theregistrationprocess
dependssignificantlyontheaprioriknowledgeof themodel
parameters. For example if � has a small prior covari-
ance,suchasin video-basedtrackingapplications,discrete
feature-matchingmay simply involve mappingthe source
featuresinto the imageand searchingfor the nearesttar-
get features.Themodelparametersmaythenbecomputed
directly from thesecorrespondences.Similarly if template
featuresareusedinstead,registrationmaybecarriedout in
themodelstate-spaceby locally minimizingthepixel resid-
ual error. Registrationin theseproblemswhich havestrong
priors do not have significantsearchcomplexities and all
featurescanbematchedsimultaneously.

In thecaseof registeringakinematicmodelof thefigure
to an image, � maybe thesetof templatefeaturesassoci-
atedwith the links in the model,and � is parameterized
by a vectorof joint anglesandlink lengths.Thesefeatures
arenotnecessarilylimited to asingleclass,as � cansimul-
taneouslyincludetemplates,cornersandedges.It canalso
includefeaturesfrom differentlevelsof resolution.

3 Analysis of Spatial Features

A feature 	�
�� is formally describedby a numberof
attributes:

1. A function 
��������� which mapsthemodelstate�
to a featurestate� in acommonfeaturespace.

2. A propertyvector � whichallowsa featureto becom-
paredwith anotherthrougha comparisonfunction,or
comparedto theimage.
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3. Additionally for image-basedfeaturessuch as tem-
plates,we specifythedimensionsfor thebasin of at-
traction in featurespace.Thisspecifiesthemaximum
displacementbetweenthetrueandpredictedlocations
of thefeaturein featurespacefor whichlocaloptimiza-
tion of theestimatedlocation(via themaximizationof
a comparisonfunction) will guaranteeto convergeon
thetruelocation.

In thecaseof discretefeature-matching,a featurecom-
parisonfunction ���������������! #" generatesasimilarity measure
for comparingfeaturepairs. In thecaseof featureto image
matching,thecomparisonfunction � �%$ ��� � �&� � �('�" measures
the compatibility betweenthe featurein its currentfeature
statewith the image ' – it is throughthe maximizationof
this functionby which theimage-basedfeaturescanbeop-
timally localized.

In this paper, we assumethat the correctfeaturepair or
featurestatemaximizesthe relevantcomparisonfunctions,
ie.onceall candidatefeaturesorstatesaretested,thecorrect
solutionwill be obtained. Obviously this is not necessar-
ily true in caseswherethe comparisonfunctionsgenerate
noisy measures,and a framework for obtainingmultiple-
hypothesissolutionsto theregistrationproblemwill bepro-
posedin a futurepaper.

3.1 Matching Ambiguity of a Feature

Giventheestimatedmodelstate) andcovariance* , we
definethematchingambiguityof a featureasfollows:

Definition 1 (Matching Ambiguity)
Thematchingambiguityof feature + � , denotedby ,.- , is de-
finedasthenumberof search operationsrequiredto findthe
truematch with somespecifiedminimumprobability.

The idea proposedhereappliesthe validation gate [3]
usedin extendedKalmanfilters. Linearizingthe mapping
 � ���/" about ) , the covariance0 � in featurespaceis ex-
pressedas 0 �21435� * 3.6� (1)

where 3 � 187 
 �(9 �;:�) (2)

is the Jacobian. The validation gate is then the volume
boundedby anequiprobabilitysurfacewhich maybespec-
ified as a factor < of standarddeviations. In our experi-
ments,the validation gatesusedspan2.5 standarddevia-
tions( < 18=�>@? ).

For feature-to-featurematching,the matchingambigu-
ity is thenthenumberof targetfeatureswhich lie within the
validationgate.Thismaybeobtainedby evaluatingtheMa-
halanobisdistancesto potentialtarget featuresandcount-
ing. Unfortunately, this is a potentiallyintensive computa-
tion becauseit would involve pairwisecomparisonsof fea-
tures.A reasonableapproximationwhichcanbeusedwhen

target featuresare approximatelyuniformly distributed is
that the matchingambiguity is proportionalto the sizeof
thevalidationgate,ie. A �CB ��D#0 � DE"GFH (3)

Sincein the algorithm proposedlater the matchingambi-
guitiesareusedto sort the features,theexactvaluesof the
matchingambiguitiesneednot beevaluatedaslong asthey
canberankedin theright order.

