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Abstract

Thispaperpresents novel multi-bodymulti-view stereo
methodto simultaneouslyrecorer densedepthmapsand
performsggmentatiorwith the input of a monocularimage
sequenceUnlike traditional multi-view steleo approades
that generlly handlea singlestatic sceneor an object,we
showthat depthestimationand segmentatiorcanbejointly
modeledand be globally solvedin an enegy minimization
framevork for ubiquitousscenesontainingmultiple inde-
pendentlymoving rigid objects.Our major contribution in-
cludesa new multi-bodysteileo model,which integratesthe
color, geometry and layer constaints for spatio-tempaal
depthrecovery and automaticobjectseggmentation.A two-
passoptimizationschemeis proposedo progressivelyup-
date the estimates.Our methodis appliedto a variety of
challengingexamples.

1. Intr oduction

Both stereo-base®D reconstructionand image/video
segmentatiorhave beenfundamentaproblemsn computer
vision for long time, dueto the critical needof high qual-
ity depthandsegmentestimatesn mary applicationsg.g.,
recognition,image-basedendering,andimage/videoedit-
ing. However, thesetwo problemswere researchedypi-
cally alongdifferentlines.

In multi-view stereo[16], which estimatesdepth and
3D geometryfrom a collection of images, simultaneous
dense3D reconstructiorand segmentationof rigid objects
that move differently is very dif cult. Coarserepresenta-
tion with multiple rigid componentg14], 3D motion sey-
mentationto separatdeaturetrajectoriesof multiple mov-
ing objects[4, 21, 13], andobjectrecognitionwith atrain-
ing procesq24, 9] wereproposedo dealwith dynamicor
staticscenes.They however cannotsolve the high-quality
dense3D reconstructiorproblem,especiallywhenmoving
objectsarenotinitially separated.

In this paper we presenta new methodto simultane-
ously achiere densedepthestimationand motion segmen-
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tationfor multiple rigid objectsundegoingdifferentmove-
ments. Our major contritutionsinclude a nev multi-body
stereorepresentatiorthat couplesdepthand segmentation
labels,and a global estimationmethodto minimize a uni-
ed objective function, which notably extendsmulti-view
stereoto sceneswith several surfacesindependentn mo-
tion. We also proposean adaptve-frame-selectioscheme
with a depthand segmenthole lling algorithmfor effec-
tive occlusionhandling. Theobjective functionis solvedby
an iterative optimizationscheme. It rst initializes labels
with a novel multi-body plane tting algorithm, and then
iteratively re nes themby incorporatingthe geometryand
segmentcoherenceconstraintsin a statisticalway among
multiple frames. Our methodcanyield spatio-temporally
consistentlepthandsegmentmaps.

Previous Work and Discussion

3D motion segmentationseparatedeaturetrajectories
of moving objectsto recover their positionsand the cor
respondingcameramotion. Most of thesemethodsadopt
the afne cameramodelfor simpli cation [4, 21, 13]. A
few alsoaim to handlemultiple perspectie views [15, 12].
Theseapproacheslo not aim at high-qualitydense3D re-
constructionwith segmentation.

In 2D motionsegmentatior{1, 23, 29, 8], pixelsthatun-
dergo similar motion are approximatelygrouped,and are
separatednto layers. Thesemethodsalso dependon the
accurag of motion estimationand generallydecouplethe
computationof motion and segmentationwhich could in-
troducethe “chickenand egg' problem— thatis, inaccurate
motion estimatecausessegmentationambiguity while er-
roneoussggmentsmay adwerselyaffect motionestimation.

Rothgangeret al. [14] proposedreconstructinggroups
of af ne-covariantscenepatcheswith the multi-view con-
straints. It only coarselyrepresent& dynamicscenewith
multiplerigid componentsTwo recentmethodq 24, 9] per
formedsemantiscengyarsingandobjectrecognitionbased
on estimateddensedepthmaps,or by a joint optimization
of segmentationandstereoreconstruction.Thesemethods
requireatraining stageandthe scenamustbe static. In ad-
dition, the producedcoarseobject segmentsmay be with



impreciseboundaries.

If moving rigid objectsare masled out, we can apply
MVS to eachobjectindependently State-of-the-arsey-
mentation methods, such as mean shift [3], normalized
cuts[18], andweightedaggreation (SWA) [17] basetheir
operationon 2D imagestructuresanddo not considerrich
geometryin MVS.

