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Abstract

We introducean approachfor realtime segmenta-
tion of ascenento foregroundobjects background,
and object shadwvs superimposedon the back-
ground. To segmentforegroundobjects,we usean
adaptve thresholdingnethod whichis ableto deal
with rapid changesof the overall brightness. The
segmentedmageusuallyincludesshadas castby
the objectsonto the background.Our approachs
ableto robustly remove the shadav from the back-
groundwhile preservinghe silhouetteof the fore-
groundobiject. We discussa similarity measurdor
comparingcolor pixels, which improvesthe qual-
ity of shadav removal signi cantly. As theimage
segmentatioris partof areal-timeinteractionervi-
ronment,real-timeprocessings needed.Our im-
plementationallows foreground segmentationand
robustshadav removal with 15Hz.

1 Intr oduction

Many real time motion captureand tracking sys-
temsrely on an accuratecontourextractionlike in
[4,8,10]. Asthecontourextractionis usuallybased
on computingthe differencebetweenthe current
imageandareferencébackgroundmage,appropri-
ate lighting conditionsare necessary Often these
lighting conditionscan not be guaranteedespec-
cially in ervironmentsfor interactionpurposese.g.
when a useractsin front of a display For good
visibilty of the display the interactionareahasto
beratherdark or spotlights have to be used which
causesigni cant shadavs.

In this contrikbution we presenta novel approach
of extractinga reliable contourunderbad lighting
conditions.A similarity measurdor comparisorof
colorimageshasednthenormalizedcrosscorrela-
tionis given,whichis well suitedto eliminateshad-
ows in sggmentedlifferenceémages.

The paperis organizedas follows: At rst we
give a shortdescriptionof previouswork relatedto
color sggmentationand real time motion capture.
The next sectiongives an overvien of our inter
action ervironmentand the system$ components.
In section4 the adaptve thresholdmethodfor ini-
tial image segmentationis presented.The method
to detectshadwvs is describedn section5, where
the similarity measurdor colorimagess discussed
also.Finally we shav someresultsandendwith the
conclusion.

2 PreviousWork

As statedin [8] the useof subtractingthe current
image with a noise free referenceimageis very
popularfor humanmotion capturesystems.In the
article a goodoverview aboutmotion capturesys-
temsis givenandthe systemsaredividedinto four

tasks:Initialization, Tracking,PoseEstimationand
Recognition.The goal of takingthe differenceim-

ageis usuallyto sgmentapersonn front of astatic
sceneas foreground. The segmentedforeground
thengivesareliablesilhouetteof thepersonn front
of thecameraandis usedfor contouranalysis.

In [3] a differenceimageis usedto nd head,
handsand feet via a contouranalysisand for ini-
tialization of a personmotion model (cardboards).
While the backgroundis assumedto be static,
small changesn lighting can be adapted though
thesechangesn lighting have to occur over sev-
eral frames. Overall changesn the scenecan be
incorporatednto the backgroundmodel, but only
aslong asthe foregroundextraction and detection
workswell. CastShadavs arenot treatedexplicitly
anddon't seemto occurin thegivenexamples.

In [4] the W4 systemis usedin an indoor en-
vironmentfor real time 3D motion capture. The
contourextractionis extendedo color YUV-images
andcastshadws arehandledexplicitly. All pixels
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areclassi edinto badkground,shadedbadground,
highlightedbadgroundor foregroundusingvarious
thresholds.

A 2D contourshapeanalysisbasedn difference
imagess alsousedin [11] toinitialize ablob model
via identifying head,handsandfeetlocations. The
thresholdfor segmentationin the differenceimage
is calculatedor eachpixel separatelyasthe covari-
anceof YUV color valuesover time. For darker
pixels,which canbegeneratedby shadav, 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,handsandfeetin images,while
the sgmentationthresholdseemsto be setmanu-
ally. Shadevs don't occur because personmoves
in front of ablackbackground.

An overviev of mary color spacestheir de ni-
tion andusabilityis givenin Chapterl of [9]. Sim-
ilarity measure$or multichannelsignalsandcolor
imagesaregivenon page72pp.includingmary ex-
ampledor similarity measuregrom otherworks.