For feature-to-imagematching,thematchingambiguity
is thenumberof minimally-overlappingregionswhichhave
thesamedimensionsasthebasinof attractionthatwouldfit
into the validationgate. This canbe approximatelycom-
putedthroughthefollowing steps:

1. obtain the eigenvalues I  and eigenvectors J  to the
covariancematrix 0 � ;

2. calculatethe spanof the basinof attraction K  along
eachof the J  directions;

3. thematchingambiguityis thencomputedas

A �2LNM  ceil O�<QP I  K  �R (4)

whereceil( S ) roundsfractional valuesup to the next
integer.

Figure 2 illustratesthe conceptof matchingambiguity
for thetwo separatecases.

validation gate

target features

validation gate

regions with span of
basin of attraction

(a) (b)

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.
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4 SequentialRegistration with Dynamic Fea-
ture Ordering

As eachfeatureis usedin theestimationstepduringse-
quentialsearch,themodelstatebecomesincreasinglymore
accurateand the statecovariancedecreases.This obser-
vation canbe formalizedusing the standardKalmanfilter
covarianceupdatestep(6). Correspondinglybasedon (1),
the sizeof the validationgatesfor eachfeaturedecreases,
therebyleadingto a reductionin thematchingambiguitiesA � .

Assumingthat the intention is to useall available fea-
turessequentiallyin theregistrationprocess1, thetotalnum-
berof searchoperationsinvolvedcanbeminimizedby se-
lectingfeaturesandestimatingthemodelparametersin the
algorithmdescribedbelow, which we call theCoupledDy-
namicFeature OrderingandRegistration (2DYFOR)algo-
rithm.

The 2DYFOR Algorithm

1. Setthelist of usedfeaturesT asempty.

2. Computethe matchingambiguitiesA � for all unused
features.

3. Select the feature +VU for which A U is the smallest
matchingambiguity.

4. CarryoutthenecessaryA U searchoperationsto recover
theoptimalfeaturestate�WU . Thisis theminimumnum-
berof searchoperationswhichhaveto beperformedto
registera feature.

5. Theoptimalfeaturestate�XU andtheassociatedobser-
vationcovarianceY�U is usedto improvethemodelstate
andcovarianceby applyingthestandardKalmanfilter
updatesteps:

)[Z 1 )[Z#\�]_^�` Z ��� Uba 3.Z )[Z#\�]E" (5)* Zc1 * Z#\�] a ` Zd3.Z * Ze\f] (6)

wherethesubscriptg denotethesequentialupdatein-
dex and ` Z is theKalmangaingivenby

` Zh1 * Z#\�]i356 � 3 * Z#\�]i3[6 ^jY U " \f] (7)

6. Append+ U to the T .

7. If all featureshavebeenused,stop;otherwisereturnto
step2.

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

At the endof the registrationprocess,the featurelist T
containsthefeaturehierarchy. Thefeaturehierarchyrepre-
sentstheoptimalsequentialorderingof featuresandis de-
pendenton theprior modelstateandcovariance,aswell as
theaccuracy of registeringeachfeature.Thefeaturehierar-
chy hasto beformeddynamicallyaspartof theestimation
process.While thepredefinedfeatureorderingsusedin the
algorithmsmaybereasonablyefficient in typicalsituations,
the optimal featurehierarchycanoften be found at negli-
gible costusingthe 2DYFOR algorithm. Furthermore,the
dynamicfeatureorderingcopesevenwhentheprior knowl-
edgechangessignificantly– using the original predefined
featureorderingmay not take full advantageof the addi-
tionalprior knowledgefor increasingsearchefficiency.

5 Search Method for Feature-to-Image
Matching

While it may be straightforward to carry out feature-
to-featurematchingbasedon the 2DYFOR algorithm de-
scribedin section4, implementingfeature-to-imagematch-
ing is morecomplex andwill bediscussedin furtherdetail
in thefollowing section.

