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Figure1.High-qualitydepthreconstructionfromthevideosequence“Road”containingcomplex occlusions.Left: An inputvideosequence
takenby a moving camera.Right: Videodepthmapsautomaticallycomputedby our method.Thethin postsof thetraf�c signandstreet
lamp,aswell astheroadwith graduatedepthchange,areaccuratelyconstructedin therecovereddepthmaps.

Abstract

This paper presentsa novel methodfor reconstruct-
ing high-qualityvideodepthmaps. A bundleoptimization
modelis proposedto addressthe key issues,including im-
age noiseand occlusions,in stereo reconstruction. Our
methodnot only usesthe color constancyconstraint, but
also explicitly incorporatesthe geometriccoherencecon-
straint associatingmultipleframesin a video,thuscannat-
urally maintain the temporal coherenceof the recovered
video depthswithout introducingover-smoothingartifact.
To make the inferenceproblemtractable, we introducean
iterative optimizationschemeby �r st initializing disparity
mapsusing segmentationprior and then re�ning the dis-
parities by meansof bundle optimization. Unlike previ-
ouswork estimatingcomplex visibility parameters,our ap-
proach implicitly modelstheprobabilisticvisibility in a sta-
tistical way. Theeffectivenessof our automaticmethodis
demonstratedusingchallengingvideoexamples.

1. Intr oduction

Stereoreconstructionof densedepthsfrom real images
haslong beena fundamentalproblemin computervision.
The reconstructeddepthscanbe usedby a wide spectrum
of applicationsincluding 3D modeling, robot navigation,
image-basedrendering,andvideoediting. Althoughstereo
problem[14, 8, 15, 23] hasbeenextensively studiedduring
thepastdecades,obtaininghigh-qualitydensedepthdatais
still achallengingproblemduetomany inherentdif�culties,
suchasimagenoise,texturelesspixels,andocclusions.

Givenaninputvideosequencetakenby a freelymoving
camera,we proposea novel methodto automaticallycon-
structhigh-qualityandconsistentdepthmapsfor all frames.
Our maincontribution is thedevelopmentof a globalopti-
mizationmodelbasedon multiple frames,which we called
bundleoptimization, to resolve mostof theaforementioned
dif�culties in disparityestimation.

Our methoddoesnot explicitly model the binary visi-
bility (occlusion). Instead,the visibility is encodednat-
urally in the energy de�nition. Our model also doesnot
distinguishamongimagenoise,occlusionsandestimation
errors,so as to achieve a uni�ed framework in modeling
matchingambiguities.The color constancy constraintand
geometriccoherenceconstraintlinking differentviews are
combinedin an energy minimization framework, reliably
reducingthe in�uence of imagenoiseandocclusionsin a
statisticalway. This processmakes our optimizationnot
produceover-smoothingor blendingartifact.

In orderto dealwith thedisparityestimationin texture-
lessregion and alleviate the problemof segmentationes-
pecially on �ne object structures,we only usethe image
segmentationprior in thedisparityinitialization. Thenour
iterative optimizationalgorithmre�nes the segmenteddis-
paritiesin a pixel-wisemanner. Experimentsshow thatthis
is rathereffectivein estimatingcorrectdisparitiesin texture-
lessregionswhile faithfully preservingthe�ne structuresof
objectsilhouettes.

Our methodis very robustagainstocclusions,matching
ambiguities,andnoise.We have conductedexperimentson
avarietyof challengingexamples.Automaticallycomputed
depthmapscontainvery little noise. Clearobjectsilhou-



ettesarealsopreserved.Onechallengingexampleis shown
in Figure 1, in which the scenecontainslarge textureless
regions,objectswith strongocclusions,roadwith smooth
depthchange,and even the thin postsof traf�c sign and
streetlamp. Our methodfaithfully reconstructsall these
structuresandnaturallypreservesobjectsilhouettes.Read-
ersarereferredto our supplementaryvideo for inspecting
thetemporalconsistency amongtherecovereddepthmaps1.