With theobjective to accuratelyextractforegroundmov-
ing objectswith visually plausibleboundariesbilayer seg-
mentatiormethodq5, 19] wereproposedssuminghatthe
camerais mostly stationary availing estimatingor model-
ing thebackgroundolor. Obviously, thesemethodsdueto
the staticcameraconstraintdo not suit MVS eithet

Recently Zhanget al. [26] usedboth the motion and
depthinformationto modelthe backgroundsceneand ex-
tractedgood-qualityforegroundlayer. The estimatediense
motion eld and bilayer sggmentationare iteratively re-
ned. This approachs limited to bilayer sgmentation.In
addition, only the motion eld for the foregroundlayer is
computedwhichis notenoughfor 3D reconstruction.

2. SystemOverview

We rst de ne notationsusedin this paper Given a
sequencd” with n frames,i.e., ' = flijt = 1;::ng,
taken by a freely moving camera,our objectie is to esti-
matethe disparitymapsl = fDjt = 1;::;ngin then
framesaswell asthe correspondingnotion segmentmaps
8 = fSijt = 1;::;ng. 1:(x) denoteshe color (or inten-
sity) of pixel x in framet.

We denoteby K the numberof independentlymov-
ing rigid objects. If pixel x is in the kth object, we set
Si(x) = k. Denotingby z, thedepthof pixel x in framet,
by corvention,disparityD(x) isde nedasD(x) = 1=z.

2.1.Multi-Body Structur e-from-Motion

In a corventionalstatic-scensequencegnly onesetof
camergparameterss computedor eachframe.Here,since
we have K independentlynoving rigid objects,they have
their own motion parameterandareviewedfrom different
positions.The camergparametersf objectk in framet are
denotedasCk = fK;R{; TKg, whereK , is theintrinsic
matrix, which is the samefor all objects.R ¥ is therotation
matrix,andT K is thetranslatiorvectorfor objectk.

In this paper with the focus to solve for dense3D
motion segmentation,the numberK of rigid objectsand
the relative cameramotion for eachobjectare empirically
computedby the multi-body structure-from-motior{SFM)
method[17] in a pre-processWhenoccasionakrrorarises
in this automaticmethoddueto complex structuresof the
sequencer thelarge numberof independentlynoving ob-
jects, we remove problematicfeaturetracks, and usethe
semi-automatienethod[2] to adda few long tracks,which

(@ (b)
Figurel. Pre-processinga-b) The groupedfeaturetracksfor the
two boxesin two selectedrames.Thetrackedfeaturesn different
objectsareshavn asgreenandredcrossesiespectiely. Thewhite
cunesarethecorrespondingemporaltrajectories.

arethenmanuallygroupedwith respecto objects.Oneex-

ampleis shavn in Figure 1, wherefeaturesaretracked for

thetwo boxes. We performstructure-from-motion28] for

eachgroupof thefeaturetracksindependentlguchthatrel-

ative cameramotion canbe respectiely estimatedor the
objects. We sortthe objectsaccordingto their distanceto

the camera.Therelative scalesamongdifferentobjectsare
not estimatedsincethe objectsaregenerallynotin contact
and scalesdo not in uence the depthestimationand sey-

mentation.

After pre-processingwe estimatedensedepthandseay-
mentationmapswith the multi-body con guration. It is
challengingeven for manuallabelingof the layersthatin-
clude ne detailsin eachframeandof densedisparityval-
ues.Soarobustautomaticalgorithmis needed.

2.2.The Framework

Table 1 gives an overvien of our system. With anin-
put sequencandthe estimateccameramotion for the ob-
jects,we rst initialize the depthand objectsgmentation
mapsfor eachframe without temporalconsideration. A
newv multi-body plane tting schemes introduced. Then
we updatethe disparityand segmentationrmapswith itera-
tive optimization.Finally, a hierarchicabelief propagtion
algorithmis employedto densifythe levels of disparityfor
higherestimationprecision.