An approachfor segmentationof color images
taking interre ectionsand shadev into accountis
presentedn [6]. Shadev is assumedo reducethe
intensitybut doesnot changethe hueor saturation
value.Regionswith possibleinterre ectionsarede-
tectedandintensity histogramsare computed.It is
assumedthat in regions without shadev the his-
togramvariescontinously while in shadev regions
therearetwo maxima. This approachis probably
not fastenoughfor realtime purposescauseof the
region detection.

In our work an adaptve thresholdfor sgmenta-
tion of a differenceimageis used,which adaptsto
lighting changesn only oneor two frames.To de-
tectshadwvs we usea similarity measurdor color
pixels,thatis similar to the normalizedcrosscorre-
lation (NCC) andthereforeneedsonly one manu-
ally setthreshold.In additionthe NCC canbeim-
plementedefciently [7] to ful ll realtime condi-
tions.

3 SystemOverview

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

Figurel: A view of theinteractionareawith auser
wearing polarizedglasses. The overheadcamera
canbeseeron thetop neartheceiling.

systemherefor completenessind presentthe en-
hancements moredetail.

Theaim of thesystemis to enablethe userto ex-
ploreavirtual sceneanteractvely with moreimmer
sive techniqueghankeyboard,mouse headtrackr
or ary othercableconnectedlevices.

Thevirtual 3D-scenes displayedsimultaneously
on a stereobackprojectionwall in front of the user
andontwo displaysplacedbesidetheuser(sidedis-
plays).All thesedisplaysaresynchronizedvith the
presentedechniques.

Theusercaninteractwith the3D scenedy simply
walking throughoutthe scene. To get the motion
of the userwe track the userwith threecameras.
One x ed camerais locatedat the ceiling andtwo
pan-tilt-zoomcamerasare mountedin front of the
userat the bottomof the stereadisplay(see g. 1).
This interactionis very naturalbecausehereis no
specialtrackingdevice x edto theusersbody

The systemarchitectures asfollows. The cam-
eraatthe ceiling (overheaccamera)ocatesthe po-
sition of the users feet on the oor. This sensor
deliversa 2D positionthat canbe usedto initialize
andcon ne thesearchrangeof thetwo pan-tiltcam-
erasfacingthe user If the pan-tilt-zoomcameras
have found the users headby searchingfor skin
coloredblobsthey track the users face. Fromthe
rotationanglesof the pan-tilt cameraswve triangu-
latetheusers 3D headpositionin space.This posi-
tion is usedto calculatethe viewpoint for a virtual
view of the scene.The viewpoint positionis trans-
mittedto four framewisesynchronizedisualization
nodedfor the stereadisplayandthe sidedisplays.

All the modulesof the systemare computation-
ally expensve anddemandealtimerequirementsf
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Figure2: Componentsf thedistributedsystemand
their connections

atleast10-15framespersecondor trackingand30
framespersecondor visualization.We have there-
fore distributedthe computationaloadto different
Linux client nodes. Currently eachcamerais at-
tachedo a separateodewith aframegrabberand
the stereodisplay is splitted onto four nodeswith

fastOpenGLconsumegraphicscardsfor thestereo
displayandthesidedisplays.Thesemachineseed
asynchronizatiorandintercontrolprotocolto meet
therequirement®f therealtimeinteractionsystem
andto fuse anddistribute the inputs. This is han-
dled by the interactionsener. All machinesare
connectedy standarcethernetetwork interfaces.
Figure2 sketcheghe completesystemandthe con-
nectvity with theinteractionsener.

3.1 Foottracking with overheadcamera

The overheadcameramountedat the ceiling is

equippedwith a wide-angularlens. It is tilted to

view thewhole oor of theinteractionareain front

of thedisplay Furthermorethe radial distortionis

compensateduringcomputation Sincethecamera
viewstheplanar oor we canusefour pointsonthe
oor to computea homographyH; oor thatrelates
ground oor scenecoordinatesand image coordi-
nates.

