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Abstract

Visibility constraintscanaid thesegmentationof foreground
objectsobservedwith multiple range images. In our ap-
proach, pointsare de�ned as foregroundif they canbede-
terminedto occludesomeempty spacein the scene. We
presentanef�cient algorithmto estimateforegroundpoints
in each range view usingexplicit epipolarsearch. In cases
where the backgroundpattern is stationary, we showhow
visibility constraints from otherviewscangeneratevirtual
backgroundvaluesat pointswith no valid depthin thepri-
maryview. We demonstrate theperformanceof bothalgo-
rithmsfor detectingpeoplein indoorof�ce environments.

1. Intr oduction
Object segmentationis an importantpreliminary stepfor
many high-level vision tasks, including persondetection
andtracking.State-of-the-artsystems[16, 3, 1, 7] usefore-
ground/background classi�cation followed by pixel clus-
tering andanalysis. Thesesystemscommonlymaintaina
backgroundmodel and label all pixels that differ signi�-
cantlyfrom this modelasforeground.

Ideally, thesesystemsshouldbe robust to rapid illumi-
nation variation, suchas from outdoorweatheror indoor
video projectionsystems. Several segmentationmethods
have beenproposedwhich usebackgroundmodelsbased
on color/intensity[16, 15, 14], stereorange[9, 1] or both
[8]. Generally, non-adaptive color-basedmodels suffer
from varyingillumination. Adaptive color models[14] are
more stableunder lighting changes,but can erroneously
incorporateobjectsthat stop moving into the background
model. Range-basedbackgroundmodelscanbe illumina-
tion invariant,but areusuallysparse.To avoid ambiguity
atunde�nedbackgroundvalues(andtheresultingillumina-
tion dependence[4]), they havebeeneitherusedin conjunc-
tion with color models[8], or arebuilt usingobservations
from widely varying illumination and imaging conditions
[4]. In this paperwe show how visibility constraintsfrom
otherrangeimagescanaidsegmentation.

Our approachto foreground segmentationis to com-
binefreespaceconstraintsfoundfrom multiplestereorange

views. Wedecideif agivenpixel is “foreground”by check-
ing whetherthereis any freespacebehindit, asseenfrom
other rangeviews. We scanthe set of epipolar lines in
the otherviews correspondingto the given pixel, and test
whethertherearerangepointson the epipolarlines which
indicateemptyspacebehindthegivenpoint.

This is asimilar computationto algorithmsproposedfor
the renderingof image-basedvisual hulls [11]. The key
differenceis that our methodtakes as input unsegmented
noisyrangedataandevaluates3-D visibility perray, while
the visual hull methodpresumessegmentedcolor images
as input andsimply identi�es non-emptypixels along the
epipolarlines in otherviews. Also relatedarespacecarv-
ing and coloring methods[10, 13], which split the space
into voxelsandusecolor consistency acrossmultiple cam-
erasto locateopaquevoxelsandto detectfreespace. These
methodsarequitegeneral,andwork with anarbitrarysetof
monocularviews. They alsorequirethe constructionof a
volumetricrepresentationof thescenefor reconstructionor
segmentation.We areinterestedin algorithmsthatperform
segmentationsolely in the imagedomain,without comput-
ing a volumetricreconstruction.We believeoursis the�rst
methodfor rangeimagesegmentationusing image-based
(non-voxel) freespacecomputation.

In this paperwe developtwo complimentarysegmenta-
tion algorithmsthat usevisibility constraints.The �rst is
an instantaneousforegrounddetectionalgorithm,which is
independentof previous time pointsanddoesnot presume
sceneor illuminationconstancy. Thesecondassumesa sta-
tionarysceneanda backgroundrangemodelperview, and
generatesvirtual backgroundvaluesat pixelswhich would
otherwisehavehadinsuf�cient contrastto havevalid range.

