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Abstract

Visibility constaintscanaid thesegmentatiorof foreground
objectsobservedwith multiple range images. In our ap-
proac, pointsare de ned as foregroundif they can be de-
terminedto occludesomeempty spacein the scene We
presentan ef cient algorithmto estimateforegroundpoints
in eath range view usingexplicit epipolarseach. In cases
whele the badkground patternis stationary we showhow
visibility constrints from other views can geneate virtual
badkgroundvaluesat pointswith no valid depthin the pri-
mary view. We demonstate the performanceof both algo-
rithmsfor detectingpeoplein indoor of ce ervironments.

1. Intr oduction

Object sggmentationis an importantpreliminary step for
mary high-level vision tasks, including persondetection
andtracking. State-of-the-arsystemg16, 3, 1, 7] usefore-
ground/backgroud classi cation followed by pixel clus-
tering and analysis. 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 projection systems. Seseral sgmentationmethods
have beenproposedwhich usebackgroundmodelsbased
on color/intensity[16, 15, 14], stereorange[9, 1] or both
[8]. Generally non-adaptie color-basedmodels suffer
from varyingillumination. Adaptive color models[14] are
more stableunder lighting changesbut can erroneously
incorporateobjectsthat stop moving into the background
model. Range-baseflackgroundnodelscanbe illumina-
tion invariant, but are usually sparse.To avoid ambiguity
atunde nedbackground/alues(andtheresultingillumina-
tion dependencpt]), they have beereitherusedn conjunc-
tion with color models[8], or arebuilt usingobsenations
from widely varying illumination and imaging conditions
[4]. In this paperwe shav how visibility constraintfrom
otherrangeimagescanaid segmentation.

Our approachto foreground segmentationis to com-
binefreespaceconstraint§oundfrom multiple stereaange

views. We decideif agivenpixelis “foreground”’by check-
ing whetherthereis ary free spacebehindit, asseenfrom
other rangeviews. We scanthe set of epipolarlines in
the otherviews correspondingo the given pixel, andtest
whethertherearerangepointson the epipolarlines which
indicateemptyspacebehindthe givenpoint.

Thisis a similar computatiorto algorithmsproposedor
the renderingof image-basediisual hulls [11]. The key
differenceis that our methodtakes as input unsgmented
noisyrangedataandevaluates3-D visibility perray, while
the visual hull methodpresumesegmentedcolor images
asinput and simply identi es non-emptypixels along the
epipolarlinesin otherviews. Also relatedare spacecarv-
ing and coloring methods[10, 13], which split the space
into voxelsandusecolor consisteng acrossanultiple cam-
erasto locateopaquevoxelsandto detectfreespace These
methodsarequitegeneralandwork with anarbitrarysetof
monocularviews. They alsorequirethe constructionof a
volumetricrepresentatioof the scenefor reconstructioror
segmentation We areinterestedn algorithmsthat perform
segmentatiorsolelyin the imagedomain,without comput-
ing avolumetricreconstructionWe believe oursis the rst
methodfor rangeimage sggmentationusing image-based
(non-wvoxel) freespaceomputation.

In this paperwe developtwo complimentarysggmenta-
tion algorithmsthat usevisibility constraints.The rst is
aninstantaneouforegrounddetectionalgorithm, which is
independenbf previoustime pointsanddoesnot presume
sceneor illumination constanyg. The secondassumes sta-
tionary sceneanda backgroundangemodelperview, and
generatewirtual backgroundraluesat pixels which would
otherwisehave hadinsufcient contrasto have valid range.

In the next sectionwe describeour methodfor using
“complimentary” camera(s}o determinewhethera single
3-D point, visible by a“primary” camerapccludesary free
space We describenow to clustersuchpoints,andto deter
mine whethertwo clustersprovably belongto separateb-
jects. We thenproposea methodfor creatingdensevirtual
backgroundséor stationaryscenesFinally, we demonstrate
theresultsusingour algorithmtrackingpeoplein anindoor
of ce environment.



2. Foreground segmentation

We wish to segmentobjectsthat are not attachedto ary
“background’surfaceotherthanthe oor, by detectingpix-
elsthatoccludesomeemptyspace

Whena 3D pointP isimagedby arangesensingievice
(e.g. stereocamera)C! (Figure2.1), we know thatthere
exists a nontransparentnaterialat that point, and that all
pointsbetweenit andthe cameras centerof projectionare
transparent.But C* is unableto provide ary information
aboutwhat lies behindP on the sameprojectionray. On
the otherhand,we canusethe obsenationB of the appro-
priately locatedrangesensorC? to discover thatP, which
is occludedby P in C1'sview is transparent.

