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Abstract

Thispaperpresentsa novelmulti-bodymulti-view stereo
methodto simultaneouslyrecover densedepthmapsand
performsegmentationwith theinput of a monocularimage
sequence. Unlike traditional multi-view stereoapproaches
that generally handlea singlestaticsceneor an object,we
showthatdepthestimationandsegmentationcanbejointly
modeledandbeglobally solvedin an energy minimization
framework for ubiquitousscenescontainingmultiple inde-
pendentlymoving rigid objects.Our major contribution in-
cludesa new multi-bodystereomodel,which integratesthe
color, geometry, and layer constraints for spatio-temporal
depthrecoveryandautomaticobjectsegmentation.A two-
passoptimizationschemeis proposedto progressivelyup-
date the estimates.Our methodis applied to a variety of
challengingexamples.

1. Intr oduction

Both stereo-based3D reconstructionand image/video
segmentationhavebeenfundamentalproblemsin computer
vision for long time, dueto the critical needof high qual-
ity depthandsegmentestimatesin many applications,e.g.,
recognition,image-basedrendering,andimage/videoedit-
ing. However, thesetwo problemswere researchedtypi-
cally alongdifferentlines.

In multi-view stereo[16], which estimatesdepth and
3D geometryfrom a collection of images,simultaneous
dense3D reconstructionandsegmentationof rigid objects
that move differently is very dif�cult. Coarserepresenta-
tion with multiple rigid components[14], 3D motion seg-
mentationto separatefeaturetrajectoriesof multiple mov-
ing objects[4, 21, 13], andobjectrecognitionwith a train-
ing process[24, 9] wereproposedto dealwith dynamicor
staticscenes.They however cannotsolve the high-quality
dense3D reconstructionproblem,especiallywhenmoving
objectsarenot initially separated.

In this paper, we presenta new methodto simultane-
ously achieve densedepthestimationandmotion segmen-

tationfor multiple rigid objectsundergoingdifferentmove-
ments. Our major contributionsincludea new multi-body
stereorepresentationthat couplesdepthandsegmentation
labels,anda global estimationmethodto minimize a uni-
�ed objective function, which notablyextendsmulti-view
stereoto sceneswith several surfacesindependentin mo-
tion. We alsoproposeanadaptive-frame-selectionscheme
with a depthandsegmenthole �lling algorithmfor effec-
tiveocclusionhandling.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
consistentdepthandsegmentmaps.

PreviousWork and Discussion

3D motion segmentationseparatesfeaturetrajectories
of moving objectsto recover their positionsand the cor-
respondingcameramotion. Most of thesemethodsadopt
the af�ne cameramodel for simpli�cation [4, 21, 13]. A
few alsoaim to handlemultiple perspective views [15, 12].
Theseapproachesdo not aim at high-qualitydense3D re-
constructionwith segmentation.

In 2D motionsegmentation[1, 23, 29, 8], pixelsthatun-
dergo similar motion are approximatelygrouped,and are
separatedinto layers. Thesemethodsalso dependon the
accuracy of motion estimationandgenerallydecouplethe
computationof motion andsegmentation,which could in-
troducethe`chickenandegg' problem– that is, inaccurate
motion estimatecausessegmentationambiguity, while er-
roneoussegmentsmayadverselyaffectmotionestimation.

Rothgangeret al. [14] proposedreconstructinggroups
of af�ne-covariantscenepatcheswith the multi-view con-
straints. It only coarselyrepresentsa dynamicscenewith
multiplerigid components.Two recentmethods[24, 9] per-
formedsemanticsceneparsingandobjectrecognitionbased
on estimateddensedepthmaps,or by a joint optimization
of segmentationandstereoreconstruction.Thesemethods
requirea trainingstageandthescenemustbestatic. In ad-
dition, the producedcoarseobject segmentsmay be with



impreciseboundaries.
If moving rigid objectsare masked out, we can apply

MVS to eachobject independently. State-of-the-artseg-
mentationmethods,such as mean shift [3], normalized
cuts[18], andweightedaggregation(SWA) [17] basetheir
operationson 2D imagestructuresanddo not considerrich
geometryin MVS.

With theobjective to accuratelyextractforegroundmov-
ing objectswith visually plausibleboundaries,bilayer seg-
mentationmethods[5, 19] wereproposedassumingthatthe
camerais mostly stationary, availing estimatingor model-
ing thebackgroundcolor. Obviously, thesemethods,dueto
thestaticcameraconstraint,donot suitMVS either.

