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Abstract We proposean approachto texture boundarydetectionthat only re-
quiresaline-searchin thedirectionnormalto theedge.It is thereforeveryfastand
canbe incorporatedinto a real-time3–D poseestimationalgorithmthat retains
the speedof thosethat rely solely on gradientpropertiesalongobjectcontours
but doesnot fail in thepresenceof highly texturedobjectandclutter.
This is achievedby correctlyintegratingprobabilitiesover thespaceof statistical
texture models.We will show that this rigorousandformal statisticaltreatment
resultsin goodperformanceunderdemandingcircumstances

1 Intr oduction

Edge-basedmethodshaveprovedveryeffectivefor fast3–Dmodel-drivenposeestima-
tion. Unfortunately, suchmethodsoften fail in thepresenceof highly texturedobjects
andclutter, whichproducetoomany irrelevantedges.In suchsituations,it wouldbead-
vantageousto detecttextureboundariesinstead.However, becausetexturesegmentation
techniquesrequirecomputingstatisticsover imagepatches,they tendto be computa-
tionally intensive andhave thereforenotbeenfelt to besuitablefor suchpurposes.

To dispelthis notion,we proposea texture-basedapproachto �nding theprojected
contoursof 3–D objectswhile retainingthespeedof standardedge-basedtechniques.
Wedemonstrateits effectivenessfor real-timetrackingwhile usingonly asmallfraction
of thecomputationalpoweramodernPC.Our techniqueis inspiredby earlierwork [1]
on edge-basedtrackingthatstartsfrom theestimatedprojectionof a 3–D objectmodel
andperformsa line searchin thedirectionperpendicularto theprojectededgesto �nd
the most probableboundarylocation.Here, we replaceconventionalgradient-based
edgedetectionby a methodwhich candirectly computethemostprobablelocationfor
a textureboundaryonthesearchline. To beversatile,thealgorithmis designedto work
even whenneitherof the textureson eithersideof the boundaryareknown a priori .
Our techniqueis inspiredby the useof Markov processesfor texture descriptionand
segmentation.However, ourrequirementsdiffer from thoseof classicaltexturesegmen-
tationmethodsin thesensethatwewishto �nd theoptimalposeparametersratherthan
arbitraryregionboundaries.
? Thiswork wassupportedin partby theSwissNationalScienceFoundation.
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This is challengingbecausespeedrequirementscompelus to restrictourselvesto
computingstatisticsalonga line, andthereforea fairly limited numberof pixels.We
achieve this by correctly integratingprobabilitiesover the spaceof statisticaltexture
models.We will show that this rigorousand formal statisticaltreatmenthasallowed
us to reachour goal underthesedemandingcircumstances,which we regard as the
maincontribution of this paper. It is alsoworth notingthatour implementationresults
in a real-time3–D tracker that usesonly a fraction of the computationalresourcesof
a modernPC, thus openingthe possibility to simultaneouslytrack many objectson
ordinaryhardware.

In the remainderof this paper, we �rst discussrelatedworks. We then introduce
ourapproachto detectingtextureboundariesalonga line. Finally, we integrateit into a
contour-based3–Dtrackeranddemonstrateits effectivenesson realvideo-sequences.

2 RelatedWork and Background

We �rst brie�y review the state-of-theart in real-timeposeestimationand thendis-
cussexisting techniquesfor texture segmentationandshow why they arenot directly
applicableto thekind of real-timeprocessingwearecontemplatingin thispaper.

2.1 Real-Time 3–DTracking

Robustreal-timetrackingremainsanopenproblem,eventhoughof�ine cameraregis-
tration from an imagesequence[2,3,4] hasprogressedto thepoint wherecommercial
solutionshave becomeavailable.By matchingnaturalfeaturessuchasinterestpoints
betweenimagesthesealgorithmsachieve high accuracy evenwithout a priori knowl-
edge.For example,in [3], the authorsconsiderthe imagesequencehierarchicallyto
derive robust correspondencesandto distribute error over whole of it. Speednot be-
ing a critical issue,thesealgorithmstake advantageof time-consumingbut effective
techniquessuchasbundleadjustment.

Model-basedapproaches,suchasthoseproposedin [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.Thesefeaturescanbe edges,line segments,or points.The best
�t is foundthroughleast-squaresminimisationof anerrorfunction,which mayleadto
spuriousresultswhentheprocedurebecomestrappedin erroneouslocalminima.

