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Abstract

We introducean approachfor realtimesegmenta-
tion of asceneinto foregroundobjects,background,
and object shadows superimposedon the back-
ground.To segmentforegroundobjects,we usean
adaptive thresholdingmethod,which is ableto deal
with rapid changesof the overall brightness.The
segmentedimageusuallyincludesshadows castby
the objectsonto the background.Our approachis
ableto robustly remove theshadow from theback-
groundwhile preservingthesilhouetteof the fore-
groundobject.We discussa similarity measurefor
comparingcolor pixels, which improves the qual-
ity of shadow removal signi�cantly. As the image
segmentationis partof a real-timeinteractionenvi-
ronment,real-timeprocessingis needed.Our im-
plementationallows foregroundsegmentationand
robustshadow removal with 15Hz.

1 Intr oduction

Many real time motion captureand tracking sys-
temsrely on an accuratecontourextractionlike in
[4, 8,10]. As thecontourextractionis usuallybased
on computingthe differencebetweenthe current
imageandareferencebackgroundimage,appropri-
ate lighting conditionsare necessary. Often these
lighting conditionscan not be guaranteed,espec-
cially in environmentsfor interactionpurposes,e.g.
when a useracts in front of a display. For good
visibilty of the display the interactionareahasto
beratherdarkor spotlights have to beused,which
causesigni�cant shadows.

In this contribution we presenta novel approach
of extractinga reliablecontourunderbad lighting
conditions.A similarity measurefor comparisonof
color imagesbasedonthenormalizedcrosscorrela-
tion is given,whichis well suitedto eliminateshad-
ows in segmenteddifferenceimages.

The paperis organizedas follows: At �rst we
give a shortdescriptionof previouswork relatedto
color segmentationand real time motion capture.
The next sectiongives an overview of our inter-
action environmentand the system's components.
In section4 the adaptive thresholdmethodfor ini-
tial imagesegmentationis presented.The method
to detectshadows is describedin section5, where
thesimilarity measurefor color imagesis discussed
also.Finally weshow someresultsandendwith the
conclusion.

2 PreviousWork

As statedin [8] the useof subtractingthe current
image with a noise free referenceimage is very
popularfor humanmotion capturesystems.In the
article a goodoverview aboutmotion capturesys-
temsis givenandthesystemsaredivided into four
tasks:Initialization,Tracking,PoseEstimationand
Recognition.Thegoalof takingthedifferenceim-
ageis usuallyto segmentapersonin frontof astatic
sceneas foreground. The segmentedforeground
thengivesareliablesilhouetteof thepersonin front
of thecameraandis usedfor contouranalysis.

In [3] a differenceimage is usedto �nd head,
handsand feet via a contouranalysisand for ini-
tialization of a personmotion model(cardboards).
While the backgroundis assumedto be static,
small changesin lighting can be adapted,though
thesechangesin lighting have to occur over sev-
eral frames. Overall changesin the scenecan be
incorporatedinto the backgroundmodel, but only
as long asthe foregroundextractionanddetection
workswell. CastShadows arenot treatedexplicitly
anddon't seemto occurin thegivenexamples.

In [4] the W4 systemis usedin an indoor en-
vironment for real time 3D motion capture. The
contourextractionisextendedtocolorYUV-images
andcastshadows arehandledexplicitly. All pixels
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areclassi�ed into background,shadedbackground,
highlightedbackgroundor foregroundusingvarious
thresholds.

A 2D contourshapeanalysisbasedondifference
imagesis alsousedin [11] to initialize ablobmodel
via identifying head,handsandfeet locations.The
thresholdfor segmentationin the differenceimage
is calculatedfor eachpixel separatelyasthecovari-
anceof Y UV color valuesover time. For darker
pixels,whichcanbegeneratedby shadow, thechro-
maticvaluesU andV arenormalizedby Y to create
an illumination invariant measure. However, this
measureis not totally illumination invariant, be-
causeRGB valuescanbe convertedto YUV by a
linearmatrix multiplication.

In [10] contour extraction and analysisis also
usedto �nd head,handsandfeet in images,while
the segmentationthresholdseemsto be setmanu-
ally. Shadows don't occur, becausea personmoves
in front of a blackbackground.

An overview of many color spaces,their de�ni-
tion andusabilityis givenin Chapter1 of [9]. Sim-
ilarity measuresfor multichannelsignalsandcolor
imagesaregivenonpage72pp.includingmany ex-
amplesfor similarity measuresfrom otherworks.

