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Abstract We proposean approachto texture boundarydetectionthat only re-

quiresaline-searchn thedirectionnormalto theedgelt is thereforeveryfastand

canbe incorporatednto a real-time3-D poseestimationalgorithmthat retains
the speedof thosethatrely solely on gradientpropertiesalong objectcontours
but doesnotfail in the presencef highly texturedobjectandclutter.

Thisis achiezedby correctlyintegratingprobabilitiesover the spaceof statistical
texture models.We will show thatthis rigorousandformal statisticaltreatment
resultsin goodperformanceinderdemandingircumstances

1 Intr oduction

Edge-basethethodshave provedvery effective for fast3—D model-drivenposeestima-
tion. Unfortunately suchmethodsoftenfail in the presencef highly texturedobjects
andclutter, which producetoo mary irrelevantedgesin suchsituationsjt would bead-
vantageouto detectextureboundariesnstead However, becauseéextureseggmentation
techniquegsequirecomputingstatisticsover imagepatchesthey tendto be computa-
tionally intensve andhave thereforenot beenfelt to be suitablefor suchpurposes.

To dispelthis notion,we proposea texture-base@pproacto nding the projected
contoursof 3—-D objectswhile retainingthe speedof standardedge-basetechniques.
We demonstratds effectivenesgor real-timetrackingwhile usingonly asmallfraction
of thecomputationapoweramodernPC. Ourtechniquds inspiredby earlierwork [1]
on edge-basettackingthatstartsfrom the estimatedprojectionof a 3—D objectmodel
andperformsaline searchn the directionperpendiculato the projectededgedo nd
the most probableboundarylocation. Here, we replacecornventional gradient-based
edgedetectionby a methodwhich candirectly computethe mostprobableocationfor
atextureboundaryonthesearcHine. To beversatile the algorithmis designedo work
evenwhenneitherof the textureson either side of the boundaryare known a priori.
Our techniqueis inspiredby the useof Markov processesor texture descriptionand
sggmentationHowever, ourrequirementsliffer from thoseof classicatexture segmen-
tationmethodsn the senseghatwe wishto nd theoptimalposeparametersatherthan
arbitraryregion boundaries.
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This is challengingbecausespeedrequirementompelus to restrictoursehesto
computingstatisticsalonga line, andthereforea fairly limited numberof pixels. We
achieve this by correctly integrating probabilitiesover the spaceof statisticaltexture
models.We will shawv that this rigorousand formal statisticaltreatmenthasallowed
us to reachour goal underthesedemandingcircumstanceswhich we regard as the
main contrikution of this paper It is alsoworth notingthat our implementatiorresults
in areal-time3-D tracker that usesonly a fraction of the computationatesource®f
a modernPC, thus openingthe possibility to simultaneouslytrack mary objectson
ordinaryhardware.

In the remainderof this paper we rst discussrelatedworks. We thenintroduce
our approacho detectingtexture boundarieslongaline. Finally, we integrateit into a
contourbased3-D tracker anddemonstratds effectivenesonrealvideo-sequences.

2 RelatedWork and Background

We rst briey review the state-of-theart in real-time poseestimationand then dis-
cussexisting techniquedor texture sggmentationand shov why they arenot directly
applicableto thekind of real-timeprocessingve arecontemplatingn this paper

2.1 Real-Time 3-D Tracking

Rolustreal-timetrackingremainsan openproblem,eventhoughof ine cameraregis-
trationfrom animagesequencg2,3,4] hasprogressedo the point wherecommercial
solutionshave becomeavailable.By matchingnaturalfeaturessuchasinterestpoints
betweenmagesthesealgorithmsachiese high accurag evenwithout a priori knowl-
edge.For example,in [3], the authorsconsiderthe image sequencéiierarchicallyto
derive robust correspondenceandto distribute error over whole of it. Speednot be-
ing a critical issue,thesealgorithmstake advantageof time-consumingout effective
techniquesuchasbundleadjustment.