5.1 The Sample-RefinementApproachto Search

In feature-to-imagematchingproblemsanattemptto re-
cover the optimal featurecan be madeby locally maxi-
mizing a similarity measureobtainedfrom thecomparison
function � ��$ , which is describedby the term refinement.
However thestartingfeaturestatemustbewithin thebasin
of attractionof the correctsolutionfor the refinementpro-
cessto succeed.Henceit is necessaryto generatea num-
berof startingpoints(termedassamples) for therefinement
step,spacedat intervals correspondingto the spanof the
basinof attraction,in order to guaranteethat the optimal
featurestatewill befound.

Oneissuewhich arisesfor this methodis whethersam-
ples shouldbe obtainedas featurestate-vectorsor model
state-vectors. It turns out that generatingthe samplesin
modelstate-spacehastwo advantages:� If the non-linearity betweenthe feature and model

state-spacesis significantwith respectto the valida-
tion gate,andif the featurestate-spaceis not mapped
entirely by the modelstate-space,samplingin model
state-spaceensuresthestartingfeaturestatesarevalid
for the model, even if the spacingof the samplesis
inaccuratedueto thenonlinearity.� Often the refinementstep can be improved by us-
ing previously registeredfeaturesas well, especially
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when the comparisonfunction generatesnoisy mea-
sures.Using the additionalfeaturesimprovesthe ro-
bustnessto thenoise.

Using notationfrom section3.1, the desireddisplace-
mentbetweensamplesin featurespacealongtheeigenvec-
tor direction J  is K Z J  . The equivalentdisplacementin
modelstate-spacemaybefoundby thefollowing analysis:0�J  1 I Z J  kml 3 * 3[6 J  .1 I Z J  kml 3 O K ZI Z * 356 J  R 1 K Z J  (8)

Noting that 3 representsthe linearizedmappingbetween
modelandfeaturestate-spaces,it maybeobservedthatus-
ing the term in the parentheseson the LH side of (8) as
thedisplacementin modelstate-spacegeneratesthedesired
displacementin featurespace,givenby theRH sideof (8).

Thesamplesin themodelstate-spacearethengenerated
by integral vector sum combinationsof the displacement
vectorsassociatedwith eacheigenvectordirection in fea-
turespace,suchthat thespanof thevalidationgatein fea-
ture spaceis coveredby thesesamples. Oncethe initial
sampleshavebeengeneratedin themodelstate-space,each
sampleis thenrefinedthroughthe local maximizationpro-
cess. The optimal solution is then taken to be the refined
samplewhich generatesthe maximumsimilarity measure
from thecomparisonfunction.

6 Kinematic Model Registration

The model usedin our experimentsis the 2D Scaled-
PrismaticModel(SPM)proposedby Morris andRehg[15].
Thekinematicmodellies in theimageplane,with eachlink
having a degree-of-freedom(dof) in rotation and another
dof in length. Themodelis parameterizedby a state-space
whichencodesaglobal2D translation,joint anglesandlink
lengths.Eachlink is associatedwith antemplatewhich de-
scribesthe apppearanceof the link. The approachusedto
locally refinethestateof thekinematicmodelis to minimize
the SSDerror betweenthe templatesandthe imageusing
the Gauss-Newton method. The model usedfor the Fred
Astaireimagehas19 statesand16 templatefeatures,while
themodelusedfor thewalkingfigurehas8 states(armsare
ignoredandlink lengthsarefixed)and10templatefeatures.

In our experimentswhich involve localizing the figure
with minimalprior knowledge,themodelstateis initialized
as denotedby the poseof the stick figure in the leftmost
imagesof figure3. Theprior covarianceis setasadiagonal
matrix with standarddeviations of 50 pixels for global x

translation,20 pixels for globaly translation,2 radiansfor
joint anglesand10 pixelsfor link lengths.Theonly strong
prior is that the torsois approximatelyupright aswe wish
to restrictour searchto uprightfigures.For eachtemplate,
the basinof attractionfor the refinementstepis set to be
its minimumdimensionat present,althougha moreformal
analysismay be appliedin the future basedon the spatial
frequency contentof thetemplates.

The sequencesshown from left to right in figure 3 il-
lustratethefeatureorderingwhich arisesin theregistration
process.Thefeatureorderingobtainedin theseinstancesis
similar to asize-basedordering,exceptin ouralgorithmthe
orderingis donebothautomaticallyanddynamically. The
registrationlocalizesthefigurewell despitethehighdimen-
sionalityof thefiguremodelandtheweakprior knowledge.