An approachfor segmentationof color images
taking interre�ectionsand shadow into accountis
presentedin [6]. Shadow is assumedto reducethe
intensitybut doesnot changethehueor saturation
value.Regionswith possibleinterre�ectionsarede-
tectedandintensityhistogramsarecomputed.It is
assumed,that in regions without shadow the his-
togramvariescontinously, while in shadow regions
thereare two maxima. This approachis probably
not fastenoughfor realtime purposes,causeof the
regiondetection.

In our work anadaptive thresholdfor segmenta-
tion of a differenceimageis used,which adaptsto
lighting changesin only oneor two frames.To de-
tectshadows we usea similarity measurefor color
pixels,thatis similar to thenormalizedcrosscorre-
lation (NCC) and thereforeneedsonly onemanu-
ally setthreshold.In additiontheNCC canbe im-
plementedef�ciently [7] to ful�ll real time condi-
tions.

3 SystemOverview

In [1] a previousversionof our systemis described
in detail,sowe give only a brief descriptionof the

Figure1: A view of theinteractionareawith a user
wearingpolarizedglasses. The overheadcamera
canbeseenon thetopneartheceiling.

systemherefor completenessand presentthe en-
hancementsin moredetail.

Theaimof thesystemis to enabletheuserto ex-
ploreavirtual sceneinteractively with moreimmer-
sive techniquesthankeyboard,mouse,headtracker
or any othercableconnecteddevices.

Thevirtual 3D-sceneis displayedsimultaneously
on a stereobackprojectionwall in front of theuser
andontwo displaysplacedbesidetheuser(sidedis-
plays).All thesedisplaysaresynchronizedwith the
presentedtechniques.

Theusercaninteractwith the3Dscenebysimply
walking throughoutthe scene. To get the motion
of the userwe track the userwith threecameras.
One�x ed camerais locatedat the ceiling andtwo
pan-tilt-zoomcamerasaremountedin front of the
userat thebottomof thestereodisplay(see�g. 1).
This interactionis very naturalbecausethereis no
specialtrackingdevice �x edto theuser's body.

Thesystemarchitectureis asfollows. Thecam-
eraat theceiling (overheadcamera)locatesthepo-
sition of the user's feet on the �oor . This sensor
deliversa 2D positionthatcanbeusedto initialize
andcon�ne thesearchrangeof thetwo pan-tiltcam-
erasfacing the user. If the pan-tilt-zoomcameras
have found the user's headby searchingfor skin
coloredblobsthey track the user's face. From the
rotationanglesof the pan-tilt cameraswe triangu-
latetheuser's3D headpositionin space.Thisposi-
tion is usedto calculatetheviewpoint for a virtual
view of thescene.Theviewpoint positionis trans-
mittedto four framewisesynchronizedvisualization
nodesfor thestereodisplayandthesidedisplays.

All the modulesof the systemarecomputation-
ally expensiveanddemandrealtimerequirementsof
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Figure2: Componentsof thedistributedsystemand
theirconnections

at least10-15framespersecondfor trackingand30
framespersecondfor visualization.Wehave there-
fore distributedthecomputationalload to different
Linux client nodes. Currently eachcamerais at-
tachedto a separatenodewith a framegrabber, and
the stereodisplay is splittedonto four nodeswith
fastOpenGLconsumergraphicscardsfor thestereo
displayandthesidedisplays.Thesemachinesneed
a synchronizationandintercontrolprotocolto meet
therequirementsof therealtimeinteractionsystem
andto fuseanddistribute the inputs. This is han-
dled by the interactionserver. All machinesare
connectedby standardEthernetnetwork interfaces.
Figure2 sketchesthecompletesystemandthecon-
nectivity with theinteractionserver.

3.1 Foot tracking with overheadcamera

The overheadcameramountedat the ceiling is
equippedwith a wide-angularlens. It is tilted to
view thewhole�oor of theinteractionareain front
of the display. Furthermorethe radial distortionis
compensatedduringcomputation.Sincethecamera
views theplanar�oor wecanusefour pointson the
�oor to computea homographyH f loor that relates
ground�oor scenecoordinatesand imagecoordi-
nates.