Model-basedipproachessuchasthoseproposedn [5,6], attemptto avoid drift by
looking for a 3—D posethat correctly re-projectsthe featuresof a given 3—D model
into the 2-D image. Thesefeaturescan be edgesline sggments,or points. The best

t is foundthroughleast-squareminimisationof anerrorfunction,which mayleadto
spuriousresultswhenthe procedurebecomedrappedn erroneoudocal minima.

In earlierwork [1], we developedsuchan approachhat startsfrom the estimated
projectionof a 3—D objectmodelandperformsaline searchn thedirectionperpendic-
ulartotheprojectecedgedo nd themostprobableboundanjocation.Poseparameters
arethentakento bethosethatminimisethe distanceof the model's projectionto those
estimatedocations.This processs donein termsof the SE(3)groupandits Lie algebra.
This formulationis a naturalchoicesinceit exactly representshe spaceof posesthat
form the outputof arigid body trackingsystem.Thusit providesa canonicalmethod
for linearizingthe relationshipbetweenimagemotion and poseparametersThe cor
respondingmplementationworks well andis very fastwhenthe target objectstands
out clearlyagainstthe backgroundHowever it tendsto fail for texturedobjectswhose
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boundariesare hardto detectunambiguouslyusing corventionalgradient-basetech-
nigues,asthe chair shavn in Fig. 1. We will arguethatthe techniqueproposechere
remedieghis failing usingonly a smallfraction of the computationapower of a mod-
ernPC.Thisis in contrasto otherrecentmodel-basetiechnique$7] thatcanalsodeal
with textured objectsbut requirethe full power of the samePC to achieve real-time
performance.

©) (10) (20) (33) (40)
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Figurel.Trackinga chairusinga primitive modelmadeof two perpendiculaplanes.Top row:
Usingthetexture-basednethodproposedn this paper the chairis properlytracked throughout
thewhole sequenceBottomrow: Usinga gradient-basethethodto detectcontoursthetracker
startsbeingimpreciseafterthe 3rd frameandfails completelythereafter

2.2 Texture-BasedSegmentation

Many typesof texture descriptordhave beendevelopedto characterizeextures.Gabor
Iters [8,9] have provedasanexcellentdescriptive tool for awide rangeof textures[10]
but are computationallyexhaustve for real time applications.Multi-resolution algo-
rithmsoffer somespeed-uwithoutlossof accurag [11,1210,1314]. However, while
this approachis effective for global sggmentationof imagescontainingcomplex tex-
tures,it is notthe optimalsolutionfor industrialapplicationsn which the searchspace
is limited. In the contet of objecttracking,the structureof the objectto betrackedis
alreadyknown, andthereis a strongprior on its whereaboutsHence wherereal-time
performances required classicakexture sggmentatioris notthebestchoice but afast
techniquewhich localizesthetamgetboundariess desired.

However, the approachpresentedn this paperdoesborrav ideasfrom the texture
segmentationliterature. Hidden Markov random elds appearmaturallyin problems
suchasimagesggmentationwherean unknavn classassignmenhasto be estimated
from the obsenationsat eachpixel. StatisticalmodelingusingHiddenMarkov Models
arevery rich in mathematicastructureandhencecanform thetheoreticabasisfor use
in a wide rangeof applications A comprehensie discussioraboutMarkov Random
Fields(MRF) andHiddenMarkov Models(HMM) is givenin [15,16. [17] usesaGibbs
Markov RandomField to modeltexturewhichis fusedwith a 2D Gaussiaristribution
modelfor color sggmentatiorfor realtimetracking.In contrasto HMM, MRF methods
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arenoncausabndthereforenotdesirableor line searchmethodgor which a statistical
modelwould be constructealuringthe search.

3 Locating Texture BoundariesUsing 1-D line Search

Object Boundary

rendered model edge

‘ scan line R
sample point used Yor initialization

Object

Background

@ (b)

Figure2. Contourbased3-D tracking.(a) Searchfor a real contourin the direction normalto

projectededge.(b)Scanninga line throughmodel samplepoint p for which a statisticalmodel
associatedo model point po is retrieved and usedto ®nd the texture crossingpoint c. Notice
thatthe statisticalmodelof po is madeof ine andconformswith thereal objectstatisticsin the

neighbourhood.