An ideal (recti ed) stereorig may be completelyde-
scribedby the baselineB, focal lengthf andthe image
coordinatesof the principal point (cx; cy). The follow-
ing equationsdescribea relation betweenpoint (x; y) in
thedisparityimagel o andthe corresponding-D location
(X;Y;2).
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As hasbeenshawn in [5], the disparity spaceis a pro-
jective spaceandwe canwrite thetransformatiorfrom dis-
parity to camera-centereBuclideanprojective coordinates
as
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In the rest of the paperwe referto (x y d)T and
(XY Z)T (xydw)T and(X Y Z W)T) asdisparity
andEuclidean(projective) spacesanddenotethemD and
E respectiely.

The generalsetupof the imaging systemassumedn
our algorithm is presentedn the Figure 2.1. There are
two calibratedstereorigs, C! (“primary”) andC? (“com-
plimentary”), with disparity-to-Euclidearcameracoordi-
natetransformsT5: = Tc(f1;Bl;c;cl) andT§; =
Tc(f?B?¢; cg), imageplanesl ! andl 2, anddisparity
imagesl } andl 3 respectiely. The Euclideancoordinate
transformbetweerviewsis T Ei :

Figure 2.1: Visibility-basedsegmentation. Obsenation of

B in C? allows us to infer that P in C! is foreground.
Point B visible in 12 (projectingto C? disparity point b)

lies behindpoint P relative to C?, andthus provides evi-

dencefor existenceof free spacebehindP (projectingto
b) by demonstratinghatP is transparentLine | contains
the oversilhouettefor the part of anobjectlying alongray
[C*;P)

2.1 Pixel-level Segmentation

The rst stageof our foreground sggmentationalgorithm
appliedto the disparityimageof the cameraC' is to de-
termine which 3-D points visible by C' occlude some
free space That is, for each disparity point p =

(Px Py 15 (Px; py) 1T, wherel | (px; py) is valid, we check
whetherthereis somefreespacebehindthe point P,
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where' denotesqualityupto ascalefactor
We saythatpoint P is behindpointP relativeto rig C',
if P liesontheopticalray[C';P),andjP Cij> jP Cij.
Let point P be behindP relative to cameraC'. We
projectP intoD! ;i 6 j to obtainpointb, suchthat
0_1
by

%%dﬁﬁ' (TE) TEP (5)
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The points(by; b,), correspondingo all possibleP's, form
aray of theline epipolarto (py; py) in 11 (passinghrough
projectionof theC' to I andb).

If thedisparityvaluel } (b;b,) correspondingo ary of
suchbs is valid and is smallerthanby (i.e. somepoint



B behindP relative to cameraC! is visible by C), then
point P is transparentand may be assumedo belongto
freespace Whenwe can nd casesvhere

1, (b;by) < By (6)

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

In the currentimplementatiorof the algorithm,we use
the numberof found evidencepixels asa measureof cer
tainty thatpointp belongsto foreground.If morethanone
“complimentary”camerais available,thenthe resultsfrom
eachof themmay be combinedo provide morerobustout-
put. We computea mapof thenumberof obsenedoccluded
free-spaceoints:

< 1L (Be;By) isvalidand I L (B,;By) < By
0 otherwise
X _
OF S(p) = (b)
forba;llﬁ

(b) =
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Wherethefactor > 1is introducecdto dealwith noise
inherentin disparity computation. Since we expect the
stereo-basedangeto be lessrobust for locationsthat are
far from the camera,we can classify p as foreground if
OF S(p) > Tors(pa), whereTors(d)  1=d

2.2 RangeCluster Generation

The methoddescribedn the previous sectionprovidesus

with ameasuref how muchfreespaceis occludedoy each
pixel in a givenview. We usethis informationto estimate
the extent and connectvity of foregroundregionsin each
view, andthenlink regionsacrossviews basedntheir pro-

jectedoverlap. Individual pixelsare rst clusteredn each
view, andwe thendeterminavhethertwo clustersbelongto

separat®bjects(Figure2.2).

A naive approachwould be to clusterthe pointsbased
on proximity in eitherdisparityor Euclideanspaceandas-
sumethat eachsuchclustercorrespondgo a separateob-
ject. Suchassumption@recorrectin casesuchasonein
Figure2.3(a),but leadto oversggmentationin the example
in Figure2.3(b),wherecomponent§?! andS? actuallycor-
respondo partsof the sameobject. To resolwe this ambi-
guity, we usethe visibility informationcomputedfor each
pixel (Section2.1).