In figure 4, we show the resultsobtainedwhenvarious
formsof strongprior knowledgeareavailablewhich is cap-
turedin theprior covariance.For thetoptestimage,thefeet
templatepositionsareaccuratelypositioned,while for the
bottomtestimagethe front shin templatepositionis accu-
rately positioned.A 5-pixel standarddeviation is usedfor
theseconstraints.The featureorderingin theseinstances
differssignificantlyfrom theorderingobtainedin figure3.
Also notice from the third-from-left imagein the top se-
quence,the optimal featureordering doesnot propagate
alongthearticulatedchainswhich contradictstheproposed
heuristicof Hel-Or andWerman[11].

The top test imagesgenerallytook approximatelyone
to two minutesfor the localization,while the bottomtest
imagestook approximatelytwenty secondsbecauseof the
simplermodelused.In both instancesthenumberof sam-
plesusedfor initializing thesearchof individual templates
appearsto besignificantlymorethanis necessary, which is
dueto theconservativeestimatesfor thespanof thebasins
of attractionin the refinementprocess.Hencethereis still
significantroom to improve the efficiency of the registra-
tion.

7 Previous Work on PersonLocalization

While currentsystemsaregoodat detectinghumansas
moving blobs,few solutionsareavailablewhenthe full ar-
ticulatedposeof apersonincludingthepositionof thearms
and legs is required. For example,the full-body tracking
systemsdescribedin [6, 4] currentlydependon manualini-
tialization of a figure model in the first imageframe. The
methodin [9] hasautomaticinitialization but requiresan
accuratebackgroundmodelfor segmentationandrestrictive
assumptionson limb positions. An interestingmethodfor
registeringarticulatedstructuresbasedon EM motionseg-
mentationis proposedin [16], but hasonly beenappliedto
low dimensionalmodels. Furthermore,many systemsde-
pendon independentmotionof thefigurefor segmentation
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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. thosebasedonoptic-flow), andcannot
beappliedto staticimagesor to still figures.

8 Conclusionsand Future Work

This paperpresentsa generalalgorithmfor maximizing
searchefficiency for a sequentialregistrationproblem. At
eachiterationin theregistrationprocess,thefeaturewith the
minimum matchingambiguity is selectedandusedin the
estimation.Themeansof computingthematchingambigu-
ity is discussedseparatelyfor problemsinvolving feature-
to-featurematchingandfeature-to-imagematching.Addi-
tionally for the latter cases,a searchmethodis proposed
which is basedon generatingsamplesin the model state-
spacesuchthat at leastonesamplewill fall into the basin
of attractionfor thecorrectsolution.Thesesamplesarefur-
therrefinedto obtaintheoptimalfeaturestatewhich is then
usedto improvethemodelstateestimation.

The currentapplicationof this framework is registering
kinematicmodelsto humanfiguresin images.Despitethe
high dimensionalkinematicmodelsusedandtheweakpri-
ors assumed,the framework is ableto registerthe models
accuratelyandefficiently. Furthermore,theoptimalfeature
orderingis shown to be significantlydifferentwhenaddi-
tional strongprior knowledgecanbeusedto constraintthe
searches.

Therearea numberof situationswhenthe strongprior
knowledgeis available. For example,partial figure track-
ing failure may resultfrom the occlusionof the torsoby a
shoulder-heightobject,althoughtheperson’sheadwill still
bewell tracked;in thisinstancethesmallerheadfeaturewill
providestrongconstraintson thelocationof thetorso.An-
otherexamplewould bea semi-automatedtrackingsystem
(eg. for video editing) wherethe userprovidespartial reg-
istrationof a modelin a videosequence.In bothscenarios,
ourproposedmethodwouldefficientlyobtaintheremaining
correspondencesby utilizing theavailableprior knowledge.

Currently, our systemis basedon the assumptionthat
the featuresearchesalwaysreturn the correctregistration.
However, multiple registrationcandidatesmay ariseas a
result of clutter and self-occlusion. A future researchdi-
rectionwouldbeto combineour registrationapproachwith
the multiple-hypothesisprobabilistic framework proposed
in [6] to copewith theseproblems.
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