Recently, Zhanget al. [26] usedboth the motion and
depthinformationto model the backgroundsceneandex-
tractedgood-qualityforegroundlayer. Theestimateddense
motion �eld and bilayer segmentationare iteratively re-
�ned. This approachis limited to bilayersegmentation.In
addition,only the motion �eld for the foregroundlayer is
computed,which is notenoughfor 3D reconstruction.

2. SystemOverview

We �rst de�ne notationsusedin this paper. Given a
sequencêI with n frames, i.e., Î = f I t jt = 1; :::; ng,
taken by a freely moving camera,our objective is to esti-
matethe disparitymapsD̂ = f D t jt = 1; :::; ng in the n
framesaswell asthecorrespondingmotionsegmentmaps
Ŝ = f St jt = 1; :::; ng. I t (x) denotesthe 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
St (x) = k. Denotingby zx thedepthof pixel x in framet,
by convention,disparityD t (x) is de�nedasD t (x) = 1=zx .

2.1.Multi­Body Structur e­from­Motion

In a conventionalstatic-scenesequence,only onesetof
cameraparametersis computedfor eachframe.Here,since
we have K independentlymoving rigid objects,they have
their own motionparametersandareviewedfrom different
positions.Thecameraparametersof objectk in framet are
denotedasC k

t = f K t ; R k
t ; T k

t g, whereK t is the intrinsic
matrix,which is thesamefor all objects.R k

t is therotation
matrix,andT k

t is thetranslationvectorfor objectk.
In this paper, with the focus to solve for dense3D

motion segmentation,the numberK of rigid objectsand
the relative cameramotion for eachobjectareempirically
computedby themulti-bodystructure-from-motion(SFM)
method[12] in a pre-process.Whenoccasionalerrorarises
in this automaticmethoddueto complex structuresof the
sequenceor thelargenumberof independentlymoving ob-
jects, we remove problematicfeaturetracks,and use the
semi-automaticmethod[2] to adda few long tracks,which

 

(a) (b)

Figure1. Pre-processing.(a-b)Thegroupedfeaturetracksfor the
two boxesin two selectedframes.Thetrackedfeaturesin different
objectsareshownasgreenandredcrosses,respectively. Thewhite
curvesarethecorrespondingtemporaltrajectories.

arethenmanuallygroupedwith respectto objects.Oneex-
ampleis shown in Figure1, wherefeaturesaretracked for
thetwo boxes. We performstructure-from-motion[28] for
eachgroupof thefeaturetracksindependentlysuchthatrel-
ative cameramotion canbe respectively estimatedfor the
objects. We sort the objectsaccordingto their distanceto
thecamera.Therelative scalesamongdifferentobjectsare
not estimatedsincetheobjectsaregenerallynot in contact
andscalesdo not in�uence the depthestimationandseg-
mentation.

After pre-processing,we estimatedensedepthandseg-
mentationmapswith the multi-body con�guration. It is
challengingeven for manuallabelingof the layersthat in-
clude�ne detailsin eachframeandof densedisparityval-
ues.Soa robustautomaticalgorithmis needed.

2.2.The Framework

Table1 gives an overview of our system. With an in-
put sequenceandthe estimatedcameramotion for the ob-
jects,we �rst initialize the depthandobjectsegmentation
mapsfor eachframe without temporalconsideration. A
new multi-body plane�tting schemeis introduced. Then
we updatethedisparityandsegmentationmapswith itera-
tive optimization.Finally, a hierarchicalbelief propagation
algorithmis employedto densifythelevelsof disparityfor
higherestimationprecision.

1. Initialization :
1.1 Initialize depthandmotionsegmentationfor each

frameby solvingEq. (11) (Sec.4).
1.2 Use multi-body plane�tting to re�ne initializa-

tion (Sec.4.1).
2. Iterati veOptimization:

2.1 Processframesconsecutively from 1 to n:
For eachframet, �x thedisparitiesandsegmen-
tation labelsin other framesand re�ne L t by
minimizingEq. (1) (Sec.4.2).

2.2 Repeatstep2.1for two passes.
2.3 Usea hierarchicalBP algorithmto increaseesti-

mationaccuracy.