We use a backgroundimage to subtractback-
ground information from the current image. Af-
ter this backgroundsubtractionthe differenceim-
ageonly containsnoise,the user, andthe shadows
causedby the user. The noisecausedby the cam-
eraCCD is canceledout by adaptive thresholding
aspresentedin section4.

Now the current imageis segmentedinto fore-
ground which containsonly the user and back-
groundwhich is the interactionarea. At last we
have to locatethe user's feet on the �oor . We ex-
ploit thefact that,dueto thetilted viewing frustum
of thecamera,thefeetarealwaysvisiblein thecam-
eraevenif theheadof theuserin theinteractionarea
maynot bevisible. With respectto theviewing ge-
ometry of the cameras,the user's feet are always
locatedon thebottommostpartof theforeground.

We identify the user position with the bottom
most foot position in the segmentedcameraim-
age.Thefoot positionis foundby scanningtheseg-
mentedimagefrom thebottomright to the top left
andsearchingfor the �rst occurrenceof a block of
thesizeu(x; y), whereu(x; y) modelstheexpected
feetsizedependingontheposition(x; y) of thefeet
on theinteractionarea.

Thereliability of thisposeestimationdependson
the noisein the differenceimage. To avoid noise
in the estimatedposition we only updatethe esti-
matedposition if the new position hasa distance
from thelastestimatedpositionin pixel greaterthan
a given threshold! . Normally ! = 2 pixel is a
goodchoice.

It canbeassumedthat the feetmove on a plane,
namelythe �oor , so the above mentionedhomog-
raphy H f loor from the cameracoordinatesto the
�oor coordinatesis applied to get the position of
the user's feet on the �oor . These2D coordinates
are submittedto the interactionserver for further
processing.

4 Foreground Segmentation

To detectforegroundregionswe usea background
referenceimageandcalculatethedifferenceimage
with thecurrentone.To acquireabackgroundrefer-
enceagroundtruth imageis incorporatedasamean
imageof a sequenceof theinteractionareawithout
theuser.

For a given�x ednoiselevel thelengthof these-
quencecanbecomputed[1] accordingto thenoise
variancein thecurrentimage.However we usually
usea lengthof 16frames,whichgivesgoodresults.
To speedup processingandto reducenoisein the
imagewe processsubsampledimagesof 320x240
pixel size.

Thesegmentationof the foregroundis oftenob-
tainedby applyinga thresholdto thedifferenceval-



ues. The choiceof the thresholdparametervaries
in eachapproach,while it usuallydependson the
cameranoise.In W4 [3] thenoiseis measuredsep-
aratelyfor eachpixel by calculatingtheminimum,
maximum and the maximal interframe-difference
overacertaintimeintervall. In P�nder [11] thevari-
anceof thenoiseis measuredfor eachpixel asthe
covariancematrix of the(Y,U,V)-vectorover time.

We take a differentapproachwhich hascertain
advantages.Insteadof calculatingthe variancefor
eachpixel over time, we measurethe varianceof
the pixel noise over the whole differenceimage
eachframe, leaving the segmentedforegroundre-
gionout.

Let d(x; y) = r (x; y) � a(x; y) bethedifference
imagevalue,r (x; y) thebackgroundreferenceim-
ageintensityanda(x; y) thecurrentimageintensity
at imagepositions(x; y). Thevarianceof noisein
animagewith sizeM � N is,

� 2 =
1

M N

M � 1X

i =0

N � 1X

j =0

(d(i; j ) � �d)2 (1)

where �d is the meanvalue of the differenceim-
age.For ef�cient computationthis equationcanbe
rewrittenas
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Assuminga Gaussiandistribution of noise we
set the segmentationthresholdto 2� 2 . Therefore
97:5% of noiseare in the segmentationintervall.
Eachpixel belongsto theforeground,if

jd(x; y) � �dj > 2� 2 : (2)

Themainadvantageof thisapproachis theprop-
erty of fast adaptionto lighting changes,because
the new thresholdis computedfor eachframeand
is independentfrom previous frames. Even large
changesof theoverall brightnesscanbeadapted,as
themeanvaluein thedifferenceimageincorporates
suchintensityvariations.