1. Initialization :

1.1 Initialize depthandmotionsegmentatiorfor each
frameby solving Eq. (11) (Sec.4).

1.2 Use multi-body plane tting to re ne initializa-
tion (Sec.4.1).

2. lterati ve Optimization:

2.1 Procesgramesconsecutiely from 1 ton:
Foreachframet, x thedisparitiesandsegmen-
tation labelsin otherframesandre ne L; by
minimizing Eq. (1) (Sec.4.2).

2.2 Repeastep2.1for two passes.

2.3 Usea hierarchicalBP algorithmto increaseesti-
mationaccurag.

Tablel. Our Framevork



3. Multi-Body StereoModel

For eachpixel, our goalis notonly to estimateits actual
disparity value, but to determinethe objectsggmentit be-
longsto aswell. Tothisend,for objectk, we rst determine
its maximumand minimum depthvaluesof the recosered
3D points correspondingo the tracked featuresin multi-
body structure-from-motionand denotethemaszX, ., and
zK.. . Therangeof disparitiess thus[dX,. ; d¥ ., ] where

min min »

k — —K . k — —k .
dmin = Smin =Zmax » dmax = Smax =Zmin -

Thetwo scalefactorssyin < landsmax > 1. Thedisparity
rangeis thenevenly partitionedinto my levelswith intenal
d, suchthattheith level is expresseds

df=(G 1) d+d

min 1
wherei = 1;:::;;mg. Now eachpixel x hastwo key vari-
ablesto be estimated:oneis its disparity valued andthe
otheris the sgmentindex k. Separatel}computingthese
two setsof variablesasaforementioneds not optimaland
easilyaccumulategrrors.

We alternatvely proposean expandediabeling setthat
jointly considerghesetwo variablesfor eachpixel, andde-
ne it as

L = fd};d}; s dy, s df s ds onds, o

Thecardinalityof thesetjLj = P ,le my. In L, eachlabel
(denotedasL ; for theith label)naturallyencodesisegment
index andthe actualdisparityvalue. If a pixel is labeledas
L; aftercomputationwe caneasilydeterminets seggment
index S(L;) as

S(Li): h st 1 i m; my:
j=1

Its disparityvalueD(L ;) is accordingly

D(LI) = dlh P J_h=11 m, .

For example,L , +3 meansthatthis pixel belongsto 2nd
object,andthedisparityvalueis d3.

Thanksto this compactrepresentationinsteadof esti-
matingD; andS; separatelywe now canestimatea joint
labelmapL for eachframet with the consideratiorof nec-
essarycolor andgeometryconstraints.

3.1.0bjective Function

To computethe label mapsL for all frames,we de ne
theenegy in theinputsequencas

X
E(L;MN) = (Ea(Lt) + Es(Ly)); @)

t=1

Figure2. Multi-view geometry GivendisparityD(l), pixel X is
mappedo its actual3D position,andthenreprojectedo framet®.
Theprojectedpixel in framet®is denotecasx’. Ideally, whenwe
reprojectx® from framet° backto t, the projectedpixel X}O! !

shouldbe identicalto x;. In practice,dueto matchingerrors,

x!™ t andx, arepossiblydifferentpoints.

wherethe dataterm E4 measuresiow well labelingL ts
the obsenation (", andtheterm Es encodespatiallabeling
smoothnessWe elaboratethesetermsbelov followed by
descriptionof optimizationand systeminitialization, and
by the discussiorof otherimplementatiorissues.

3.2.Data Term

Our dataterm takes the intensity disparity and layer
consisteng informationinto consideration.Thelikelihood
thatonepixel X; in | islabeledasl| 2 L is de nedas

! X I;L
o 4 )+
T T oGS, |, it

192 o (xt)

Pe(Xe; 11t To) pu(xt;liLo));  (2)

102y (xt)

P(x:;l) =

where (X{) and o(x{) are two setsof the selected
neighboringframesfor x;, and po(X¢;1; Lto:t) is a label-
ing prior, all of which will be elaboratedn Section3.3

1=(j v(X¢)j+ ] o(Xt)j) is usedfor enegy normalization.
pc(X¢;1; 1¢; 1t0) measurethecolor similarity betweemixel
x; andtheprojectedx®in framet®, sameastheonein [27]:

. c _; 3
et jile(xe)  To(x9jj ®)
where . controlsthe shapeof the differentiablerobust
function. I ;o(x9) is thecolor of pixel x° With theestimated
camergparameteranddisparityD (1) of pixel X, theloca-
tion of the projectedpixel x° canbe expressecdhs

pe(Xt; 15 1¢;10) =

xM KoRPR(K, X!+ D(DK 0oRpo(Ty To);  (4)

wherethe superscriph indicategshe homogeneousoordi-
nateof thevector The2D pointx is computedy dividing
x® with thethird homogeneousoordinate.
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Figure 3. The projectedlabeling prior with hole lling. (a) The
31stframe. (b) The 36th frame. (c) The projectedlabelingprior
L 31.36. Theredpixelsarethosereceving no projectionduringthe
3D warping.(d) Labelinferencefor pixel x; from thefour nearest
visible neighborshorizontallyandvertically.

pv(X¢;1; Lio) is ageometryandsegmentcoherenceerm
measuringwhetheror not pixel x; andthe projectedcor
respondence® arein the sameobject segment,and how
consistenthey arein termsof multi-view geometry We
denepy() as

0; S(l) & S(19
Pe(x1;D(1):D(1%); S(1) = S(1°)

wherel® 2 L is the currentlabel of x° Eq. (5) shaws if

| and|® have differentsegmentindices, the two pixels are
not correspondingn the two framesandshouldbe discon-
nected.Otherwisewe usepy de ned belav to measurghe
geometriccoherencéetweerx; andx°[27]:

pv (Xt i Leo) = (5)

i to 2

Po(x; D(1);D(1Y) = exp( ) (g)
d

wherex%ol ! is the correspondingoint in framet by pro-

jecting x° from frame t° to t with its disparity estimate

D(19. An illustrationis providedin Figure2. Thestandard
deviation 4 is setto 3in our experiments.

To t theenegy minimizationframework, our dataterm

Eq is nally writtenas

X
Ea(L¢) =

Xt2 1t

1 P(Xt;Le(Xt)): @)

3.3.Adaptive Frame Selectionwith Labeling Prior

The datetermin Eqg. (2) involvesvariables () and
o(), andthe prior p,( ). They arede ned with a novel
frame-selectiorschemebasedon an obsenration. Thatis,
ratherthan summingthe matchingcostover all frames,a
better stratgyy for multiview geometryenforcements to
only pick frameswherecorrespondingixels exist (or are
visible).

We introducean effective methodto searchfor frames
that containnon-occludednatchingpixels for eachrefer
encepixel x;. Giventheinitial labelmapsor theirestimates
from the previous iteration, we usethe 3D warping tech-
nique[10] to warp Lo to the referenceframet. Oneex-
ampleis shavn in Figure 3. The label map warpedfrom

framet®to t is denotedasL o, asshavn in (c). If a pixel
x; doesnot receve ary label projectionfrom framet® the
valueof Lo (X¢) is regardedasmissing ,whichimpliesthat
the correspondingpixel of x; in framet®is occluded.

We usethis criterionto selecwvisibleandinvisibleframes
for eachpixelanddenotedy (x¢) and o(x) respectiely
the setof frameswherecorrespondencesf x; arevisible
andareoccluded Practically we atmostcollectN ; frames
for ,(xt). Npissetto 16 20 in our experiments. If
the total numberof framesin (X{) cannotevenreacha
lower limit N, which is generallysetto 5, we adda few
neighboringramesto o(x¢) sothatj o(X¢)j+] v(Xt)j =
Ns.

Note thatoccludedpixels have no matchingcosts.Soif
a pixel is occludedin all neighboringframes,its true dis-
parity cannotbe inferreddirectly. Why do we still collect
framesto form ,(x{)? It is becauseve found although
accurateinter-frame matchingis not achievable, thereis a
simplemeando coarselyinfer the disparitiesandobjectla-
belseven in the extreme no-visible-correspondencgtua-
tion usingdisparity neighbos.

Basedon the fact that occludedpixels generallyhave
small disparity values,we apply an easybut effective al-
gorithmfor label mapinpainting For eachmissingpixel x
in the projectedL 0., we searchhorizontallyandvertically
for four nearesheighborghatreceve labels,andselectthe
one,denotedasx , with theminimumlabelindex, asshavn
in Figure3(d). Thecon dencetosetL (ot (X) = Lot (X ) is
dependantf the distancebetweerx andx , whichis high
whenthe two pixels are close. We usea spatialGaussian
falloff to modelthecon dence

ix x ji?
Wo(x)=e & 8

where , = 10empirically.