Table1. OurFramework



3. Multi-Body StereoModel

For eachpixel, our goalis not only to estimateits actual
disparityvalue,but to determinethe objectsegmentit be-
longsto aswell. To thisend,for objectk, we�rst determine
its maximumandminimum depthvaluesof the recovered
3D points correspondingto the tracked featuresin multi-
bodystructure-from-motion,anddenotethemaszk

max and
zk

min . Therangeof disparitiesis thus[dk
min ; dk

max ] where

dk
min = smin =zk

max ; dk
max = smax =zk

min :

Thetwo scalefactorssmin < 1 andsmax > 1. Thedisparity
rangeis thenevenlypartitionedinto mk levelswith interval
� d, suchthatthei th level is expressedas

dk
i = (i � 1)� d + dk

min ;

wherei = 1; :::; mk . Now eachpixel x hastwo key vari-
ablesto be estimated:one is its disparityvalued andthe
other is the segmentindex k. Separatelycomputingthese
two setsof variables,asaforementioned,is notoptimaland
easilyaccumulateserrors.

We alternatively proposean expandedlabeling set that
jointly considersthesetwo variablesfor eachpixel, andde-
�ne it as

L = f d1
1; d1

2; :::; d1
m 1

; :::; dK
1 ; dK

2 ; :::; dK
m K

g:

Thecardinalityof thesetjLj =
P K

k=1 mk . In L , eachlabel
(denotedasL i for thei th label)naturallyencodesasegment
index andtheactualdisparityvalue. If a pixel is labeledas
L i after computation,we caneasilydetermineits segment
index S(L i ) as

S(L i ) = h s.t. 1 � i �
h� 1X

j =1

mj � mh :

Its disparityvalueD(L i ) is accordingly

D(L i ) = dh
i �

P h � 1
j =1 m j

:

For example,L m 1 +3 meansthat this pixel belongsto 2nd
object,andthedisparityvalueis d2

3.
Thanksto this compactrepresentation,insteadof esti-

matingD t andSt separately, we now canestimatea joint
labelmapL t for eachframet with theconsiderationof nec-
essarycolorandgeometryconstraints.

3.1.ObjectiveFunction

To computethe label mapsL for all frames,we de�ne
theenergy in theinputsequenceas

E (L ; Î ) =
nX

t =1

(Ed (L t ) + Es (L t )) ; (1)
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xt

xt

Ct'

x't' t

Xt

X'

Figure2. Multi-view geometry. GivendisparityD(l ), pixel x t is
mappedto its actual3D position,andthenreprojectedto framet 0.
Theprojectedpixel in framet0 is denotedasx 0. Ideally, whenwe
reprojectx 0 from frame t0 back to t, the projectedpixel x t 0! t

t

shouldbe identical to x t . In practice,due to matchingerrors,
x t 0! t

t andx t arepossiblydifferentpoints.

wherethedataterm Ed measureshow well labelingL �ts
theobservation Î , andthetermEs encodesspatiallabeling
smoothness.We elaboratethesetermsbelow followed by
descriptionof optimizationand systeminitialization, and
by thediscussionof otherimplementationissues.

3.2.Data Term

Our data term takes the intensity, disparity, and layer
consistency informationinto consideration.Thelikelihood
thatonepixel x t in I t is labeledasl 2 L is de�ned as

P(x t ; l ) =
1

j� v (x t )j + j� o(x t )j
(

X

t 02 � o ( x t )

po(x t ; l ; L t 0;t ) +

X

t 02 � v ( x t )

pc(x t ; l ; I t ; I t 0) � pv (x t ; l ; L t 0)); (2)

where � v (x t ) and � o(x t ) are two sets of the selected
neighboringframesfor x t , and po(x t ; l ; L t 0;t ) is a label-
ing prior, all of which will be elaboratedin Section3.3.
1=(j� v (x t )j + j� o(x t )j) is usedfor energy normalization.
pc(x t ; l ; I t ; I t 0) measuresthecolorsimilarity betweenpixel
x t andtheprojectedx0 in framet0, sameastheonein [27]:

pc(x t ; l ; I t ; I t 0) =
� c

� c + jj I t (x t ) � I t 0(x 0)jj
; (3)

where � c controls the shapeof the differentiablerobust
function. I t 0(x0) is thecolorof pixel x0. With theestimated
cameraparametersanddisparityD(l) of pixel x t , theloca-
tion of theprojectedpixel x 0 canbeexpressedas

x 0h � K t 0R >
t 0R t K

� 1
t x h

t + D(l)K t 0R >
t 0(T t � T t 0); (4)

wherethesuperscripth indicatesthehomogeneouscoordi-
nateof thevector. The2D pointx 0 is computedby dividing
x0h with thethird homogeneouscoordinate.
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Figure3. The projectedlabelingprior with hole �lling. (a) The
31stframe. (b) The 36th frame. (c) The projectedlabelingprior
L 31;36 . Theredpixelsarethosereceiving noprojectionduringthe
3D warping.(d) Labelinferencefor pixel x t from thefour nearest
visibleneighborshorizontallyandvertically.