However, it is very important to calculatethe
new threshold for the backgroundonly and not
for shadows or partsof the person,becausea suf-
�ciently large region of not detectedforeground

leadsto a large variance,which leadsto lessde-
tectedforegroundin thenext frame.Accumulating
even largervariancesuntil almosteverythingis de-
tectedas background. To overcomethis problem
we assumefor initialization that only background
is visible. In laterstepsa boundingbox aroundall
thresholdedpixel canbesparedout to calculatethe
new threshold. In our environmentthe camerais
mountedsuchthatwecanassumenobodyis appear-
ing in thelower� vepercentof theimage.Therefore
we calculatethe thresholdonly in this part of the
image.

Overall changesin the sceneare not treated,it
is assumedto bestatic. However it is easilypossi-
ble to updatethebackgroundreferenceif only slow
changesin thebackgroundsceneoccur.

The thresholdingresults in segmentedimages
like shown in �gure 3, wherethesegmentedshape
of thepersonis visible. Thecastedshadowsarepart
of theforegroundtoo,which makesa contouranal-
ysisverydif�cult.

Figure3: currentimageandsegmentedimage

5 Shadow Removal

To distinguishthe shadows from the personin the
segmentedimagewe assumethe following proper-
ties:

� a shadow pixel is darker thanthecorrespond-
ing pixel in thebackgroundimage,

� thetextureof theshadow is correlatedwith the
correspondingtexture of the backgroundim-
age.

The shadows areremoved in the segmentedim-
ageby thefollowing steps.

At �rst we erodesingle segmentedpixels, be-
causethesepixels areusuallycausedby noise,but
werenot rejectedby thepreviousthresholding.

Thenfor eachpixel in thecurrentimage,which
is darker thanthe correspondingpixel in the refer-



enceimage,wecalculatea 7 � 7 normalizedcross-
correlationwith thereferenceimage.

5.1 Corr elation of intensity images

To measurethe similarity of imagepartsit is pos-
sible to calculatethecrosscorrelationover a given
window size [5]. Usually brightnessinvarianceis
desired,asgiven by thecrosscovariance,which is
theaverage-freecrosscorrelation.

In this work we are only interestedin compar-
ing pixel valuesat the samepositionsin two im-
ages,andwill thereforegive the correlationequa-
tions only for this specialcase. The crosscovari-
ancewith window sizeM � N for two imagesa; b
at imageposition(x; y) is thende�ned as,

CCa;b (x; y) =
1

M N

X

i;j

(ai;j � �a)( bi;j � �b):

wherei rangesfrom (x � M � 1
2 ) to (x + M � 1

2 ) and
j from (y � N � 1

2 ) to (y + N � 1
2 ). The �a; �b denote

theaverageof theM � N window for imagea and
b.

Thecrosscovarianceis brightnessinvariant,but
sensibleto changesin contrast.To achieve contrast
invariancealso,thecorrelationis normalizedby the
variancein eachwindow, which leadsto the well
known normalizedcrosscorrelation(NCC).For ef-
�cient computationtheNCC canbewritten as,
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For shadow pixelsthis correlationis nearto one,
sowe eliminatethedarker pixels in thesegmented
image,if theNCC of thepixel in thecurrentimage
andthepixel in thereferenceimageis greaterthan
a threshold� N C C . After removing pixels with the
NCC thresholding,we applya 3x3 closeningoper-
ator to �ll smallholesin thecontour. This method
is alreadypresentedin [2].

Figure4 shows theeliminationof shadow pixels
for � N C C = 0:4. Most of the shadow pixels are

eliminated,but signi�cant partsareleft. Furtherre-
ducingof � N C C eliminatesmoreof theshadow, but
removes partsof the person's shapealso. This is
dueto thesmall correlationwindow size,which is
necessaryfor fastcalculation.In regions,whichare
nearto homogeneous,theNCC tendsto vary heav-
ily, making it very dif�cult to distinguishclothes
without texturefrom shadow.

Figure4: segmentedimagewith theappliedthresh-
old (left) andimagewith removedshadow basedon
NCC(right)

5.2 Corr elation of color images

To improve thequality of theshadow removal, we
wantto take color informationinto account.

Theideais to usecolor information,if theinten-
sity valuesalonegive no correlationinformation.
This happensif the observed region is, for exam-
ple, homogeneous.To split the color information
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Figure5: ThebiconicHSL space.

from the brightnessvalueswe representthe color
imagein the biconic HSL space(Hue, Saturation,



Lightness,see�gure 5) [9], which hasthe follow-
ing properties:

� The hue value in the HSL spaceis the an-
gle in the chromaticplanearoundthe achro-
matic axis of the RGB space. Thereforethe
huevalueis independentfrom thebrightness.