2. RelatedWork

Multi-view stereoalgorithms [12, 2, 8, 23] estimate
depthor disparitywith the input of multiple images.Early
approaches[12, 2] usedlocal andwindow-basedmethods,
andemployeda local “winner-takes-all” (WTA) strategy in
depth estimationat eachpixel. Later on, several global
methods[10, 19, 8] were proposed,which formulate the
depthestimationasan energy-minimizationproblem,and
commonlyapply graphcutsor belief propagation to solve
it. It is known thatloopy beliefpropagationandmulti-label
graphcutsdo not guaranteeglobaloptimalsolutionsin en-
ergy minimization,especiallywhenthematchingcostsare
notdistinctive in texturelessareas.

By assumingthattheneighboringpixelswith similarcol-
orshave similar or continuousdepthvalues,segmentation-
basedapproach[20, 21, 9] canimprove the depthestima-
tion especiallyfor large texturelessregions. Thesemeth-
odstypically modeleachsegmentasa 3D planeandesti-
matethe planeparametersby matchingsmall patchesbe-
tweenneighboringviewpoints[21, 9], or usinga robust�t-
ting algorithm [20]. In [5, 1], non-fronto-parallelplanes
wereconstructedon sparse3D pointsobtainedby structure
from motion. Recently, Zitnick andKang[23] proposedan
over-segmentationmethodto producesegmentscontaining
suf�cient informationfor matchingwhile reducingtherisk
of spanninga segmentover multiple layers.However, even
with over-segmentationor softsegmentation,thesegmenta-
tion errorsstill inevitably affect thedisparityestimation.

Occlusion handling is another major issue in stereo
matching. Methodsin [8, 16, 18, 17] useexplicit occlu-
sionlabelingin disparityestimation.KangandSzeliski[8]
proposedto combineseveral techniques,i.e. shiftablewin-
dows, temporalselection,andexplicit occludedpixel label-
ing, to handleocclusionsin densemulti-view stereowithin
a global energy minimization framework. Methodsde-
scribedin [16, 18, 17] explicitly incorporatethe visibility
variablesin optimization.However, for dealingwith a large
set of images,a large amountof visibility variableswill
make theinferencedif�cult.

Traditionalmulti-view stereomethodscomputethe lo-
cal depthmapassociatedwith eachchosenreferenceframe

1Thesupplementaryvideocanbedownloadedfrom thefollowing site:
http://www.cad.zju.edu.cn/home/gfzhang/projects/videodepth.

independently, which typically resultsin distractingrecon-
structionnoiseandtemporallyinconsistentdepthrecovery
in a video. Kang andSzeliski [8] proposedto simultane-
ouslyoptimizea setof depthmapsat multiple key-frames,
by addingatemporalsmoothnessterm.Thismethodindeed
makes the disparitiesacrossframesvary smoothly. How-
ever, it is sensitive to outliers and may lead to blending
artifactsaroundobject boundaries.In our method,rather
thanusingdirect smoothingor blendingof disparities,we
introduceageometrytermwhichhelpsto maintainthetem-
poralcoherenceby measuringthereconstructionnoiseand
probabilisticvisibility in a statisticalway. This makesour
disparityestimationrobustagainstoutliersandnoise.As a
result, the costdistribution of our dataterm is distinctive,
makingouroptimizationstable.

Multi-view stereomethodsfor reconstructing3D object
modelsalsohave beenwidely investigated[15]. Many of
them are proposedto model single object and cannotbe
appliedto handlinglarge-scalescenesowing to the issues
of computationcomplexity andmemoryspacerequirement.
Gargallo andSturm[6] proposedto formulatethe3D mod-
eling from imagesasaBayesianMAP problem,usingmul-
tiple depthmaps. Recently, Merrell et al. [11] proposed
a quick depthmapfusionmethodto constructa consistent
surface.They employedaweightedblendingmethodbased
on the visibility constraintand con�dences. In compari-
son,our methodcombinescolor constancy andgeometric
coherenceconstraints,thuscanrobustlyestimateconsistent
view-dependentdepthmapsacrossvideoframes.