Asdiscussedh Section2.1,we useasthebasisfor thiswork atrackerwe developed
in earlierwork. Successie poseparameterareestimatecoy minimizing the obsered
distancedrom the renderednodelto the correspondindexture crossingpoint, thatis
thepointwheretheunderlyingstatisticschangein thedirectionnormalto theprojected
edge.This searchis illustratedby Fig. 2. In this section,we formalizethe criteriawe
usein this searchandderive the algorithmswe useto evaluatethem.

A textureis modeledasa statisticalprocessvhich generates sequencef pixels.
Theproblemis thencastasfollows:A sequencef n pixel intensities S;' = (s1;:::Sn),
is assumedo have beengeneratedy two distincttexture processesachoperatingon
eithersideof anunknavn changepoint, asshavn in Fig. 2(b). Thusthe obsereddata
is consideredo have beenproducedby the following processFirsta changepoint is
selecteduniformly at randomfrom the range[1-n]. Thenthe pixels to the left of the
changepoin{the sequencey) areproducedby a texture processl; andthe pixelsto
theright (S, ) areproducedby processT,. Thetaskis thento recover ¢ from S7. If
bothT; andT, areknown thenthis correspond$o nding thec thatmaximises:

P (changepoinatcS; T1; To) = K P(SSjT1)P (S, jT2) 1)

whereK isanormalisatiorconstantlf oneof thetextures for example,T; is unknawn,
thentheterm P (S§jT1) mustbe replacedoy theintegral over all possibletexture pro-
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cesses: Z
P(S]) = P(SgT)P(T) dT : (2)

While it may be temptingto approximatethis by consideringonly the mostprobable
T to have generatedss, this yields a poor approximationfor small datasets,suchas
areexhibitedin this problem.A key contrikution of this paperis thatwe shov how the
integral canbe solved in closedform for reasonablehoicesof the prior P(T) (e.g.
uniform).

In this work we considertwo kinds of texture processesirst, onein which the
pixel intensitiesare independentlydravn from a probability distribution and second,
onein which they aregeneratedy a 1storderMarkov processwhich meanghatthe
probability of selectinga given pixel intensity dependqonly) on the intensity of the
precedingixel. We referto thesetwo processeasO and1stordermodels.

3.1 Solvingfor the Oth order model

The Oth order model statesthat the pixel intensitiesare dravn independentlyfrom a
probability distribution over | ir@nsities(T = fpig;i = 1:1). If suchatextureis

known a priori thenP (S§jT) = ~, ps, . If thetextureis unknowvn then:
z z
P(S)= P(S{T)P(T) dT =  P(sjT)P(S{ {T)P(T) dT 3
z
= P(S§ Y ps P(TIST ) dT (4)

Theintegralin (4) is E (ps,jS{' 1): i.e. the expectedvalueof the probability ps, in the
texturegiventhe obseredsequencs? 1. If we assume uniform prior for T overthe
I -1 simplex of probabilitydistributions,thenthis integral becomes:

R, R;. R, P i 2 Q !
‘aci 1y — o1 oll P gee o1I P, j|:1 P’ dpi; 1 6¢tdpzdpy
E(ps.jSt' ) = RiRGp . R T2y Q) o (5)
A =1 B’ dpr; 1 ¢¢Cdpodpy

wherethereareo; occurrence®f symbolj in the sequences; !, Note that both of
theseintegrals have the sameform, sincethe additionalps, in the numlgratorcan be
absorbednto the productby addingoneto os, . Substitutingp, = 1; i'zill pi and
repeatedlyntegratingby partsyields:

. o.. +1
E (ps.jST 1) = h (6)

This resultstatesthat if an unknavn probability distribution is selecteduniformly at
randomanda setof samplesaredravn from this distribution, thenthe expectedvalue
of thedistribution is the distribution obtainedby addingoneto the numberof instances
of eachvalueobseredin thesampleset.

For example,if a coin is selectedwith a probability of ipping headsrandomly
drawn from theuniform distribution over [0,1], andit is ipped 8 times,giving 3 heads
and5 tails, thenthe probabilitythatthenext ip will beheadss (3+1)/(8+2)=0.4.