In the next sectionwe describeour methodfor using
“complimentary”camera(s)to determinewhethera single
3-D point,visibleby a “primary” camera,occludesany free
space. Wedescribehow to clustersuchpoints,andto deter-
minewhethertwo clustersprovably belongto separateob-
jects. We thenproposea methodfor creatingdensevirtual
backgroundsfor stationaryscenes.Finally, we demonstrate
theresultsusingouralgorithmtrackingpeoplein anindoor
of�ce environment.
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2. Foreground segmentation
We wish to segmentobjectsthat are not attachedto any
“background”surfaceotherthanthe�oor , by detectingpix-
elsthatoccludesomeemptyspace.

Whena 3D point P is imagedby a rangesensingdevice
(e.g. stereocamera)C1 (Figure2.1), we know that there
exists a nontransparentmaterialat that point, and that all
pointsbetweenit andthecamera's centerof projectionare
transparent.But C1 is unableto provide any information
aboutwhat lies behindP on the sameprojectionray. On
theotherhand,we canusetheobservationB of theappro-
priately locatedrangesensorC2 to discover thatP, which
is occludedby P in C1 's view is transparent.

An ideal (recti�ed) stereorig may be completelyde-
scribedby the baselineB , focal length f and the image
coordinatesof the principal point (cx ; cy ). The follow-
ing equationsdescribea relation betweenpoint (x; y) in
thedisparityimageI D andthecorresponding3-D location
(X ; Y; Z ).
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x = x � cx = f
X
Z

y = y � cy = f
Y
Z

d = I D (x; y) = f
B
Z

(1)

As hasbeenshown in [5], the disparityspaceis a pro-
jectivespace,andwecanwrite thetransformationfrom dis-
parity to camera-centeredEuclideanprojective coordinates
as
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In the rest of the paper we refer to (x y d)T and
(X Y Z )T ((x y d w)T and (X Y Z W )T ) asdisparity
andEuclidean(projective) spaces,anddenotethemD and
E respectively.

The generalsetupof the imaging systemassumedin
our algorithm is presentedin the Figure 2.1. There are
two calibratedstereorigs, C1 (“primary”) andC2 (“com-
plimentary”), with disparity-to-Euclideancameracoordi-
natetransformsT E 1

D 1 = T C (f 1; B 1; c1
x ; c1

y ) and T E 2

D 2 =
T C (f 2; B 2; c2

x ; c2
y ), imageplanesI 1 andI 2, anddisparity

imagesI 1
D andI 2

D respectively. The Euclideancoordinate
transformbetweenviews is T E 2

E 1 .

p

C

B

b

C

P

P

bI
l

1

2

2I

1

Figure2.1: Visibility-basedsegmentation.Observationof
B in C2 allows us to infer that P in C1 is foreground.
Point B visible in I 2 (projectingto C2 disparitypoint b)
lies behindpoint P relative to C2, andthusprovidesevi-
dencefor existenceof free spacebehindP (projectingto
b) by demonstratingthatP is transparent.Line l contains
theoversilhouettefor the part of an objectlying alongray
[C1 ; P)

2.1. Pixel-level Segmentation
The �rst stageof our foregroundsegmentationalgorithm
appliedto the disparity imageof the cameraC i is to de-
termine which 3-D points visible by C i occlude some
free space. That is, for each disparity point p =
(px py I i

D (px ; py ) 1)T , whereI i
D (px ; py ) is valid,wecheck

whetherthereis somefreespacebehindthepoint P,
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where' denotesequalityup to a scalefactor.
We saythatpoint P is behindpoint P relative to rig C i ,

if P liesontheopticalray[C i ; P), andjP � C i j > jP � C i j.
Let point P be behindP relative to cameraC i . We

projectP into D j ; i 6= j to obtainpointb, suchthat
0
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Thepoints(bx ; by ), correspondingto all possiblePs, form
a ray of theline epipolarto (px ; py ) in I j (passingthrough
projectionof theC i to I j andb).

If thedisparityvalueI j
D (bx ; by ) correspondingto any of

suchbs is valid and is smaller than bd (i.e. somepoint
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B behindP relative to cameraC j is visible by C j ), then
point P is transparent,andmay be assumedto belongto
freespace. Whenwecan�nd caseswhere

I j
D (bx ; by ) < bd (6)

we considerthat point to be evidencefor P (correspond-
ingly p) belongingto foreground.