In Figure2.2 we cannotseparaté®! andO? usingonly
informationfrom | (S andS?). If theactualsilhouette®f
theobjectsn thesecondmagewereavailable,we couldsee
thatin factthey are non-overlapping,andthusobjectsare
unconnectedIn practicewe do not have a setof complete

Figure 2.2: Segmentingmultiple objects. The silhouettes
S and S? of objectsO! and O? are adjacentin |1, but
thel 2 oversilhouettesDS* andOS?, which arecomputed
from S andS? (andthe rst freespacgointsfoundbehind
them)do not overlap,sowe may concludethatO* andO?
areindeedseparat®bjects.

silhouettesvhenrangedatais sparseInsteadwe compute
anapproximatiorof thesilhouetten | 2 usingthefreespace
visibility constraintfoundfor I 1. We de ne an“oversil-
houette”to be the projectioninto | 2 of 3-D line segments
formedby obseredpointsPfrom| * andthe rst con rmed
freespacepoint they occlude. If such“oversilhouettes’df
two componentslo not overlapin |2, then we conclude
thesecomponentdelongto differentobjects(Figure2.2).

If the components™“oversilhouettes”overlap, we as-
sumethatcomponentgorrespondo partsof the sameob-
ject (Figure 2.3(b)). This canleadto undersgmentation
(e.g.Figure2.3(c))if thereareinsufcient viewsto obsene
the segmentatiorbetweendisjoint objects. With additional
cameraghis couldberesohedasshown in Figure2.3(d).

3. Virtual Background Generation

While the algorithm describedin the previous sectionis
capableof semireal-time performance(2fps on full res-
olution images)on currenthardware, our tracking appli-
cationsrequiremuchfastersggmentationalgorithms. The
commonrangebackgroundsubtractioralgorithmsprovide
high-speedperformanceput are unreliablein the absence
of the denserangedata[4, 1]. While someimprovement
may be obtainedusing statisticaltraining, the rangeim-
agebtainedn theindoorenvironmentwould generallybe
spars€Figures4.1(d),4.2(d)). In this sectionwe describea
methodfor generatinglensevirtual backgroundmages.
Whenthe commonrangebackgroundsubtractiormeth-
odsareused,eachpixel in the “background”imagerepre-
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Figure2.3: Connecteccomponentson gurations. (a) the componentsS?, andS? belongto separatebjects,asthe over-
silhouettescomputedfrom themin | 2 do not overlap. (b) the componentbelongto the sameobject. (c) The algorithm
undersgmentshesceneassuminghatS* andS? belongto the sameobject,sincetheir “oversilhouettesbverlapin | 2, but
the samescenemaybe correctlysggmentedd) if anextraview (1 3) is available.

sentsan upperlimit on the depth(lower limit on the dis-
parity) of freespacevisible alongthe correspondin@ptical
ray when no foreground objectsare present. Suchupper
limit maybeobtainedby, for example takingtheminimum
of theobsenedvalid disparityvaluesatthe pixel overtime
[4].

If norangedatais availableatthepoint, we canestimate
thislimit from visibility constraint®btainedrom “compli-
mentary”cameras.For eachpointin | ' with invalid range
we searchthe correspondingptical ray to detectall free
spacepointsalongit thatarevisible by othercamera<! s,
andselectheonewith thegreatestiepthasthevirtual back-
ground.

In orderto simplify thealgorithmwe inversethe orderof
computation Insteadof searchingalongthe optical raysof
C', we computeall freespacepointsvisibleby Ci i 6 j,
usingthe computatiordescribedn the next section.

For eachvalid rangepointp = (px py 15 (px;py) 17,
all pointsontheopticalray betweerP ' Tg’i p andC! are
transparentand may be assumedo belongto free space
Thusary pointP 2 (P;Cl) is a candidatevirtual back-
groundfor thecorrespondingointin 1', (b;; 1), suchthat

0_1
b
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After a setof candidatedor a single (discrete)image
location(f by = (B B, By, 1)T g) is computedyve select

v = miin By, 9)

asthevirtual backgroundsalueatthelocation (B, ; By ).

If both virtual and statisticallytrainedbackgroundm-
agesare available, we may combinethemto increasero-
bustnes$y usingdatafrom statisticallytrainedbackground
whenit is available (asit representshetruelimit), andus-
ing virtual backgroundiataotherwise(Figure4.4(a-f)).

4. Experimental Results

The foreground segmentationalgorithm as implemented
currently consistsof several parts. The rst part performs
perpixel computationdescribedn Section2.1 with =
1:05. We thenclusterthe pixelsusingtechniquegrom Sec-
tion 2.2,and nally passheconnectedomponentshrough
asize Iter (acceptingcomponentgreaterthan 1% of the
image). The algorithm, runningon 700MHz Pentiumilll,
achievedtheperformancef 2 framespersecondnthefull
resolutionimages.

To testour algorithmswe usedan installationwith two
PointGrey Digiclopscamerag12]. Onecamerausedémm
lenses,and anotherhad 3.8mm lenses(wide-angle)(Fig-
ures4.1 and4.2), with approximatelyperpendiculaview-
ing directions. The cameraswere calibratedof ine. We
usedthe Triclops SDK [12] to producerecti ed reference
anddisparityimages. High surfaceandtexture validation
thresholdswere speci ed to producemuch more reliable
(althoughmoresparsegisparityoutput.