We use a backgroundimage to subtractback-
ground information from the currentimage. Af-
ter this backgroundsubtractionthe differenceim-
ageonly containsnoise,the user andthe shadavs
causeddy the user The noisecausedby the cam-
eraCCD is canceledout by adaptve thresholding
aspresentedn sectiord.

Now the currentimageis segmentedinto fore-
ground which containsonly the user and back-
groundwhich is the interactionarea. At last we
have to locatethe users feeton the oor. We ex-
ploit the factthat,dueto thetilted viewing frustum
of thecamerathefeetarealwaysvisiblein thecam-
eraevenif theheadof theuserin theinteractionarea
may not bevisible. With respecto the viewing ge-
ometry of the camerasthe users feet are always
locatedon the bottommostpartof the foreground.

We identify the user position with the bottom
most foot position in the sggmentedcameraim-
age.Thefoot positionis foundby scanningheseg-
mentedimagefrom the bottomright to the top left
andsearchingor the rst occurrenceof a block of
thesizeu(x; y), whereu(x; y) modelstheexpected
feetsizedependingntheposition(x; y) of thefeet
ontheinteractionarea.

Thereliability of this poseestimationdepend®n
the noisein the differenceimage. To avoid noise
in the estimatedposition we only updatethe esti-
matedposition if the new position hasa distance
from thelastestimategositionin pixel greatethan
a given threshold! . Normally! = 2 pixel is a
goodchoice.

It canbe assumedhatthe feetmove on aplane,
namelythe oor, sothe abore mentionedhomog-
raphyH¢ ,or  from the cameracoordinatego the
oor coordinateds appliedto get the position of
the users feeton the oor. These2D coordinates
are submittedto the interactionsener for further
processing.

4 Foreground Segmentation

To detectforegroundregionswe usea background
referencéamageandcalculatethe differenceimage
with thecurrentone. To acquireabackgrounaefer
enceagroundtruthimageis incorporatecasamean
imageof a sequencef theinteractionareawithout
theuser

Foragiven x ednoiselevel thelengthof these-
guencecanbe computed1] accordingto the noise
variancein the currentimage. However we usually
usealengthof 16 frameswhich givesgoodresults.
To speedup processingandto reducenoisein the
imagewe processsubsampledmagesof 320x240
pixel size.

The sgmentationof the foregroundis often ob-
tainedby applyingathresholdo thedifferenceval-



ues. The choiceof the thresholdparametewraries
in eachapproachwhile it usually dependon the
cameranoise.ln W4 [3] the noiseis measuredep-
aratelyfor eachpixel by calculatingthe minimum,
maximum and the maximal interframe-diference
overacertaintimeintenall. In P nder[11] thevari-
anceof the noiseis measuredor eachpixel asthe
covariancematrix of the (Y,U,V)-vectorover time.

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

Letd(x;y) = r(x;y) a(x;y) bethedifference
imagevalue,r (x; y) the backgroundeferencem-
ageintensityanda(x; y) thecurrentimageintensity
atimagepositions(x; y). Thevarianceof noisein

animagewith sizeM N is,
1 xixtroo
v @i o° M
i=0 j=0

whered is the meanvalue of the differenceim-
age. For ef cient computatiorthis equationcanbe
rewritten as
1 Xixt o
= WN (i §)*
i=0 j=0
1 Kixt?

N

2

P

dei; j)
i=0 j=0
Assuminga Gaussiandistribution of noise we
setthe segmentationthresholdto 2 2. Therefore

97:5% of noiseare in the sggmentationintenall.
Eachpixel belonggo theforeground,if

jd(x;y) &)

Themainadwantageof this approachs the prop-
erty of fastadaptionto lighting changesbecause
the new thresholdis computedfor eachframeand
is independenfrom previous frames. Even large
change®f theoverall brightnessanbeadaptedas
themeanvaluein thedifferenceémageincorporates
suchintensityvariations.