Thisresultcanbeappliedrecursvely to thewhole sequencéo give Algorithm 1.
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R
Algorithm 1 RapidOth ordercomputatiorof ”P(Sij)P(T) dar
sequence_pobability (SJ], ¢)
dim Obsenations[NUM_CLASSES]
/l seedObservations[jwith 1 sampleper bin
for i=1..NUM_CLASSESdo
Obsenations[i]=1
endfor
Probability=1
for i=1..cdo p
Probability= Probability* Obsenrations[S[i]]/  Obsenations]]
Obsenations[S][i]] = Obsenrations[S[i]]+1
end for
returnProbability

3.2 Solvingfor the 1storder model

This idea can be immediatelyextendedto a 1st order Markov processin which the

intensitiesaredravn from adistributionwhichdepend®ntheintensityof thepreceding
pixel (T = fp;;0;i; ] = L1, wherep;; istheprobabilityof observingntensityi given

that the previous pixel hadintensityj ). Thesep;j; canbe consideredas a transition
matrix (row i, columnj ). Again, the probability of a sequencgivenaknown textureis

easyto compute:

YC
P(S5jT) = P(s4jT) Psijs;, . WhereP(s1jT) is usingtheOth ordermodel  (7)
i=2

For a rst orderMarkov processthe Oth orderstatisticsof the sampleamustbe an
eigervectorof pj; with eigervalue 1. Unfortunately this meansthat a uniform prior
for T over py; is inconsistenwith the uniform prior usedin the Oth order case.To
re-establishthe consisteny, it is necessaryo choosea 1st order prior suchthat the
expectedvalue of a column of the transitionmatrix p;j; is obtainedby adding 1=l
ratherthanl to the numberof obserationsin thatcolumnof the co-occurrencenatrix
beforenormalisingthe columnto sumto 1. This meanghatthetransitionmatrix is

. Cj 4 1=l _ Gy + 1=l
E(pijjiSi) = 1_: P- G, = I§L+ 3 ; (8)

whereC;; is the numberof timesthatintensityi follows intensityj in the sequence

S§. And hencethe expectedOth orderdistribution (which is the vector ((ngllg ) hasthe
desiredpropertiessince

P
(9 +1) _ jCij+l:|_Oi+1_
(c+1) c+ | T oc+ |

E (pijj iST) 9)

j
Thismodi cation is equivalentto imposingaprior overp;j; thatfavoursstructuren the
Markov processandis proportionalto ’ pi(jljzI ‘ 1)). This givesAlgorithm 2.
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(]
Algorithm 2 Rapidlstordercomputatiorof h P(S§T)P(T) dT
sequence_pobability (SJ], ¢)
dim CoOccurrence[NUM_CLASSES][NUM_CLASSES]
/l seedCoOccurence[][] with 1/NUM_CLASSESampleger bin
for r=1..NUM_CLASSESIo
for c=1..NUM_CLASSESIo
CoOccurrence[r][c]=1/NUM_CLASSES
endfor
end for
Probability=1/NUM_CLASSES // probability of the r stsymbol
fori=2..cdo p
Probability= Probability* CoOccurrence[S[i]][S[i-1]] CoOccurrence[][S[i-1]]
CoOccurrence[S[i]][S[i-1]F CoOccurrence[S[i]][S[i-1]]+1
end for
returnProbability

3.3 Examplesapplied to a scanlinethr ough Brodatz textures

We illustratetheseideasby consideringhe problemof locatingthe boundarybetween
two Brodatztextures.

@) (b) ()

e

(d) (e)
Figure3.Brodatztexturesresults(a) texture patchusedto learnthetargettexture model(thedark
stripe). This modelis usedto detectthe boundaryof the target texture with anothertexture. (b)
and(c) detectecdboundaryusingOth and1stordermodelrespectrely. White dotsarethedetected
changepointandtheblackline is the ®tted texture boundary(d)distance$rom edgein Oth order
model(e)distancefrom edgein 1stordermodel
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Figure4.In this case the Oth ordermodel (left) yields a resultthat is lessprecisethanthe 1st
orderone.As before,white dots are the detectedchangepoint and the black line is the ®tted
textureboundary