pv (x t ; l ; L t 0) is ageometryandsegmentcoherenceterm
measuringwhetheror not pixel x t and the projectedcor-
respondencex0 are in the sameobject segment,and how
consistentthey are in termsof multi-view geometry. We
de�ne pv (�) as

pv (x t ; l ; L t 0) =
�

0; S(l ) 6= S(l0)
pg (x t ; D(l ); D(l0)) ; S(l ) = S(l0)

(5)

wherel0 2 L is the currentlabel of x0. Eq. (5) shows if
l andl0 have differentsegmentindices,the two pixels are
not correspondingin thetwo framesandshouldbediscon-
nected.Otherwise,weusepg de�ned below to measurethe
geometriccoherencebetweenx t andx0 [27]:

pg (x t ; D(l ); D(l0)) = exp(�
jj x t � x t 0! t

t jj 2

2� 2
d

); (6)

wherex t 0! t
t is the correspondingpoint in framet by pro-

jecting x0 from frame t0 to t with its disparity estimate
D(l0). An illustrationis providedin Figure2. Thestandard
deviation � d is setto 3 in ourexperiments.

To �t theenergy minimizationframework, our dataterm
Ed is �nally writtenas

Ed (L t ) =
X

x t 2 I t

1 � P (x t ; L t (x t )) : (7)

3.3.AdaptiveFrame Selectionwith Labeling Prior

The dateterm in Eq. (2) involves variables� v (�) and
� o(�), and the prior po(�). They arede�ned with a novel
frame-selectionschemebasedon an observation. That is,
ratherthansummingthe matchingcostover all frames,a
betterstrategy for multiview geometryenforcementis to
only pick frameswherecorrespondingpixels exist (or are
visible).

We introducean effective methodto searchfor frames
that containnon-occludedmatchingpixels for eachrefer-
encepixel x t . Giventheinitial labelmapsor theirestimates
from the previous iteration, we usethe 3D warping tech-
nique [10] to warp L t 0 to the referenceframet. Oneex-
ampleis shown in Figure3. The label mapwarpedfrom

framet0 to t is denotedasL t 0;t , asshown in (c). If a pixel
x t doesnot receive any labelprojectionfrom framet0, the
valueof L t 0;t (x t ) is regardedasmissing,whichimpliesthat
thecorrespondingpixel of x t in framet0 is occluded.

Weusethiscriterionto selectvisibleandinvisibleframes
for eachpixel anddenoteby � v (x t ) and� o(x t ) respectively
the setof frameswherecorrespondencesof x t arevisible
andareoccluded.Practically, weatmostcollectN1 frames
for � v (x t ). N1 is set to 16 � 20 in our experiments. If
the total numberof framesin � v (x t ) cannoteven reacha
lower limit N2, which is generallyset to 5, we adda few
neighboringframesto � o(x t ) sothatj� o(x t )j + j� v (x t )j =
N2.

Notethatoccludedpixelshave no matchingcosts.Soif
a pixel is occludedin all neighboringframes,its true dis-
parity cannotbe inferreddirectly. Why do we still collect
framesto form � o(x t )? It is becausewe found although
accurateinter-framematchingis not achievable,thereis a
simplemeansto coarselyinfer thedisparitiesandobjectla-
bels even in the extremeno-visible-correspondencesitua-
tion usingdisparityneighbors.