In earlierwork [1], we developedsuchan approachthat startsfrom the estimated
projectionof a3–Dobjectmodelandperformsa line searchin thedirectionperpendic-
ularto theprojectededgesto �nd themostprobableboundarylocation.Poseparameters
arethentakento bethosethatminimisethedistanceof themodel's projectionto those
estimatedlocations.Thisprocessis donein termsof theSE(3)groupandits Lie algebra.
This formulationis a naturalchoicesinceit exactly representsthespaceof posesthat
form theoutputof a rigid body trackingsystem.Thusit providesa canonicalmethod
for linearizingthe relationshipbetweenimagemotion andposeparameters.The cor-
respondingimplementationworks well andis very fastwhenthe target objectstands
out clearlyagainstthebackground.However it tendsto fail for texturedobjectswhose



TextureBoundaryDetection 3

boundariesarehardto detectunambiguouslyusingconventionalgradient-basedtech-
niques,asthe chair shown in Fig. 1. We will arguethat the techniqueproposedhere
remediesthis failing usingonly a small fractionof thecomputationalpower of a mod-
ernPC.This is in contrastto otherrecentmodel-basedtechniques[7] thatcanalsodeal
with texturedobjectsbut requirethe full power of the samePC to achieve real-time
performance.

(0) (10) (20) (33) (40)

(0) (1) (2) (3) (10)

Figure1.Trackinga chairusinga primitive modelmadeof two perpendicularplanes.Top row:
Usingthetexture-basedmethodproposedin this paper, thechair is properlytrackedthroughout
thewholesequence.Bottomrow: Usinga gradient-basedmethodto detectcontours,thetracker
startsbeingimpreciseafterthe3rd frameandfails completelythereafter.

2.2 Texture-BasedSegmentation

Many typesof texturedescriptorshave beendevelopedto characterizetextures.Gabor
�lters [8,9] haveprovedasanexcellentdescriptivetool for awiderangeof textures[10]
but are computationallyexhaustive for real time applications.Multi-resolution algo-
rithmsoffer somespeed-upwithout lossof accuracy [11,12,10,13,14]. However, while
this approachis effective for global segmentationof imagescontainingcomplex tex-
tures,it is not theoptimalsolutionfor industrialapplicationsin which thesearchspace
is limited. In thecontext of objecttracking,thestructureof theobjectto be tracked is
alreadyknown, andthereis a strongprior on its whereabouts.Hence,wherereal-time
performanceis required,classicaltexturesegmentationis not thebestchoice,but a fast
techniquewhich localizesthetargetboundariesis desired.

However, theapproachpresentedin this paperdoesborrow ideasfrom the texture
segmentationliterature.Hidden Markov random�elds appearnaturally in problems
suchasimagesegmentation,whereanunknown classassignmenthasto beestimated
from theobservationsateachpixel. StatisticalmodelingusingHiddenMarkov Models
arevery rich in mathematicalstructureandhencecanform thetheoreticalbasisfor use
in a wide rangeof applications.A comprehensive discussionaboutMarkov Random
Fields(MRF) andHiddenMarkov Models(HMM) is givenin [15,16]. [17] usesaGibbs
Markov RandomField to modeltexturewhich is fusedwith a2D Gaussiandistribution
modelfor colorsegmentationfor realtimetracking.In contrastto HMM, MRF methods
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arenoncausalandthereforenotdesirablefor line searchmethodsfor whichastatistical
modelwouldbeconstructedduringthesearch.

3 Locating TextureBoundariesUsing1–D line Search
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Figure2. Contour-based3-D tracking.(a) Searchfor a real contourin the directionnormal to
projectededge.(b)Scanninga line throughmodelsamplepoint p for which a statisticalmodel
associatedto modelpoint p0 is retrieved andusedto ®nd the texture crossingpoint c. Notice
that thestatisticalmodelof p0 is madeof¯ine andconformswith therealobjectstatisticsin the
neighbourhood.

As discussedin Section2.1,weuseasthebasisfor thiswork atrackerwedeveloped
in earlierwork. Successive poseparametersareestimatedby minimizing theobserved
distancesfrom the renderedmodelto thecorrespondingtexturecrossingpoint, that is
thepointwheretheunderlyingstatisticschange,in thedirectionnormalto theprojected
edge.This searchis illustratedby Fig. 2. In this section,we formalizethe criteria we
usein thissearchandderive thealgorithmsweuseto evaluatethem.