In the currentimplementationof the algorithm,we use
the numberof found evidencepixels asa measureof cer-
tainty thatpoint p belongsto foreground.If morethanone
“complimentary”camerais available,thentheresultsfrom
eachof themmaybecombinedto providemorerobustout-
put. Wecomputeamapof thenumberof observedoccluded
free-spacepoints:

� (b) =

(
1 I j

D (bx ; by ) is valid and�I j
D (bx ; by ) < bd

0 otherwise

OF S(p) =
X

b ;
for all P

� (b)

(7)

Wherethefactor� > 1 is introducedto dealwith noise
inherent in disparity computation. Since we expect the
stereo-basedrangeto be lessrobust for locationsthat are
far from the camera,we can classify p as foreground if
OF S(p) > TOF S (pd), whereTOF S (d) � 1=d.

2.2. RangeCluster Generation
The methoddescribedin the previous sectionprovidesus
with ameasureof how muchfreespaceis occludedby each
pixel in a givenview. We usethis informationto estimate
the extent andconnectivity of foregroundregions in each
view, andthenlink regionsacrossviewsbasedon theirpro-
jectedoverlap. Individual pixelsare�rst clusteredin each
view, andwethendeterminewhethertwo clustersbelongto
separateobjects(Figure2.2).

A naive approachwould be to clusterthe pointsbased
onproximity in eitherdisparityor Euclideanspace,andas-
sumethat eachsuchclustercorrespondsto a separateob-
ject. Suchassumptionsarecorrectin casessuchasonein
Figure2.3(a),but leadto oversegmentationin theexample
in Figure2.3(b),wherecomponentsS1 andS2 actuallycor-
respondto partsof the sameobject. To resolve this ambi-
guity, we usethevisibility informationcomputedfor each
pixel (Section2.1).

In Figure2.2 we cannotseparateO1 andO2 usingonly
informationfrom I 1 (S1 andS2). If theactualsilhouettesof
theobjectsin thesecondimagewereavailable,wecouldsee
that in fact they arenon-overlapping,andthusobjectsare
unconnected.In practicewe do not have a setof complete
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Figure2.2: Segmentingmultiple objects. The silhouettes
S1 and S2 of objectsO1 and O2 are adjacentin I 1, but
theI 2 oversilhouettes,OS1 andOS2, which arecomputed
from S1 andS2 (andthe�rst freespacepointsfoundbehind
them)do not overlap,sowe mayconcludethatO1 andO2

areindeedseparateobjects.

silhouetteswhenrangedatais sparse.Instead,we compute
anapproximationof thesilhouettein I 2 usingthefreespace
visibility constraintsfound for I 1. We de�ne an “oversil-
houette”to be the projectioninto I 2 of 3-D line segments
formedby observedpointsPfrom I 1 andthe�rst con�rmed
freespacepoint they occlude. If such“oversilhouettes”of
two componentsdo not overlap in I 2, then we conclude
thesecomponentsbelongto differentobjects(Figure2.2).

If the components'“oversilhouettes”overlap, we as-
sumethatcomponentscorrespondto partsof thesameob-
ject (Figure 2.3(b)). This can lead to undersegmentation
(e.g.Figure2.3(c))if thereareinsuf�cient viewsto observe
thesegmentationbetweendisjoint objects.With additional
camerasthis couldberesolvedasshown in Figure2.3(d).

3. Virtual Background Generation
While the algorithm describedin the previous sectionis
capableof semi real-timeperformance(2fps on full res-
olution images)on currenthardware, our tracking appli-
cationsrequiremuchfastersegmentationalgorithms. The
commonrangebackgroundsubtractionalgorithmsprovide
high-speedperformance,but areunreliablein the absence
of the denserangedata[4, 1]. While someimprovement
may be obtainedusing statisticaltraining, the rangeim-
agesobtainedin theindoorenvironmentwouldgenerallybe
sparse(Figures4.1(d),4.2(d)).In thissectionwedescribea
methodfor generatingdensevirtual backgroundimages.