Basedon the fact that occludedpixels generallyhave
small disparity values,we apply an easybut effective al-
gorithmfor label mapinpainting. For eachmissingpixel x
in theprojectedL t 0;t , we searchhorizontallyandvertically
for four nearestneighborsthatreceive labels,andselectthe
one,denotedasx � , with theminimumlabelindex, asshown
in Figure3(d). Thecon�denceto setL t 0;t (x) = L t 0;t (x � ) is
dependantof thedistancebetweenx andx � , which is high
whenthe two pixels areclose. We usea spatialGaussian
falloff to modelthecon�dence

wo(x ) = e
� jj x � x � jj 2

2 � 2
w ; (8)

where� w = 10empirically.
Labelmaphole�lling doesnothaveveryhighaccuracy,

but worksprettywell whenvisiblecorrespondencesarenot
enoughin estimatingareliabledatacost.Thelabelingprior
makinguseof thispieceof informationis de�ned as

po(x t ; l ; L t 0;t ) = � o � wo(x t )
�

� + jl � L t 0;t (x t )j
; (9)

where� o is theweight,and� controlstheshapeof thedif-
ferentialcost.Theformulationof po requiresthatL t (x t ) is
similar to L t 0;t (x t ) with highcon�dencewo(x).

In [11, 22], the depth/disparitymaps of neighboring
views areprojectedto the referencefor depth/disparityfu-
sion. The accuracy of the fuseddepthdependson the ac-
curacy of theprojecteddepthmaps.In comparison,we use
the projectedlabel mapsasa prior to avail selectingvisi-
ble framesandstabilizing the ill-posed likelihoodestima-
tion for occludedpixelswith hole�lling.

Thisstrategy is veryusefulfor pixelsneardiscontinuous
boundarieswhereocclusioncommonlyarises,and in the
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Figure4. Resultcomparisonusingandwithout usingtheadaptive frameselectionandlabelingprior. (a) The�rst frameof thesequence.
(b-c) Two estimatedlabelmaps,usingandwithout usingtheadaptive frameselectionschemeandthelabelingprior. (d)-(e)Close-upsof
(b) and(c).

meantimedoesnot affect depthestimationfor othervisible
pixels. Figure4(b) and(c) (close-upsin (d) and(e)) show
two resultsusingandwithout usingour adaptiveframese-
lection schemeand the labeling prior. The comparison
shows thatour methodremarkablyimprovessegmentation
anddisparityestimationalongthemoving head,whichcon-
sistentlyoccludesthebackgroundandwasvery dif�cult to
handleconventionally.

3.4.SmoothnessTerm

Sinceour label encodesdisparity and segment jointly,
thespatialsmoothnessof thesetwo setsof variablescanbe
maintainedby only enforcingthe label index smoothness,
whichyieldsasimpleform

Es (L t ) = � s

X

x t

X

y t 2 N ( x t )

� (L t (x t ); L t (y t )) ; (10)

whereN (x t ) is thesetof neighborsof pixel x t , and� s is a
smoothnessweight. � (�) is a robustfunctionde�ned as

� (L t (x t ); L t (y t )) = minfj L t (x t ) � L t (y t )j; � g;

wherejL t (x t ) � L t (y t )j measuresthedistanceof indices
betweenL t (x t ) andL t (y t ), and� truncatesvery largeval-
uesto preservediscontinuity. Thissimplesmoothnessform
canbeef�ciently solvedby beliefpropagation[6] (thecom-
plexity is linearto thenumberof labels),andis enougheven
for thechallengingexamplesshown in thepaper.

4. Solving the ObjectiveFunction

In the �rst place,the labelmapsof the wholesequence
are unknown. So the energy de�ned in (1) cannotbe di-
rectly solved. We introducea systeminitialization stepto
separatelyestimatea labelmapfor eachframeby removing
the geometriccoherenceconstraintpv (�). Labeling prior
po(�) is alsoomitted,simplifying thelikelihoodin (2) to

Pinit (x t ; L t (x t )) =
1

j� 0(x t )j

X

t 02 � 0( x t )

pc(x t ; L t (x t ); I t ; I t 0);

where� 0(x t ) containstheselectedframes.Without thela-
bel mapsin thebeginning,we resortto thetemporalselec-
tion methodof KangandSzeliski[7] to pick frameswhere
thecorrespondingpixelsof x t arevisible.

Algorithm 1 Multi-Body PlaneFitting

1. Use meanshift to producecolor segmentsŝ = f si ji =
1; 2; :::; N sg in I t .

2. for eachsegmentsi in I t do

for k = 1; ::::; K do
Estimatethe planeparametersfor si by minimizing
(11). Theoutputincludestheparameters[ak

i ; bk
i ; ck

i ]
andthetotal costE 0k (ak

i ; bk
i ; ck

i ).
end for
Find the optimal planeparameters[aj

i ; bj
i ; cj

i ], where
j = arg min k E k

t (ak
i ; bk

i ; ck
i ).

end for

3. If E 0j
t < E 0

t , updatedx t = ai x+ bi y+ ci andsetS(x t ) := j
for any pixel x t 2 si .