Labelmaphole lling doesnothave very highaccurag,
but works prettywell whenvisible correspondencesmenot
enoughn estimatingareliabledatacost. Thelabelingprior
makinguseof this pieceof informationis de ned as

o Wo(Xt) -

+ I Loy (Xt)j; ©)

Po(Xt;l;Lioy) =
where , istheweight,and controlsthe shapeof the dif-
ferentialcost. Theformulationof p, requiresthatL ; (x;) is
similarto Lo, (X;) with high con dencew,(x).

In [11, 27], the depth/disparitymaps of neighboring
views are projectedto the referenceor depth/disparityfu-
sion. The accurag of the fuseddepthdependsn the ac-
curag of the projecteddepthmaps.In comparisonwe use
the projectedlabel mapsasa prior to avail selectingvisi-
ble framesand stabilizing the ill-posed lik elihood estima-
tion for occludedpixelswith hole Iling.

This stratgy is very usefulfor pixelsneardiscontinuous
boundarieswhere occlusioncommonlyarises,andin the
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Figure4. Resultcomparisorusingandwithout usingthe adaptve frameselectionandlabelingprior. (a) The rst frameof the sequence.
(b-c) Two estimatedabelmaps,usingandwithout usingthe adaptve frameselectionschemeandthe labelingprior. (d)-(e) Close-upof

(b) and(c).

meantimedoesnot affect depthestimationfor othervisible
pixels. Figure4(b) and(c) (close-upsn (d) and(e)) shav
two resultsusingandwithout usingour adaptiveframese-
lection schemeand the labeling prior. The comparison
shaws that our methodremarkablyimproves segmentation
anddisparityestimatioralongthemoving head which con-
sistentlyoccludeghe backgroundandwasvery dif cult to
handlecorventionally

3.4.Smoothnesslerm

Since our label encodedisparity and sggmentjointly,
the spatialsmoothnessf thesetwo setsof variablescanbe
maintainedby only enforcingthe labelindex smoothness,
whichyieldsa simpleform

X

Es(Lt) = s (Le(xe)s Le(y))s (10)

Xt yt2N(xt)

whereN (X¢) is thesetof neighborof pixel x;, and sisa
smoothness/eight. () is arobustfunctionde ned as

(Le(xt);Le(ye)) = minfi Le(xe)  Le(yois @

wherejLi(x;) L¢(yt)j measureshe distanceof indices
betweerl(x;) andL(y:), and truncatesvery largeval-
uesto presere discontinuity This simplesmoothnesform
canbeefciently solvedby beliefpropagtion[6] (thecom-
plexity is linearto thenumberof labels),andis enougheven
for thechallengingexamplesshown in the paper

4. Solving the Objective Function

In the rst place,the label mapsof the whole sequence
areunknovn. Sothe enegy de ned in (1) cannotbe di-
rectly solved. We introducea systeminitialization stepto
separatelestimatealabelmapfor eachframeby remaving
the geometriccoherenceconstraintp, (). Labeling prior
pPo( ) is alsoomitted,simplifying thelik elihoodin (2) to

Pinit (Xe;Le(x1)) = ﬁ S Pe(Xe;Li(Xe); ;1)
where Yx:) containghe selectedrames.Withoutthela-
bel mapsin the beginning, we resortto the temporalselec-
tion methodof KangandSzeliski[7] to pick frameswhere

thecorrespondingpixelsof x; arevisible.

Algorithm 1 Multi-Body PlaneFitting

1. Use meanshift to producecolor segments$ = fsjji =
1;2;::5Nsgin .
2. for eachsgments; in|; do
fork = 1;:::;;K do
Estimatethe planeparametergor s; by minimizing
(11). Theoutputincludesthe parametergal; b¢; c]
andthetotal costE * (al; b ; cF).
endfor -
Find the optimal plane parametergal ; b ; ¢ ], where
j = argming EX(a; B ).
endfor
3. IfFEJ < E? updatedy, = ax+hy+ ¢ andsetS(x;) := |
for ary pixelx; 2 s;.