However, it is very importantto calculatethe
new thresholdfor the backgroundonly and not
for shadavs or partsof the person,because suf-
ciently large region of not detectedforeground

di>2 %

leadsto a large variance,which leadsto lessde-
tectedforegroundin the next frame. Accumulating
even largervarianceauntil almosteverythingis de-
tectedas background. To overcomethis problem
we assumefor initialization that only background
is visible. In later stepsa boundingbox aroundall
thresholdegixel canbe sparedout to calculatethe
new threshold. In our ervironmentthe camerais
mountedsuchthatwe canassumenobodyis appear
ingin thelower vepercenoftheimage.Therefore
we calculatethe thresholdonly in this part of the
image.

Overall changesn the sceneare not treated,it
is assumedo be static. However it is easilypossi-
ble to updatethe backgroundeferencef only slow
changesn thebackgroundsceneoccur

The thresholdingresultsin sggmentedimages
like shawn in gure 3, wherethe sggmentedshape
of thepersonis visible. Thecastedshadevs arepart
of theforegroundtoo, which makesa contouranal-
ysisvery dif cult.

Figure3: currentimageandsegmentedmage

5 Shadov Removal

To distinguishthe shadevs from the personin the
seggmentedmagewe assumehe following proper
ties:
ashadw pixel is darker thanthe correspond-
ing pixel in thebackgroundmage,
thetextureof theshadw is correlatedvith the
correspondingexture of the backgroundm-
age.

The shadws areremoved in the sgmentedm-
ageby thefollowing steps.

At rst we erodesingle sgmentedpixels, be-
causethesepixels areusually causedoy noise,but
werenotrejectedoy the previousthresholding.

Thenfor eachpixel in the currentimage,which
is darler thanthe correspondingixel in the refer



enceimage,we calculatea7 7 normalizedcross-
correlationwith thereferencemage.

5.1 Correlation of intensity images

To measurehe similarity of imagepartsit is pos-
sibleto calculatethe crosscorrelationover a given
window size[5]. Usually brightnessinvarianceis
desired,asgiven by the crosscovariance which is
theaverage-freerosscorrelation.

In this work we are only interestedin compa¥
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
atimageposition(x; y) is thende ned as,

1 X
CCap(xy) = MN (aij a)(b; b
ij

wherei rangedrom (x Y1) to (x + ¥>1) and

j from(y ~2)to(y+ %%). Thea; b denote
theaverageof theM N window for imagea and
b.

The crosscovarianceis brightnessnvariant, but
sensiblego changesn contrast.To achieze contrast
invariancealso,the correlationis normalizecby the
variancein eachwindow, which leadsto the well
known normalizedcrosscorrelation(NCC). For ef-

cient computatiorthe NCC canbewritten as,

P P P
by wr & b;
_ oy ij ij ij
I P
t P2 mna ¥ MNE
B i
(3
with I
1 X
4% VN a

1)

For shadav pixelsthis correlationis nearto one,
sowe eliminatethe darker pixelsin the sgmented
image,if theNCC of the pixel in the currentimage
andthe pixel in thereferencdmageis greaterthan
athreshold ncc . After remaring pixels with the
NCC thresholdingwe apply a 3x3 closeningoper
atorto Il smallholesin the contour This method
is alreadypresentedn [2].

Figure4 shaws the eliminationof shadev pixels
for ncc = 0:4. Most of the shadev pixels are

eliminated but signi cant partsareleft. Furtherre-
ducingof ncc eliminatesmoreof theshadav, but
removes partsof the persons shapealso. This is
dueto the small correlationwindow size,which is
necessarjor fastcalculation.In regions,whichare
nearto homogeneoughe NCC tendsto vary heav-
ily, makingit very dif cult to distinguishclothes
without texture from shadav.