A texture is modeledasa statisticalprocesswhich generatesa sequenceof pixels.
Theproblemis thencastasfollows:A sequenceof n pixel intensities,Sn

1 = (s1; :::sn ),
is assumedto have beengeneratedby two distinct textureprocesseseachoperatingon
eithersideof anunknown changepoint,asshown in Fig. 2(b).Thustheobserveddata
is consideredto have beenproducedby thefollowing process:First a changepointc is
selecteduniformly at randomfrom the range[1-n]. Thenthe pixels to the left of the
changepoint(thesequenceSc

1) areproducedby a textureprocessT1 andthepixels to
theright (Sn

c+1 ) areproducedby processT2. Thetaskis thento recover c from Sn
1 . If

bothT1 andT2 areknown thenthiscorrespondsto �nding thec thatmaximises:

P(changepointat cjSn
1 ; T1; T2) = K P(Sc

1 jT1)P(Sn
c+1 jT2) : (1)

whereK is anormalisationconstant.If oneof thetextures,for example,T1 is unknown,
thenthetermP(Sc

1 jT1) mustbereplacedby the integral over all possibletexturepro-
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cesses:

P(Sc
1) =

Z
P(Sc

1 jT)P(T) dT : (2)

While it may be temptingto approximatethis by consideringonly the mostprobable
T to have generatedSc

1, this yields a poor approximationfor small datasets,suchas
areexhibitedin this problem.A key contribution of this paperis thatwe show how the
integral canbe solved in closedform for reasonablechoicesof the prior P(T) (e.g.
uniform).

In this work we considertwo kinds of texture processes:�rst, one in which the
pixel intensitiesare independentlydrawn from a probability distribution andsecond,
onein which they aregeneratedby a 1storderMarkov process,which meansthat the
probability of selectinga given pixel intensitydepends(only) on the intensityof the
precedingpixel. Wereferto thesetwo processesas0 and1stordermodels.

3.1 Solving for the 0th order model

The 0th ordermodelstatesthat the pixel intensitiesaredrawn independentlyfrom a
probability distribution over I intensities(T = f pi g; i = 1::I ). If sucha texture is
known a priori thenP(Sc

1 jT) =
Q

i psi . If thetextureis unknown then:

P(Sc
1) =

Z
P(Sc

1 jT)P(T) dT =
Z

P(scjT)P(Sc¡ 1
1 jT)P(T) dT (3)

= P(Sc¡ 1
1 )

Z
psc P(TjSc¡ 1

1 ) dT (4)

Theintegral in (4) is E(psc jSc¡ 1
1 ): i.e. theexpectedvalueof theprobabilitypsc in the

texturegiventheobservedsequenceSc¡ 1
1 . If weassumeauniformprior for T over the

I -1 simplex of probabilitydistributions,thenthis integral becomes:

E(psc jSc¡ 1
1 ) =

R1
0

R1¡ p1

0 ¢¢¢
R1¡

P I ¡ 2
i =1 pi

0 psc

Q I
j =1 poj

j dpI ¡ 1 ¢¢¢dp2dp1
R1

0

R1¡ p1

0 ¢¢¢
R1¡

P I ¡ 2
i =1 pi

0

Q I
j =1 poj

j dpI ¡ 1 ¢¢¢dp2dp1

(5)

wherethereareoj occurrencesof symbol j in the sequenceSc¡ 1
1 . Note that both of

theseintegralshave the sameform, sincethe additionalpsc in the numeratorcanbe
absorbedinto the productby addingone to osc . SubstitutingpI = 1 ¡

P I ¡ 1
i =1 pi and

repeatedlyintegratingby partsyields:

E (psc jSc¡ 1
1 ) =

osc + 1
c + I ¡ 1

(6)

This resultstatesthat if an unknown probability distribution is selecteduniformly at
randomanda setof samplesaredrawn from this distribution, thentheexpectedvalue
of thedistribution is thedistributionobtainedby addingoneto thenumberof instances
of eachvalueobservedin thesampleset.