� The saturationS of the color is computedas
max (R; G; B ) � min (R; G; B ) andis there-
forenotbrightnessindependent.A normaliza-
tion of thesaturationvaluegivesbrightnessin-
dependence,asfor the cylindrical HSV color
space,but is not suitedfor color information
processing,becausedark imageregions, can
have maximumsaturationin spiteof the low
energy consumedfrom thescene.In thatcase
the saturationvaries heavily in dark regions
dueto noise,which is of coursenotdesired.

� The intensity value L is calculatedas L =
max ( R;G;B )+ min ( R;G;B )

2 . Otherformulasare
possbilealsobut don't give thebiconic repre-
sentationasin �gure 5. For exampletheinten-
sity valuecanbe calculatedasa combination
of red, greenandblue like in the YUV-color
space,or astheaverageof R; G; B .

Theprojectionof thewholeRGB-spaceontothe
chromaticplaneis a hexagonasshown in �gure 6.
To measuresimilarity we calculatethe HSL space
notin polarcoordinatesbut usetheprojectionof the
(R; G; B ) vectoronto the chromatic(H ; S)-plane
to calculatethe Euclideanvaluesof hueandsatu-
ration. We will denotethe representationin Eu-
clideancoordinates,with (h; s), calling the color
spacewhereH ; S areconvertedto Euclideancoor-
dinatesasthe hsL color space.The projectedh; s
part is scaledsuchthat its lengthequalsthesatura-
tion of theHSL colorspace.Weproposefor thecor-
relationof two color pixelsca = (ha ; sa ; L a ) and
cb = (hb; sb; L b) the scalarproductca cb . This
is a rather intuitive way to comparemultichannel
signalsandis onepossibleway to de�ne similarity,
comparewith page72pp.of [9].

Thescalarproductof two different(h; s; L ) vec-
torsgivesa high correlationfor color pixels,which
have a similar hue(smallanglebetweenthem)and
which have high saturations.As the saturationof
thecolorisequivalentto thelengthof the(h; s) vec-
tor, color pixels have a small correlation,if oneof
their saturationsis low. Thereforethe scalarprod-
uct is well suitedto measurethecorrelationof color
pixels.

Red

GreenBlue

s

h

b

a

c

c

Figure 6: The chromaticplane of the hsL color
space.

Whenapplyingit to thecross-covariance,onehas
to recognizethat the cross-covarianceis average-
free. As we want to measurethe similarity of two
colorregions,weapplytheaveragesubtractiononly
to theintensityvalues(L ).

The scalarproductfor (h; s) is calculatedsepa-
rately from the intensitiesandnegative resultsare
set to zero, which regardsthe fact that two col-
orswith an hueangleof morethan90 degreesbe-
tweenthem, are interpretedas not similar by hu-
mans,while blueis usuallynot seenasmoreunlike
from yellow thanit is from green.

Wede�ne thecolor-cross-covariance(CCC) over
a window with size M � N for two color pixel
ca

xy ; cb
xy from two imagesa; batanimageposition

(x; y) as,

CCCa;b (x; y) =
1

M N

X

i;j

(ca
ij � cb

ij ) � �L a �L b (4)

with

ca
ij � cb

ij = (ha
ij ; sa

ij ) � (hb
ij ; sb

ij ) + L a
ij L b

ij (5)

wherei rangesfrom (x � M � 1
2 ) to (x + M � 1

2 ) andj
from (y� N � 1

2 ) to (y+ N � 1
2 ) and �L a is theaverage

intensityin imagea over theM � N window.
The � operatordenotesthe scalarproduct,with

negative valuessetto zero.
The extensionof the NCC for color imagesis

straightforward. The normalizationfactor is again
theoverall varianceof theintensityL in eachwin-
dow to achieve contrastinvarianceon the intensity



channel.Thecolor correlationvalues(hueandsat-
uration) are only normalizedsuchthat the result-
ing color-normalized-cross-correlation(CNCC) is
in [� 1:::1].