Whenthecommonrangebackgroundsubtractionmeth-
odsareused,eachpixel in the “background”imagerepre-
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Figure2.3: Connectedcomponentscon�gurations. (a) thecomponentsS1, andS2 belongto separateobjects,astheover-
silhouettescomputedfrom themin I 2 do not overlap. (b) the componentsbelongto the sameobject. (c) The algorithm
undersegmentsthescene,assumingthatS1 andS2 belongto thesameobject,sincetheir “oversilhouettes”overlapin I 2, but
thesamescenemaybecorrectlysegmented(d) if anextraview (I 3) is available.

sentsan upperlimit on the depth(lower limit on the dis-
parity)of freespacevisiblealongthecorrespondingoptical
ray when no foregroundobjectsare present. Suchupper
limit maybeobtainedby, for example,takingtheminimum
of theobservedvalid disparityvaluesat thepixel over time
[4].

If no rangedatais availableat thepoint,wecanestimate
this limit from visibility constraintsobtainedfrom “compli-
mentary”cameras.For eachpoint in I i with invalid range
we searchthe correspondingoptical ray to detectall free
spacepointsalongit thatarevisible by othercamerasC j s,
andselecttheonewith thegreatestdepthasthevirtualback-
ground.

In orderto simplify thealgorithmweinversetheorderof
computation.Insteadof searchingalongtheopticalraysof
C i , we computeall freespacepointsvisible by C j , i 6= j ,
usingthecomputationdescribedin thenext section.

For eachvalid rangepoint p = (px py I j
D (px ; py ) 1)T ,

all pointsontheopticalraybetweenP ' T E j

D j p andC j are
transparentand may be assumedto belongto free space.
Thusany point P 2 (P; C j ) is a candidatevirtual back-
groundfor thecorrespondingpoint in I i , (bx ; by ), suchthat
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After a set of candidatesfor a single (discrete)image
location(f ~b i = (~bx

~by
~bdi 1)T g) is computed,weselect

v = min
i

~bdi (9)

asthevirtual backgroundvalueat thelocation(~bx ; ~by ).

If both virtual andstatisticallytrainedbackgroundim-
agesare available, we may combinethem to increasero-
bustnessby usingdatafrom statisticallytrainedbackground
whenit is available(asit representsthetruelimit), andus-
ing virtual backgrounddataotherwise(Figure4.4(a-f)).

4. Experimental Results
The foreground segmentationalgorithm as implemented
currentlyconsistsof several parts. The �rst part performs
per-pixel computationdescribedin Section2.1 with � =
1:05. Wethenclusterthepixelsusingtechniquesfrom Sec-
tion 2.2,and�nally passtheconnectedcomponentsthrough
a size�lter (acceptingcomponentsgreaterthan1% of the
image). The algorithm, runningon 700MHz PentiumIII,
achievedtheperformanceof 2 framespersecondonthefull
resolutionimages.

To testour algorithmswe usedan installationwith two
PointGrey Digiclopscameras[12]. Onecameraused6mm
lenses,and anotherhad 3.8mmlenses(wide-angle)(Fig-
ures4.1 and4.2), with approximatelyperpendicularview-
ing directions. The cameraswere calibratedof�ine. We
usedthe Triclops SDK [12] to producerecti�ed reference
anddisparity images. High surfaceandtexture validation
thresholdswere speci�ed to producemuch more reliable
(althoughmoresparse)disparityoutput.

In Figures4.3(a,d) weshow theresultsof nonconserva-
tivebackgroundsubtraction(i.e. labelingnew pixel asfore-
groundif a valid rangewasdetectedwherethebackground
modelis invalid)betweenrangeviewsof thesamesceneun-
derdifferentlighting conditions.Figures4.3(b,e)show the
resultsof conservative backgroundsubtraction(i.e. label-
ing new pixel asforegroundonly if backgroundmodelcon-
tainedvalid valuedifferentfrom thenew one)whentrying
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to segmenttwo peoplein theroom. As canbeseenneither
methodproducesacceptableresultsundertheconditionswe
expectthesegmentationalgorithmto handle.Nonconserva-
tivebackgroundsubtractionproduceslargenumberof false
positiveswhenilluminationchanges,andcontrast(andthus
valid rangedata)becomeavailableon previously uniform
backgroundregions.A conservativeapproach,on theother
hand,neverdetectsforegroundobjectswherenovalid range
datais availablein thebackgroundmodel.