In Figures 4.3(a,d) we shav theresultsof nonconsera-
tive backgroundsubtractior(i.e. labelingnew pixel asfore-
groundif avalid rangewasdetectedvherethe background
modelisinvalid) betweerrangeviews of thesamescenain-
derdifferentlighting conditions.Figures 4.3(b,e) show the
resultsof conserative backgroundsubtraction(i.e. label-
ing new pixel asforegroundonly if backgroundnodelcon-
tainedvalid valuedifferentfrom the new one)whentrying



to sggmenttwo peoplein theroom. As canbe seenneither
methodproducescceptableesultsundertheconditionswe
expectthesegmentatioralgorithmto handle.Nonconsera-
tive backgroundsubtractiorproducedarge numberof false
positiveswhenillumination changesandcontrasf{andthus
valid rangedata)becomeavailable on previously uniform
backgroundegions. A conserative approachpntheother
hand neverdetectdoregroundobjectswherenovalid range
datais availablein the backgroundnodel.

Figures4.3(c,f) demonstrat¢he resultsof applyingour
foregroundseggmentationalgorithmto the samedataasin
gures 4.3(b,e). Note thatthe algorithmwasableto cor
rectly sgmentpeoplewhereno backgroundangedatawas
available(cf. Figures4.3(a)and4.3(c)). Classifyingparts
of thetableasforegroundis, in fact,correctbehaior of the
algorithm,asthereis emptyspacedetectabléehindthem.

The output of the virtual backgroundgenerationalgo-
rithm appliedto the samedatais shavn in Figure4.4. The
densepurevirtual backgroundmageqa, d) weregenerated
from the disparity imagesin Figures4.1(d), 4.2(d). The
backgroundmodels(b, d) usedin our conserative back-
groundsubtractionwereobtainedoy combiningdirectob-
senationsand virtual rangeimages. The resulting(un I-
tered)segmentationgreshovnin (c, f).

5. Conclusions

We have presentedwo novel range-basedegmentatioral-
gorithms, that take advantageof availability of multiple,
widely spacedstereaviews. Thesemireal-timeforeground
segmentationalgorithmrelieson the visibility information
obtainedfrom other views to locate points that occlude
freespace Sincethe algorithm doesnot maintainan ex-
plicit backgroundnodeland usesonly immediatelyavail-
ablereliablerangeinformation,it is ableto handlevariable
lighting conditions. We further extendedthe algorithmto
usevisibility constraintso improve clusteringof the object
points. The virtual backgroundslgorithmusesthe visibil-
ity informationto createdenserangebackgroundmages
which canthenbe usedwith commonreal-timeconsera-
tive backgroundsubtractiormethods.
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Figure4.1: Intensityanddisparitypairsobtainedrom cameraC?. (a,d) — emptyroom. (b, €)— emptyroomunderdifferent
lighting conditions.(c, f) roomwith two people.The pixelswith invalid disparityareshovn in white.
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Figure4.2: Intensityanddisparitypairsobtainedrom cameraC?. (a,d) —emptyroom. (b, €)— emptyroomunderdifferent
lighting conditions.(c, f) roomwith two people.The pixelswith invalid disparityareshovn in white.
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Figure4.3: Foregrounddetectiorresults.(a, d) Non-conserative disparitybackgroundsubtractiorresultfor theviews of theemptyroom
underdifferentillumination. This approachdetectamary falsepositives,whennew valid rangedatabecomesvailablein the background
regionsasillumination changes(b, e) Conserative disparitybackgroundsubtractiorresultbetweerviews of emptyroomandroomwith
two people.This approacmever detectforegroundpointswhenthey appeaiin partsof the modelwith invalid rangedata. (c, f) Results
of applyingforegroundsegmentationalgorithmdescribedn this paper Note that only instantaneousangeinformationis used(Figures
4.1(f)and4.2(f). Theconnectedomponentsireshavn in differentcolors.
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Figure4.4: Resultsof applyingvirtual backgroundslgorithm. The backgroundlisparityimagesfrom Figures4.1(d)and4.2(d)were
usedto generatevirtual backgroundga) and(d). (b) and(e) arethe backgroundmagesobtainedby combinationof directobserations
andvirtual backgrounds.Théun ltered) resultsof applyingconsenrative backgroundsubtractiorto images4.1(f) and4.2(f) areshawvn in

(c) and(f) respectrely. Comparethe resultsfrom our foregroundsegmentatioralgorithm(Figure4.3(c,f)), andconserative background
subtractiorresultsusingbackgroundnodelobtainedvia directobserations(Figure4.3(b,e)) andcombineddirectandvirtual obserations

(e.f). v