Fig. 3 shawvs detectionresultsin a casewherethetextureis differentatthetop and
bottomof theimage.In Fig. 3 (a) theregion thatis usedto generatanodelstatisticsis
marked by a dark stripe.In (b) the boundarybetweerthe upperandlower texturesis
correctlyfound using Oth orderMarkov modelfor both sides.(c) shavs the boundary
found using 1st order Markov model for both sides.While the modelfor the lower
pointsis built in an autorgressie manney the model of the upperpointsis the one
createdduringtheinitialization phase(a). White dotsshav the exactdetectecpointon
the boundaryalongvertical scanlinesto which we robustly t aline shavn in black.
Thedistribution of thedistance$rom white pointsto theblackline areshavn in (d) and
(e) for the Oth orderand1storderrespectrely. As canbe noticedthe distribution peak
is lesssharpfor the Oth ordermodelthanthe 1storder This canhamperthe detection
of boundariesvhenthedistributionsaresimilar asshavn in Fig. 4.

An example of texture segmentationfor a pieceof texture for which we have a
geometricmodelis shavn in Fig. 5. This is a especiallydif cult situationdueto the
neighbouringtexture mixture. Neverthelesspoth Oth and 1st order modelsdetectthe
boundaryof thetargetobject(blacklines)accuratelyby robust tting of the polygonal
model to the detectedchangepointgwhite dots). However it was obsenred that Oth
ordermodelis moresensitve to initial conditionswhich canbe explainedby theabore
statementhatthe Oth orderobsenationsarelessaccurate.

Our nal testontexturesinvolvesthe casewherethereis no a priori modelfor the
textureon eitherside.Someresultsof applicationof our methodareshavn in Fig. 6. In
the Fig. 6(a) the boundaryis accuratelydetectedOn the otherhandfor morecompli-
catedtestof Fig. 6(b) theresultsarelessaccuratedueto high outlier ratio.

4 Real-Time Texture Boundary Detection

We now turn to the actualreal-timeimplementatiorof our texture-boundaryetection
methodusingthe Oth an1storderalgorithmsof Section3.

Assuminga 1storderMarkov modelfor thetextureonbothsidesof thepointsalong
the searchiine, we wish to nd the point for which the exterior andinterior statistics
bestmatchtheirestimatednodel. Thesemodelcanbebuilt onlineor learnedapriori. In
thelattercasewe build up andregisteralocal Othand1storderprobabilitydistribution
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(@)

(b) (c)
Figure5.Sggmentatiorof a polygonalpatch.(a) Initialization: texture patchusedto learnthetar-
gettexturemodel(thedarkstripe). This modelis usedto detectthe boundaryof thetamettexture
with anothertexture. (b) and(c) detectecboundaryusing0 and 1st Markov modelrespectiely.
Oth ordermodelis moresensitve to theinitial conditions.As before, white dotsarethe detected
changepointandtheblackline is the ®tted texture boundary

Figure6. Texture boundarydetectionwith no a priori modelassumptionin the caseof polygo-
nal texture, the white dots (detectecchangepointaremore scatteredut robust®tting yields an
accurateesultfor theboundary(blacklines).

(intensity histogramsand pixel intensity co-occurrencematrices)for a set of model
samplepoints M during the initialization wherethe 0 subscriptindicatestime. Our
systemusesgraphicalrenderingechniquego dynamicallydeterminghevisible edges
andrecognizeéheexteriorones Ourrepresentationf thetargetmodelprovidesuswith
inward pointingnormalvectorsfor its exterior edgesThesenormalvectorsareusedto
readandstorestripesof pixel valuesduringinitialization. The stripesneednot be very
large. Thesestripesareusedto calculatelocal intensity histogramsandpixel intensity
co-occurrencenatricesfor eachsamplepointin M. Having local informationallows
us to constructa more realistic model of texture in the caseswvherethe target object
containspatcheof differenttexture.
During tracking,attimei, for eachsamplepointp in the setof sampleM;, we nd