The initial objective functionis correspondinglymodi-
ed to

0 X X
EqL;M = (@
t=1 Xx¢21¢
X

s (Le(xe); Le(y))): (11)

Yt2N (xt)

Pinit (Xt; Le(Xt)) +

Sincethe labelsof differentframesare not correlatedin
this form, we solve for L; for eachframet separatelyby
loopy belief propagtion (BP) [6]. Oneresultediabel map
is shawvn in Figure5(b). It is however erroneougspecially
in texturelesgegions.

4.1.Multi-Body PlaneFitting

To handletexturelesgegionsandmalke thefollowing re-
nement easiey we alsoincorporatecolor sggmentationin
theinitialization step.The color sgmentsarecomputecby
the mean-shifimethod[3]. Thenwe modeleachcolor sey-
ments; asa 3D planewith parameter$a; ; b ; ¢;] suchthat

d«, = ajx + by + ¢ for eachpixel x; = [X;y] 2 s;.

With the new con guration thatthe scenecontainsmul-
tiple maoving objects traditionalplane tting methodqe.g.,
[20]) cannotbe used. Here,we introducea multi-body al-
gorithm, sketchedin Algorithm 1. For eachcolor segment
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Figure5. Intermediateresults. (a) Oneframefrom a sequence.(b) Initial label estimatewithout plane tting. (c) The obtainedcolor
segmentsby Mean Shift method[3]. (d) Thelabelmapafterplane tting. (e) There ned labelmapafterthe rst-passoptimization. (f)
There ned labelmapafterthetwo-passptimization.(g) Theboxandbackgroundsegments.(h) Thereconstructe@D surfaceof thebox
withoutdisparitylevel expansion.(i) The nal 3D surfaceafterdisparitylevel expansion.

S, we rst assignit to the 1stobject. Sothe camergparam-
etersaresetto C! = fK;R}; Tig. By takingall pixels
in s; into Eq. (11) while xing thelabelsin all othercolor
segmentswe computethebestplaneparametergal; bt; ¢']
usingthe methodof [27]. The correspondinglyminimized
total costin s; is denotecasE * (al; bt; ct).

Afterwards, we assigns; to object 2, and repeatthe
above processo computeE % (a?; i?; ¢2). It continuesun-
til [aX ; B¢ ; X ] areestimated With theK setsof possible
planeparameterss; suitsbesttheobjectwith theminimum
totalenegy, thatis,j = argminy EX(ak; b¢; c¥).

Notethatassigning to t aplanedoesnot necessarily
yield abetterresultthantheinitial labelmap.Wethuscom-
pareEtq with the initially computedcostE? expressedn
(1) for all pixelsin s;. th < E?meanglane tting yields
a lower-enepgy con guration. Sothe pixelsin s; needto
beupdatedto dx, = ax + by + ¢ andS(x;) = j. On
thecontraryif EJ > E, it is very likely thatthe segment
spansmultiple layersor is simply inappropriateto model
the surfaceby a 3D plane. We do not risk updatinglabels
in this case. Figure 5(d) demonstratethe effectivenessof
this step.Theinitially erroneouestimatesaredramatically
improved, especiallyin texturelesgegions.

4.2.Iterati ve Spatio-Temporal Optimization

Althoughplane tting is usefulfor frame-wisedepthes-
timationandsegmentationdueto the lack of explicit tem-
poralcoherenceonstrainttheindependenthestimateda-
belsarenot consistentasillustratedin Figure5(d) andour
supplementaryideo®. Theinitial labelsare occasionally
wrongin someframes,which canbe correctedn multiple
framesin anoutlier-rejectionfashionmakinguseof thege-

1The supplementaryideo canbe downloadedrom the corresponding
projectwebsiteunderhttp://www.cad.zju.edu.cn/home/gfzhang/

ometrycoherenceermp, () in Eq. (5).

Consideringa pixel x in framet and denotingits cor
respondingpixel asx?® in framet?, if both labelsLo(x°)
andL(x) arecorrectandsatisfythe color coherenceon-
straint, py (X¢;1; Lto) in (5) andpe(X¢;1;1¢;1t0) in (3) will
outputlarge values. In contrast,outliers generallycannot
satisfy all constraintssimultaneouslyyielding very small
pc()pv () in thelikelihood(2).