We de�ne the CNCC over a window with size
M � N for two color pixel ca

xy ; cb
xy at an image

positon(x; y) as,

CN CCx;y =

P

i;j
(ca

ij � cb
ij ) � �L a �L b

p
V AR a V AR b

(6)

with

V AR k =

 
X

i;j

(ck
ij � ck

ij ) � M N �L k 2

!

wherei; j; �L a ; �L b asabove andk 2 f a; bg.
Thesaturationsof thecolorshave thesamescale

asthe intensities,suchthat thecontribution of hue
andsaturationtogetherhasasmuchin�uenceonthe
resultingCNCC valueasthe intensityalone. This
givesa weightingof color (hueandsaturation)to
intensity information as 1:1, which can be easily
adaptedif necessary.

TheCNCChasthepropertyto beidenticalto the
NCC if no color valuesarepresent(the saturation
of thecolor is zero). But in regions,wherethe in-
tensityvaluealonegivesnocorrelationinformation,
theCNNCmeasuresthecolor similarity of bothre-
gions,whereasthe resultingCNCC is in [0::1] for
such regions, becausethe negative valuesof the
scalarprodcutaresetto zero.

The additionalcomputationalcostof the CNCC
versusthe NCC for intensitiesare the threescalar
productsca

ij � cb
ij for eachpixel (equation6) and

the conversioninto the hsL space.Also threeval-
ueshave to be accessedin memoryfor eachpixel
insteadof onefor intensityimages.

6 Results

Theuseof theCNCCimprovestheshadow removal
signi�cantly as visbile in the bottom right of �g-
ure7, wheretheCNCCthresholdingeliminatedthe
segmentedshadows, but preservestheshapeof the
personacting in front of the display. The useof
theNCCpreservestheshapeof thepersonalso,but
removesonly partsof the shadow asvisible in the
bottomleft of �gure 7. Theholesin thesegmented

shapearedueto therathersmall3x3 closeningop-
eratorweuse,if desired,largeroperatorscanbeap-
plied to �ll all holes,but have of coursea greater
computationalcost.

Figure 7: Top row: current image(left) and seg-
mentedimage(right). Bottomrow: segmentedim-
agewith removedshadow basedon NCC (left) and
CNCC(right).

Figure 8 shows three frames of an image se-
quence, where the proposedmethod to remove
shadows in tresholdeddifferenceimagesis applied.
Theshapeof theuserwearingdarkbluejeansanda
darkredpullover is reliableextractedin spiteof the
poor lighting conditions. On the left side the cur-
rent imageis shown andto theright theresultafter
removing shadow pixels which have a CNCC cor-
relationvaluelargerthan� C N C C = 0:4 Theborder
of N

2 pixels is not processedto speedup the com-
putation,whereN � N is the size of the CNCC
window. Theforegroundsegmentationrunswith 8-
20Hz dependingon the amountof darker shadow
pixels. The usedmachinewas a 1,2GHz Athlon
linux systemandtheimagesizewas320� 240.

As the CNNC and NCC measurethe textural
similarity of two regions, a userwearingtextured
clotheswith multiple colors is moreeasily to dis-
tinguishfrom thebackground.Also a coloredtex-
turedbackgroundisbettersuitedfor theCNCC.The
resultsshow that even without texturedclothesor
backgroundour systemis ableto robustly remove
shadows in thresholdeddifferenceimagesto extract
theuserssilhoutte.



Figure8: Threeframesof animagesequence.Orig-
inial imageon the left andsegmentedimagewith
removedshadow usingtheCNCCon theright.

7 Conclusion

We presentedan adaptive thresholdingmethodfor
the segmentationof an user in front of a display.
Furthermorewe introduceda new similarity mea-
surefor color imagesthat usesa HSL color space
to seperatethe color from the intensity informa-
tion. This new color NCC wasappliedto improve
theshadow removal techniquefor segmenteddiffer-
enceimages.

The next stepis to analyzethe developedcolor
normalizedcrosscorrelationfor theusein otherap-
plicationslike stereomatching. Furtheron we are
going to compareit with othersimilarity measures
like thecontentmodelfamily of measures[9].

To speedup thecomputationmoreef�cient con-
versionroutinesto the hsL areneededandan ap-
proachwhich makes the computationtime inde-
pendentfrom the amountof darker pixels is desir-
able. This canbeachieved for examplewith a pre-
computationof theNCC valuesfor a boundingbox
aroundthe segmentedforegroundusing a sliding
window. As long astheboundingbox sizedoesn't
vary too muchfrom frameto frame,the bounding
box from the previous frame can be usedto pre-
computetheNCCvaluesfor thecurrentframe.
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