Figures4.3(c,f) demonstratetheresultsof applyingour
foregroundsegmentationalgorithmto the samedataas in
�gures 4.3(b,e). Note that thealgorithmwasableto cor-
rectlysegmentpeoplewherenobackgroundrangedatawas
available(cf. Figures4.3(a)and4.3(c)). Classifyingparts
of thetableasforegroundis, in fact,correctbehavior of the
algorithm,asthereis emptyspacedetectablebehindthem.

The output of the virtual backgroundgenerationalgo-
rithm appliedto thesamedatais shown in Figure4.4. The
densepurevirtual backgroundimages(a,d) weregenerated
from the disparity imagesin Figures4.1(d), 4.2(d). The
backgroundmodels(b, d) usedin our conservative back-
groundsubtraction,wereobtainedby combiningdirectob-
servationsandvirtual rangeimages. The resulting(un�l-
tered)segmentationsareshown in (c, f).

5. Conclusions
We havepresentedtwo novel range-basedsegmentational-
gorithms, that take advantageof availability of multiple,
widely spacedstereoviews. Thesemireal-timeforeground
segmentationalgorithmrelieson thevisibility information
obtainedfrom other views to locate points that occlude
freespace. Sincethe algorithmdoesnot maintainan ex-
plicit backgroundmodelandusesonly immediatelyavail-
ablereliablerangeinformation,it is ableto handlevariable
lighting conditions. We further extendedthe algorithmto
usevisibility constraintsto improveclusteringof theobject
points.Thevirtual backgroundsalgorithmusesthevisibil-
ity information to createdenserangebackgroundimages
which canthenbe usedwith commonreal-timeconserva-
tivebackgroundsubtractionmethods.
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(a) (b) (c)

(d) (e) (f)

Figure4.1: Intensityanddisparitypairsobtainedfrom cameraC1. (a,d) – emptyroom. (b, e)– emptyroomunderdifferent
lighting conditions.(c, f) roomwith two people.Thepixelswith invalid disparityareshown in white.

(a) (b) (c)

(d) (e) (f)

Figure4.2: Intensityanddisparitypairsobtainedfrom cameraC2. (a,d) – emptyroom. (b, e)– emptyroomunderdifferent
lighting conditions.(c, f) roomwith two people.Thepixelswith invalid disparityareshown in white.
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(a) (b) (c)

(d) (e) (f)

Figure4.3: Foregrounddetectionresults.(a,d) Non-conservative disparitybackgroundsubtractionresultfor theviewsof theemptyroom
underdifferentillumination. This approachdetectsmany falsepositives,whennew valid rangedatabecomesavailablein thebackground
regionsasillumination changes.(b, e) Conservative disparitybackgroundsubtractionresultbetweenviews of emptyroomandroomwith
two people.This approachnever detectsforegroundpointswhenthey appearin partsof themodelwith invalid rangedata.(c, f) Results
of applyingforegroundsegmentationalgorithmdescribedin this paper. Note thatonly instantaneousrangeinformationis used(Figures
4.1(f) and4.2(f). Theconnectedcomponentsareshown in differentcolors.

(a) (b) (c)

(d) (e) (f)

Figure4.4: Resultsof applyingvirtual backgroundsalgorithm. Thebackgrounddisparityimagesfrom Figures4.1(d)and4.2(d)were
usedto generatevirtual backgrounds(a) and(d). (b) and(e) arethebackgroundimagesobtainedby combinationof directobservations
andvirtual backgrounds.The(un�ltered) resultsof applyingconservative backgroundsubtractionto images4.1(f) and4.2(f) areshown in
(c) and(f) respectively. Comparetheresultsfrom our foregroundsegmentationalgorithm(Figure4.3(c,f)), andconservative background
subtractionresultsusingbackgroundmodelobtainedvia directobservations(Figure4.3(b,e))andcombineddirectandvirtual observations
(e, f). 7