Figure4: sggmentedmagewith theappliedthresh-
old (left) andimagewith removedshadev basedn
NCC (right)

5.2 Correlation of color images

To improve the quality of the shadav removal, we
wantto take colorinformationinto account.
Theideais to usecolor information,if theinten-
sity valuesalone give no correlationinformation.
This happensf the obsered region is, for exam-
ple, homogeneous.To split the color information

R

Lightness Hue

Saturatior

Figure5: ThebiconicHSL space.

from the brightnessvalueswe representhe 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 independentrom the brightness.
The saturationS of the color is computedas
max(R;G;B) min(R;G;B) andis there-
fore not brightnessndependentA normaliza-
tion of thesaturationvaluegivesbrightnessn-
dependenceasfor the cylindrical HSV color
space,but is not suitedfor color information
processing pecausealark image regions, can
have maximumsaturationin spite of the low
enegy consumedrom the scene.In thatcase
the saturationvaries heavily in dark regions
dueto noise,whichis of coursenotdesired.
The intensity value L is calculatedasL =
max (RGB ) min (RGB ) Otherformulasare
possbilealsobut don't give the biconicrepre-
sentatiorasin gure 5. For exampletheinten-
sity value canbe calculatedasa combination
of red, greenandblue like in the YUV-color
spacepr astheaverageof R; G; B.

The projectionof thewhole RGB-spac@ntothe
chromaticplaneis a hexagonasshovn in gure 6.
To measuresimilarity we calculatethe HSL space
notin polarcoordinatedut usetheprojectionof the
(R; G; B) vectoronto the chromatic(H ; S)-plane
to calculatethe Euclideanvaluesof hue and satu-
ration. We will denotethe representatiorin Eu-
clideancoordinateswith (h; s), calling the color
spacewhereH ; S arecorvertedto Euclideancoor
dinatesasthe hsL color space. The projectedh; s
partis scaledsuchthatits lengthequalsthe satura-
tion of theHSL colorspace We proposeor thecor-
relationof two color pixelsc® = (h?;s*;L?) and
c® = (h®;s”; L) the scalarproductc®c®. This
is a ratherintuitive way to comparemultichannel
signalsandis onepossibleway to de ne similarity,
comparewith page72pp.of [9].

Thescalamproductof two different(h; s; L) vec-
torsgivesa high correlationfor color pixels,which
have a similar hue(smallanglebetweerthem)and
which have high saturations.As the saturationof
thecoloris equivalentto thelengthof the(h; s) vec-
tor, color pixels have a small correlation,if one of
their saturationss low. Thereforethe scalarprod-
uctis well suitedto measurehe correlationof color
pixels.

Figure 6: The chromaticplane of the hsL color
space.

Whenapplyingit to thecross-cwariancepnehas
to recognizethat the cross-coarianceis average-
free. As we wantto measurehe similarity of two
colorregions,we applytheaveragesubtractioronly
to theintensityvalues(L ).

The scalarproductfor (h; s) is calculatedsepa-
rately from the intensitiesand negative resultsare
setto zero, which regardsthe fact that two col-
orswith an hueangleof morethan90 degreesbe-
tweenthem, are interpretedas not similar by hu-
manswhile blueis usuallynot seerasmoreunlike
from yellow thanit is from green.

We de ne thecolor-cross-ceariance({CCC) over
a window with size M N for two color pixel
Cly ;c‘x’y from two imagesa; b atanimageposition
(x;y) as,

1 X

CCCap(Xy) = ——

ViY (¢ cf) LaLb (4)

iij
with
¢t cf = (h?;s) (hi;sh)+LiLy  (B)

wherei rangefrom (x Y1) to(x+ Y1) andj
from (y %) to(y+ '\‘2—%) andL 2 istheaverage
intensityin imagea overtheM N window.

The operatordenoteghe scalarproduct, with
negative valuessetto zero.

The extensionof the NCC for color imagesis
straightforvard. The normalizationfactoris again
the overall varianceof theintensityL in eachwin-
dow to achieve contrastinvarianceon the intensity



channel.The color correlationvalues(hueandsat-
uration) are only normalizedsuchthat the result-
ing color-normalized-cross-correlatiofCNCC) is
in[ 1::1].

We de ne the CNCC over a window with size
M N for two color pixel c3 ;cf, atanimage
positon(x; y) as,

P
NG

p————— (6)

CNCCyy = Lp
e “VAR2VARD

with
|

VARK = (cf cf) MNLK?

wherei; j; L2;LP asabore andk 2 fa; bg.