Basedon the analysiswe useall termsin the datafunc-
tion (i.e. Eq. (7)) andprogressiely updatethe estimatedy
minimizing the enegy (1). We procesghe framessequen-
tially startingfrom the rst one. In optimizing label map
L¢, we x theestimatesn otherframes,which makesEq.
(1) beexpressedis

E[(L[) = Ed(l_t) + ES(L[): (12)

It is minimizedby beliefpropagtion. While processingne
framein the middle or at the backof the sequencegueto
there ned labelsin all framesbeforeit, p,( ) canbe very
reliablesinceit utilizesupdatednformation.We adopttwo
passesf optimizationto let all framesbe processedvith
nearlyevenneighborhoodnformation.

Figure 5(e) and (f) shav the label mapsafter the rst-
and second-passeptimization. The rst-pass optimization
already correctsmost of the problematicestimates. Our
supplementaryideo can betterdemonstratéhe temporal
consisteng. The obtainedlabelsare nally decomposed
into disparitiesandobjectsegmentindices.

Due to the useof discreteoptimization, the disparities
arewith limited levels,asdemonstrateth Figure5(h). We
densifythem by a hierarchicalbelief propagtion method
[25). In this processthe computedobject sgmentsare
x ed. Figure5(i) shaws the reconstructedneshafter dis-
parity level expansion.
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Figure6. Three-bodysequence(a) Two selectedrames.(b) The
estimatedabelmaps.(c) The estimatedbjectmasks.

5. Experimental Results

We took a few video clips by a handheldconsumedig-
ital camera. The frame resolutionis 960 540 (pixels).
Mostof theparameterg oursystemare x ed. Speci cally,

s = 59Lj, = 003Lj, =03, =10 4= 2and
= 0:02Lj. The numberof the disparity levels my for
eachobijectis generallysetto 51 101 Given243labels,
oursystemakesaboutl0 minutesto proces®neframe(in-
cluding initialization and the two-passoptimization)on a
desktopcomputemwith a4-corelntel Xeon2.66 GHz CPU.

Figure 6 shavs a three-bodyexample containingtwo
persongurningaround.Thefull sequencés includedin the
video. It is very challengingfor accuratedepthestimation
andmotion segmentatiorbecausecclusionarisesvery of-
tenandthereexist large texturelessegions. Our computed
labelmapsareshawvn in (b), which areaccurateevenalong
boundariesFigure6(c) shavs our high-qualityobjectseg-
ments.

Another “Boxes” exampleis shavn in Figure 7. The
frontboxoccludeghebackgrouncgindanothemaoving box,
makingocclusioncomplex. Our methodcanfaithfully es-
timatetherespectie depthmapsandproduceaccuratesey-
mentation.The examplein Figure8 containghreetoy cars
moving ontheground.Their depthandobjectsegmentsare
computed. Figure 9 demonstrates moving car example.
Strongre ection of the carsurfacecanbenoticed.Thecast
shadev ontheroadbringsadditionaldif culties. Evenwith
thesechallengespur resultsare still visually compelling,
except for someregions that violate the color constang
constraintin multi-view geometry— for example,the win-
dow andspeculare ection surface. The extractedcar has
anaccuratéboundary

@ (b)

Figure 7. “Boxes” example. (a) One frame from the input se-
quence(b) Theestimatedabelmap.

@ (b) ©
Figure8. “Toy” example. (a) Two selectedrames. (b) The esti-
matedobjectmaskimages.(c) Theestimatedabelmaps.

@

(b)

©

Figure 9. Challenging“Car” example. (a) Two framesfrom the
input sequence(b) The estimatedabel maps. (c) The extracted
carimages.

6. Conclusions

In this paper we have presenteda novel multi-body
stereamethodfor constructinghigh-qualitydepthmapsand
for segmentationof several moving rigid objectsfrom an
input monocularimage sequence. The nev multi-body
steredabelrepresentatiogouplesdepthandsegmentation
indices, making it possibleto emplgy optimizationto si-
multaneouslhcomputethesetwo setsof variables. A multi-
body plane tting methodis introducedto improve initial
estimatesn texturelesgegions,togethemwith disparityhole
lling to offer additionalmatchingnformationfor occluded



pixels.

Currently our methodcan only handleindependently
moving rigid objects. Nonrigid objectsin this systemwill
still beclassi edasrigid ones.Handlingthemproperlywill
beour futurework.
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