The initial objective function is correspondinglymodi-
�ed to

E 0(L ; Î ) =
nX

t =1

X

x t 2 I t

(1 � Pinit (x t ; L t (x t )) +

� s

X

y t 2 N ( x t )

� (L t (x t ); L t (y t ))) : (11)

Sincethe labelsof different framesare not correlatedin
this form, we solve for L t for eachframet separatelyby
loopy belief propagation (BP) [6]. Oneresultedlabelmap
is shown in Figure5(b). It is however erroneousespecially
in texturelessregions.

4.1.Multi­Body PlaneFitting

To handletexturelessregionsandmakethefollowing re-
�nement easier, we alsoincorporatecolor segmentationin
theinitializationstep.Thecolor segmentsarecomputedby
themean-shiftmethod[3]. Thenwe modeleachcolor seg-
mentsi asa 3D planewith parameters[ai ; bi ; ci ] suchthat
dx t = ai x + bi y + ci for eachpixel x t = [x; y] 2 si .

With thenew con�guration that thescenecontainsmul-
tiple moving objects,traditionalplane�tting methods(e.g.,
[20]) cannotbeused.Here,we introducea multi-bodyal-
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 MeanShift method[3]. (d) The labelmapafterplane�tting. (e) There�ned labelmapafter the �rst-passoptimization. (f)
There�ned labelmapafterthetwo-passoptimization.(g) Theboxandbackgroundsegments.(h) Thereconstructed3D surfaceof thebox
withoutdisparitylevel expansion.(i) The�nal 3D surfaceafterdisparitylevel expansion.

si , we �rst assignit to the1stobject.Sothecameraparam-
etersareset to C1

t = f K t ; R 1
t ; T 1

t g. By taking all pixels
in si into Eq. (11) while �xing the labelsin all othercolor
segments,wecomputethebestplaneparameters[a1

i ; b1
i ; c1

i ]
usingthemethodof [27]. Thecorrespondinglyminimized
total costin si is denotedasE 0k (a1

i ; b1
i ; c1

i ).
Afterwards, we assignsi to object 2, and repeatthe

above processto computeE 0k (a2
i ; b2

i ; c2
i ). It continuesun-

til [aK
i ; bK

i ; cK
i ] areestimated.With theK setsof possible

planeparameters,si suitsbesttheobjectwith theminimum
total energy, thatis, j = argmink E k

t (ak
i ; bk

i ; ck
i ).

Note thatassigningj to �t a planedoesnot necessarily
yield abetterresultthantheinitial labelmap.Wethuscom-
pareE 0j

t with the initially computedcostE 0
t expressedin

(11) for all pixelsin si . E 0j
t < E 0

t meansplane�tting yields
a lower-energy con�guration. So the pixels in si needto
be updatedto dx t = ai x + bi y + ci andS(x t ) = j . On
thecontrary, if E 0j

t > E 0
t , it is very likely that thesegment

spansmultiple layersor is simply inappropriateto model
the surfaceby a 3D plane. We do not risk updatinglabels
in this case.Figure5(d) demonstratesthe effectivenessof
this step.Theinitially erroneousestimatesaredramatically
improved,especiallyin texturelessregions.

4.2.Iterati veSpatio­Temporal Optimization

Althoughplane�tting is usefulfor frame-wisedepthes-
timationandsegmentation,dueto the lack of explicit tem-
poralcoherenceconstraint,theindependentlyestimatedla-
belsarenot consistent,asillustratedin Figure5(d) andour
supplementaryvideo 1. The initial labelsareoccasionally
wrong in someframes,which canbecorrectedin multiple
framesin anoutlier-rejectionfashionmakinguseof thege-

1Thesupplementaryvideocanbedownloadedfrom thecorresponding
projectwebsiteunderhttp://www.cad.zju.edu.cn/home/gfzhang/

ometrycoherencetermpv (�) in Eq. (5).
Consideringa pixel x in frame t anddenotingits cor-

respondingpixel as x0 in frame t0, if both labelsL t 0(x0)
andL t (x) arecorrectandsatisfythecolor coherencecon-
straint,pv (x t ; l ; L t 0) in (5) andpc(x t ; l ; I t ; I t 0) in (3) will
output large values. In contrast,outliersgenerallycannot
satisfy all constraintssimultaneously, yielding very small
pc(�)pv (�) in thelikelihood(2).