the closestpoint in initialization sampleset,M o, andretrieve its associatedhistogram
and co-occurrencematrix. Then,as depictedby Fig. 2(b), for eachpixel ¢ alongthe
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scanlineassociatedo renderedooint p, two probabilitiesP (SZ,; jT2) and P (S§jT1)
are calculatedusing algorithm 2 of Section3, asthe line is being scannednwards
in the directionof the edgenormal.P (S, jT») is the probability that the successie
pixelsarepartof thelearnedexturefor thetargetobjectandP (S5 T,) is theprobability
thatthe precedingpixels on the scanlinearedescribedy thethe autorgressve model
thatis built aswe move alongthe scanline and computethe integral of Eq. (2). This
processs depictedby Fig. 2(b). This autorgeressie modelis initially uniform and
is updatedfor eachnew visited pixel and includesboth the zerothorder distribution
andaco-occurrencerobabilitydistribution matrix. Having calculatedP (SZ,; jT2) and
P (S§jT.1) for all pointsc on the scanline the point ¢ for which the total probability as
given by Eq. (1) is maximum,is saidto be the texture boundaryandthe distanced,
betweenchangepoint andsamplepoint p is passedo the minimiserto computethe
poseparametersvhich minimisesthetotal sumof distances.

5 Experimental results

(b) o (C) o

Figure7. Plotting the motion of the centerof gravity of the chair of Fig. 1. (a,b) Top andside
view of the plane®ttedto therecoseredpositionsof the centerof gravity. (c) Deviationsfrom the
plane,which arevery small (all measuremen@rein mm).

In the caseof the chairof Fig. 1, everythingelsebeingequal,detectingthe bound-
ariesusing the texture measurewe proposeappeargo be much more effective that
usinggradientsTo quantifythis, in Fig. 7, we plot the motion of the centerof gravity
of themodelrecoreredusingthetexture-basedanethod.Sincethe chairremainson the
ground.its truemotionis of courseplanarbut ourtracker doesnotknow thisandhassix
degreesof freedom,threerotationsandthreetranslationsThe factthat the recorered
motionis alsoalmostplanaris agoodindicationthatthetrackingis quiteaccurate.

Figs.8, 9, and10 shaw the stableresultof trackingdifferenttexturedobjectsand
an02 computeragainsta clutteredbackgroundResultsof Fig. 9 areobtainedwithout
usingprior modelsfor the texture on eitherside of the model.Note thatthe algorithm
workswell onthe O2 eventhoughit is not particularlytextured,shaving its versatility

Our currentimplementatiorcanprocesaip to 120fps ona 2.6 GHz machineusing
adensesetof sampleonour CAD modelsetanda 1storderstatisticaimodel.This low
computationatostpotentiallyallows thetrackingof multiple texturedandnon-textured
objectsin parallelusingasinglePC.
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®) (36) (45) (101)

Figure8.Trackinga texturedbox againsta clutteredbackground

(35) (110) (190) (260)

Figure9.Trackingatexturedbox againsta clutteredbackgroundvithoutrecordingprior models.
Themodelis materialisecy blacklines.

6 Conclusion

In this paperwe have shavn thatawell formalizedalgorithmbasedn a Markov model
letsus usea simpleline searchto detectthetransitionfrom onetexture to anotherthat
occursat objectboundariesThis resultsin avery fasttechniquehatwe have validated
by incorporatingit into a 3—D model-basedracker, which unlike thosethat rely on
edge-gradient® detectcontours succeedi the presencef textureandclutter

We have demonstratedur techniques effectivenessto track man-madeobjects.
However, all objectswhoseoccludingcontourscanbeestimatednalyticallyaresubject
to this treatmentFor example,mary bodytrackingalgorithmsmodelthe humanbody

(1) (12)

(29) (110)

Figurel0.Trackingof a muchlesstexturedO2 computeragainsta clutteredbackground
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asa setof cylindersor ellipsoidsattachedo an articulatedskeleton.The silhouettes
of theseprimitiveshave analyticalexpressionssa function of the poseparametersit
shouldthereforebe possibleto usethetechniqueproposedereto nd thetrueoutlines
anddeformthe body modelsaccordingly This will bethe focusof our future work in
thatarea.Anotherissuefor future work is the behaiour of this methodwhenlighting
conditionschange This will be handledby replacingthe currentstationarystatistical
modelsby dynamiconesthatcanevolve.
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