Thesaturation®f the colorshave the samescale
asthe intensities,suchthat the contrikution of hue
andsaturatiortogethehasasmuchin uence onthe
resultingCNCC value asthe intensityalone. This
gives a weighting of color (hue and saturation)to
intensity information as 1:1, which can be easily
adaptedf necessary

The CNCC hasthe propertyto beidenticalto the
NCC if no color valuesare present(the saturation
of the color is zero). But in regions,wherethein-
tensityvaluealonegivesno correlationinformation,
the CNNC measureghe color similarity of bothre-
gions,whereaghe resultingCNCCis in [0::1] for
such regions, becausethe negative values of the
scalamprodcutaresetto zero.

The additionalcomputationatostof the CNCC
versusthe NCC for intensitiesare the threescalar
productsc cfj’ for eachpixel (equation6) and
the corversioninto the hsL space. Also threeval-
ueshave to be accessedh memoryfor eachpixel
insteadof onefor intensityimages.

6 Results

Theuseof the CNCCimprovestheshadev removal
signi cantly asvisbile in the bottom right of g-
ure7, wherethe CNCCthresholdingeliminatedthe
segmentedshadws, but preseresthe shapeof the
personactingin front of the display The use of
the NCC preseresthe shapeof the persoralso,but
removesonly partsof the shadev asvisible in the
bottomleft of gure 7. Theholesin the sggmented

shapearedueto therathersmall 3x3 closeningop-
eratorwe use,if desired)argeroperatorcanbeap-
pliedto I all holes,but have of coursea greater
computationatost.

Figure 7: Top row: currentimage (left) and seg-
mentedimage(right). Bottomrow: segmentedm-
agewith remosed shadav basedon NCC (left) and
CNCC(right).

Figure 8 shavs three frames of an image se-
guence, where the proposedmethodto remove
shadws in tresholdedlifferenceimagess applied.
Theshapeof theuserwearingdarkbluejeansanda
darkredpulloveris reliableextractedin spiteof the
poor lighting conditions. On the left side the cur-
rentimageis shavn andto theright the resultafter
removing shadav pixels which have a CNCC cor
relationvaluelargerthan cncc = 0:4 Theborder
of N7 pixelsis not processedo speedup the com-
putation,whereN N is the size of the CNCC
window. Theforegroundsegmentatiorrunswith 8-
20Hz dependingon the amountof darker shadav
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 colorsis more easilyto dis-
tinguishfrom the background.Also a coloredtex-
turedbackgrounds bettersuitedfor theCNCC.The
resultsshav that even without textured clothesor
backgroundour systemis ableto robustly remove
shadwvsin thresholdedlifferencamagedo extract
theuserssilhoutte.



Figure8: Threeframesof animagesequenceOrig-
inial imageon the left and segmentedimagewith
removedshadev usingthe CNCContheright.

7 Conclusion

We presentedan adaptve thresholdingmethodfor

the segmentationof an userin front of a display

Furthermorewe introduceda newv similarity mea-
surefor color imagesthat usesa HSL color space
to seperatethe color from the intensity informa-
tion. This new color NCC wasappliedto improve

theshadav removal techniqudor sggmentedliffer-

enceimages.

The next stepis to analyzethe developedcolor
normalizedcrosscorrelationfor the usein otherap-
plicationslike stereomatching. Furtheron we are
goingto comparet with othersimilarity measures
like the contentmodelfamily of measure§9].

To speedup the computatiormoreef cient con-
versionroutinesto the hsL are neededand an ap-
proachwhich makes the computationtime inde-
pendentfrom the amountof darler pixelsis desir
able. This canbe achieved for examplewith a pre-
computatiorof the NCC valuesfor aboundingbox
aroundthe segmentedforeground using a sliding
window. As long asthe boundingbox sizedoesnt
vary too muchfrom frameto frame, the bounding
box from the previous frame can be usedto pre-
computethe NCC valuesfor the currentframe.
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