Basedon theanalysis,we useall termsin thedatafunc-
tion (i.e. Eq. (7)) andprogressively updatetheestimatesby
minimizing theenergy (1). We processtheframessequen-
tially startingfrom the �rst one. In optimizing label map
L t , we �x theestimatesin otherframes,which makesEq.
(1) beexpressedas

E t (L t ) = Ed (L t ) + Es (L t ): (12)

It is minimizedby beliefpropagation.While processingone
framein the middle or at the backof the sequence,dueto
the re�ned labelsin all framesbeforeit, pv (�) canbevery
reliablesinceit utilizesupdatedinformation.Weadopttwo
passesof optimizationto let all framesbe processedwith
nearlyevenneighborhoodinformation.

Figure5(e) and(f) show the label mapsafter the �rst-
andsecond-passoptimization. The �rst-passoptimization
alreadycorrectsmost of the problematicestimates. Our
supplementaryvideo can betterdemonstratethe temporal
consistency. The obtainedlabelsare �nally decomposed
into disparitiesandobjectsegmentindices.

Due to the useof discreteoptimization,the disparities
arewith limited levels,asdemonstratedin Figure5(h). We
densify them by a hierarchicalbelief propagation method
[25]. In this process,the computedobject segmentsare
�x ed. Figure5(i) shows the reconstructedmeshafter dis-
parity level expansion.



 

(a)

(b)

(c)

Figure6. Three-bodysequence.(a) Two selectedframes.(b) The
estimatedlabelmaps.(c) Theestimatedobjectmasks.

5. Experimental Results

We took a few videoclips by a handheldconsumerdig-
ital camera. The frame resolutionis 960 � 540 (pixels).
Mostof theparametersin oursystemare�x ed.Speci�cally,
� s = 5=jLj , � = 0:03jLj , � o = 0:3, � c = 10, � d = 2, and
� = 0:02jLj . The numberof the disparity levels mk for
eachobjectis generallysetto 51 � 101. Given243labels,
oursystemtakesabout10minutesto processoneframe(in-
cluding initialization and the two-passoptimization)on a
desktopcomputerwith a4-coreIntel Xeon2.66GHzCPU.

Figure 6 shows a three-bodyexample containingtwo
personsturningaround.Thefull sequenceis includedin the
video. It is very challengingfor accuratedepthestimation
andmotionsegmentationbecauseocclusionarisesvery of-
tenandthereexist largetexturelessregions.Our computed
labelmapsareshown in (b), which areaccurateevenalong
boundaries.Figure6(c) shows our high-qualityobjectseg-
ments.

Another “Boxes” example is shown in Figure 7. The
front boxoccludesthebackgroundandanothermoving box,
makingocclusioncomplex. Our methodcanfaithfully es-
timatetherespective depthmapsandproduceaccurateseg-
mentation.Theexamplein Figure8 containsthreetoy cars
moving ontheground.Theirdepthandobjectsegmentsare
computed. Figure9 demonstratesa moving car example.
Strongre�ection of thecarsurfacecanbenoticed.Thecast
shadow ontheroadbringsadditionaldif�culties. Evenwith
thesechallenges,our resultsare still visually compelling,
except for someregions that violate the color constancy
constraintin multi-view geometry– for example,the win-
dow andspecularre�ection surface. Theextractedcarhas
anaccurateboundary.

 

(a) (b)

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

(a) (b) (c)

Figure8. “Toy” example. (a) Two selectedframes. (b) The esti-
matedobjectmaskimages.(c) Theestimatedlabelmaps.

 

(a)

(b)

(c)

Figure9. Challenging“Car” example. (a) Two framesfrom the
input sequence.(b) The estimatedlabel maps. (c) The extracted
carimages.

6. Conclusions

In this paper, we have presenteda novel multi-body
stereomethodfor constructinghigh-qualitydepthmapsand
for segmentationof several moving rigid objectsfrom an
input monocularimage sequence. The new multi-body
stereolabel representationcouplesdepthandsegmentation
indices,making it possibleto employ optimizationto si-
multaneouslycomputethesetwo setsof variables.A multi-
body plane�tting methodis introducedto improve initial
estimatesin texturelessregions,togetherwith disparityhole
�lling to offer additionalmatchinginformationfor 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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