For example,if a coin is selectedwith a probability of �ipping headsrandomly
drawn from theuniformdistributionover [0,1], andit is �ipped 8 times,giving 3 heads
and5 tails, thentheprobabilitythatthenext �ip will beheadsis (3+1)/(8+2)= 0.4.

This resultcanbeappliedrecursively to thewholesequenceto giveAlgorithm 1.
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Algorithm 1 Rapid0thordercomputationof
R

P(Sc
1 jT)P(T) dT

sequence_probability (S[], c)
dim Observations[NUM_CLASSES]
// seedObservations[]with 1 sampleperbin
for i=1..NUM_CLASSESdo

Observations[i]=1
end for
Probability=1
for i=1..cdo

Probability= Probability* Observations[S[i]] /
P

Observations[]
Observations[S[i]] = Observations[S[i]]+1

end for
returnProbability

3.2 Solving for the 1storder model

This idea can be immediatelyextendedto a 1st order Markov processin which the
intensitiesaredrawn from adistributionwhichdependsontheintensityof thepreceding
pixel (T = f pi j j g; i; j = 1::I , wherepi j j is theprobabilityof observingintensityi given
that the previous pixel had intensity j ). Thesepi j j canbe consideredas a transition
matrix (row i , columnj ). Again, theprobabilityof asequencegivenaknown textureis
easyto compute:

P(Sc
1 jT) = P(s1jT)

cY

i =2

psi j si ¡ 1 whereP(s1jT) is usingthe0thordermodel: (7)

For a �rst orderMarkov process,the0th orderstatisticsof thesamplesmustbean
eigenvectorof pi j j with eigenvalue1. Unfortunately, this meansthat a uniform prior
for T over pi j j is inconsistentwith the uniform prior usedin the 0th ordercase.To
re-establishthe consistency, it is necessaryto choosea 1st order prior suchthat the
expectedvalue of a column of the transitionmatrix pi j j is obtainedby adding1=I
ratherthan1 to thenumberof observationsin thatcolumnof theco-occurrencematrix
beforenormalisingthecolumnto sumto 1. Thismeansthatthetransitionmatrix is

E(pi j j jSc
1) =

Cij + 1=I
1 +

P
i Cij

=
Cij + 1=I

1 + oj
; (8)

whereCij is the numberof timesthat intensity i follows intensity j in the sequence
Sc

1. And hencetheexpected0th orderdistribution (which is thevector (oj +1)
(c+ I ) ) hasthe

desiredpropertiessince

X

j

E(pi j j jSc
1)

(oj + 1)
(c + I )

=

P
j Cij + 1=I

c + I
=

oi + 1
c + I

: (9)

Thismodi�cation is equivalentto imposingaprior overpi j j thatfavoursstructurein the

Markov processandis proportionalto
Q

ij p(1=I ¡ 1)
i j j ). ThisgivesAlgorithm 2.
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Algorithm 2 Rapid1stordercomputationof
R

P(Sc
1 jT)P(T) dT

sequence_probability (S[], c)
dim CoOccurrence[NUM_CLASSES][NUM_CLASSES]
// seedCoOccurrence[][] with 1/NUM_CLASSESsamplesperbin
for r=1..NUM_CLASSESdo

for c=1..NUM_CLASSESdo
CoOccurrence[r][c]=1/NUM_CLASSES

end for
end for
Probability=1/NUM_CLASSES // probabilityof the�r st symbol
for i=2..cdo

Probability= Probability* CoOccurrence[S[i]][S[i-1]]/
P

CoOccurrence[][S[i-1]]
CoOccurrence[S[i]][S[i-1]]= CoOccurrence[S[i]][S[i-1]]+1

end for
returnProbability

3.3 Examplesapplied to a scanlinethr oughBrodatz textures

We illustratetheseideasby consideringtheproblemof locatingtheboundarybetween
two Brodatztextures.

(a) (b) (c)
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Figure3.Brodatztexturesresults.(a) texturepatchusedto learnthetargettexturemodel(thedark
stripe).This modelis usedto detecttheboundaryof the target texturewith anothertexture.(b)
and(c) detectedboundaryusing0thand1stordermodelrespectively. Whitedotsarethedetected
changepointandtheblackline is the®ttedtextureboundary. (d)distancesfrom edgein 0thorder
model(e)distancesfrom edgein 1stordermodel
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Figure4. In this case,the 0th ordermodel(left) yields a result that is lessprecisethanthe 1st
orderone.As before,white dotsare the detectedchangepoint and the black line is the ®tted
textureboundary.

Fig. 3 shows detectionresultsin a casewherethetextureis differentat thetop and
bottomof theimage.In Fig. 3 (a) theregion that is usedto generatemodelstatisticsis
marked by a dark stripe.In (b) the boundarybetweenthe upperandlower texturesis
correctlyfoundusing0th orderMarkov modelfor bothsides.(c) shows theboundary
found using 1st order Markov model for both sides.While the model for the lower
points is built in an autoregressive manner, the modelof the upperpoints is the one
createdduringtheinitialization phase(a).White dotsshow theexactdetectedpoint on
the boundaryalongvertical scanlines,to which we robustly �t a line shown in black.
Thedistributionof thedistancesfrom whitepointsto theblackline areshown in (d) and
(e) for the0th orderand1storderrespectively. As canbenoticedthedistribution peak
is lesssharpfor the0th ordermodelthanthe1storder. This canhamperthedetection
of boundarieswhenthedistributionsaresimilarasshown in Fig. 4.

An exampleof texture segmentationfor a pieceof texture for which we have a
geometricmodel is shown in Fig. 5. This is a especiallydif�cult situationdueto the
neighbouringtexture mixture.Nevertheless,both 0th and1st ordermodelsdetectthe
boundaryof thetargetobject(blacklines)accuratelyby robust�tting of thepolygonal
model to the detectedchangepoints(white dots). However it was observed that 0th
ordermodelis moresensitive to initial conditions,whichcanbeexplainedby theabove
statementthatthe0thorderobservationsarelessaccurate.

Our �nal teston texturesinvolvesthecasewherethereis no a priori modelfor the
textureoneitherside.Someresultsof applicationof ourmethodareshown in Fig. 6. In
theFig. 6(a) theboundaryis accuratelydetected.On theotherhandfor morecompli-
catedtestof Fig. 6(b) theresultsarelessaccuratedueto highoutlier ratio.

4 Real-Time TextureBoundary Detection

We now turn to theactualreal-timeimplementationof our texture-boundarydetection
methodusingthe0than1storderalgorithmsof Section3.

Assuminga1storderMarkov modelfor thetextureonbothsidesof thepointsalong
the searchline, we wish to �nd the point for which the exterior andinterior statistics
bestmatchtheirestimatedmodel.Thesemodelcanbebuilt onlineor learnedapriori. In
thelattercase,webuild upandregistera local0thand1storderprobabilitydistribution
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(a)

(b) (c)

Figure5.Segmentationof apolygonalpatch.(a) Initialization: texturepatchusedto learnthetar-
gettexturemodel(thedarkstripe).Thismodelis usedto detecttheboundaryof thetargettexture
with anothertexture.(b) and(c) detectedboundaryusing0 and1stMarkov modelrespectively.
0th ordermodelis moresensitive to theinitial conditions.As before,white dotsarethedetected
changepointandtheblackline is the®ttedtextureboundary.

Figure6.Textureboundarydetectionwith no a priori modelassumption.In thecaseof polygo-
nal texture,thewhite dots(detectedchangepointsaremorescatteredbut robust®tting yieldsan
accurateresultfor theboundary(blacklines).

(intensity histogramsand pixel intensity co-occurrencematrices)for a set of model
samplepointsM 0 during the initialization wherethe 0 subscriptindicatestime. Our
systemusesgraphicalrenderingtechniquesto dynamicallydeterminethevisibleedges
andrecognizetheexteriorones.Ourrepresentationof thetargetmodelprovidesuswith
inwardpointingnormalvectorsfor its exterioredges.Thesenormalvectorsareusedto
readandstorestripesof pixel valuesduringinitialization.Thestripesneednot bevery
large.Thesestripesareusedto calculatelocal intensityhistogramsandpixel intensity
co-occurrencematricesfor eachsamplepoint in M 0. Having local informationallows
us to constructa morerealisticmodelof texture in the caseswherethe target object
containspatchesof differenttexture.

During tracking,at time i , for eachsamplepoint p in thesetof sampleM i , we �nd
theclosestpoint in initialization sampleset,M 0, andretrieve its associatedhistogram
andco-occurrencematrix. Then,asdepictedby Fig. 2(b), for eachpixel c alongthe
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scanlineassociatedto renderedpoint p, two probabilitiesP(Sn
c+1 jT2) andP(Sc

1 jT1)
are calculatedusing algorithm 2 of Section3, as the line is being scannedinwards
in the directionof the edgenormal.P(Sn

c+1 jT2) is the probability that the successive
pixelsarepartof thelearnedtexturefor thetargetobjectandP(Sc

1 jT1) is theprobability
thattheprecedingpixelson thescanlinearedescribedby thetheautoregressive model
that is built aswe move alongthe scanline andcomputethe integral of Eq. (2). This
processis depictedby Fig. 2(b). This autoregeressive model is initially uniform and
is updatedfor eachnew visited pixel and includesboth the zerothorderdistribution
andaco-occurrenceprobabilitydistributionmatrix.Having calculatedP(Sn

c+1 jT2) and
P(Sc

1 jT1) for all pointsc on thescanline,thepoint c for which thetotal probabilityas
given by Eq. (1) is maximum,is saidto be the texture boundaryandthe distancedp

betweenchangepointc andsamplepoint p is passedto the minimiserto computethe
poseparameterswhichminimisesthetotal sumof distances.

5 Experimental results
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Figure7. Plotting the motion of the centerof gravity of the chair of Fig. 1. (a,b)Top andside
view of theplane®ttedto therecoveredpositionsof thecenterof gravity. (c) Deviationsfrom the
plane,whichareverysmall(all measurementsarein mm).

In thecaseof thechairof Fig. 1, everythingelsebeingequal,detectingthebound-
ariesusing the texture measurewe proposeappearsto be much more effective that
usinggradients.To quantify this, in Fig. 7, we plot themotionof thecenterof gravity
of themodelrecoveredusingthetexture-basedmethod.Sincethechairremainson the
ground,its truemotionis of courseplanarbut ourtrackerdoesnotknow thisandhassix
degreesof freedom,threerotationsandthreetranslations.The fact that the recovered
motionis alsoalmostplanaris agoodindicationthatthetrackingis quiteaccurate.

Figs.8, 9, and10 show thestableresultof trackingdifferenttexturedobjectsand
anO2computeragainstaclutteredbackground.Resultsof Fig. 9 areobtainedwithout
usingprior modelsfor the textureon eithersideof themodel.Note that thealgorithm
workswell on theO2eventhoughit is notparticularlytextured,showing its versatility.

Ourcurrentimplementationcanprocessup to 120fpsona 2.6GHzmachineusing
adensesetof samplesonourCAD modelsetanda1storderstatisticalmodel.This low
computationalcostpotentiallyallowsthetrackingof multipletexturedandnon-textured
objectsin parallelusingasinglePC.
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(5) (36) (45) (101)

Figure8.Trackinga texturedboxagainstaclutteredbackground

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

Figure9.Trackingatexturedboxagainstaclutteredbackgroundwithout recordingprior models.
Themodelis materialisedby blacklines.

6 Conclusion

In thispaper, wehaveshown thatawell formalizedalgorithmbasedonaMarkov model
letsususea simpleline searchto detectthetransitionfrom onetextureto anotherthat
occursatobjectboundaries.This resultsin avery fasttechniquethatwehavevalidated
by incorporatingit into a 3–D model-basedtracker, which unlike thosethat rely on
edge-gradientsto detectcontours,succeedsin thepresenceof textureandclutter.

We have demonstratedour technique's effectivenessto track man-madeobjects.
However, all objectswhoseoccludingcontourscanbeestimatedanalyticallyaresubject
to this treatment.For example,many bodytrackingalgorithmsmodelthehumanbody

(1) (12)

(29) (110)

Figure10.Trackingof amuchlesstexturedO2computeragainstaclutteredbackground



12 Ali Shahroknietal.

asa setof cylindersor ellipsoidsattachedto an articulatedskeleton.The silhouettes
of theseprimitiveshave analyticalexpressionsasa functionof theposeparameters.It
shouldthereforebepossibleto usethetechniquesproposedhereto �nd thetrueoutlines
anddeformthebodymodelsaccordingly. This will be thefocusof our futurework in
thatarea.Anotherissuefor futurework is thebehaviour of this methodwhenlighting
conditionschange.This will be handledby replacingthe currentstationarystatistical
modelsby dynamiconesthatcanevolve.
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