In summary, many approacheshave beenproposedto
model 3D objectsand estimatedepthsusing multiple in-
put images.However, theissueof how to appropriatelyex-
tract useful information in recovering depthsfrom videos
is still not addressedwell. In this paper, we show that by
appropriatelymaintainingthetemporalcoherencebasedon
thecolor andgeometryconstraints,surprisinglyconsistent
densedepthmapscanbeestimatedfrom videosequences.
The recoveredconsistentdepthmapscan also be usedin
otherapplicationssuchasview interpolation,depth-based
segmentation,andlayerextraction.

3. Disparity Model

Given a video sequencêI with n frames,Î = f I t jt =
1; :::; ng, takenby a freely moving camera,our objective is
to estimatea setof disparitymapsD̂ = f D t jt = 1; :::; ng.
Here,I t (x t ) denotesthe color (or intensity)of pixel x t in
framet. It is a 3-vector in a color imageor a scalarin a
grayscaleimage.Denotingby zx t thedepthvalueof pixel
x t in framet, byconvention,thedisparityparameterD t (x t )
(dx t for short)is de�ned asdx t = 1=zx t .

Thecameraparametersetfor framet in avideosequence
is denotedasC t = f K t ; R t ; T t g, whereK t is the intrin-
sic matrix, R t is the rotationmatrix, andT t is the trans-



lation vector. The parametersfor all framescan be esti-
matedreliably by the structurefrom motion (SFM) tech-
niques[7, 13, 22]. Our systememploys the SFM method
proposedby Zhangetal. [22].

In orderto robustly estimatea setof disparitymaps,we
de�ne thefollowing energy in avideo:

E(D̂ ; Î ) =
nX

t =1

(Ed(D t ; Î ; D̂ nD t ) + Es(D t )) ; (1)

wherethedatatermEd measureshow well thedisparityD̂
�ts thegivensequencêI , andthesmoothnesstermEs en-
codesthesmoothnesson disparities.For eachframet, the
disparitymapD t shouldnotonlysatisfythecolorconstancy
constraint,but alsosatisfyageometriccoherenceconstraint
associatingotherframesin a video. We call our modelthe
bundle optimizationmodelbecausethe disparitiesof dif-
ferentframesareexplicitly correlatedandoptimizedin an
energy minimizationframework.

3.1.Data Term De�nition

Datatermde�nition usuallyplaysanessentialrole in en-
ergy minimization. If the costdistribution of a dataterm
is uninformative, the unreliablecost measurementmakes
theoptimizationproblematic.For instance,if wede�ne the
datatermasthecolor similarity, in texturelessareasor oc-
clusionboundaries,theremustexist strongmatchingambi-
guity. Usingsmoothnessassumptiononly compromisesthe
disparityof onepixel to its neighborhood,but doesnothelp
toomuchto infer thetruevalue.

Another issueof designingdataterm for depthestima-
tion is occlusionhandling. Visibility terms with binary
valuesarecommonlyintroducedin many stereomatching
methods[8, 18]. Speci�cally, if the matchingcost errors
or theerrorsby someotherinconsistency measurementsof
disparitiesareabovea threshold,thepixelsarelabeled“oc-
cluded”. Obviously, thebinaryde�nition is not alwaysop-
timal sincethe thresholdor otherparametersusuallyneed
to be tunedfor variousscenesandit is dif�cult to “softly”
incorporatethevisibility in energy minimization.

In our datatermde�nition, to make thecostdistinctive,
wesimultaneouslyconsiderthestatisticalinformationfrom
bothcolor andgeometry. Speci�cally, in a videosequence,
if thedisparityof onepixel in oneframeis mistakenly esti-
mateddueto eitherocclusionor otherfactors,theprojection
of this pixel to other framesusing the incorrectdisparity
hassmall probability simultaneouslysatisfyingboth color
andgeometryconstraints.By using this information,our
methodis ableto automaticallyandrobustly detectthedis-
parityerrorssoasto improvedisparityestimationfor pixels
aroundobjectsilhouettes.

Consideringa pixel x t in framet, by epipolargeometry,
the matchingpixel in framet0 shouldlie on the conjugate
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Figure2. Geometriccoherenceconstraint.Theconjugatepixel of
x t in framet0 is denotedasx t 0 andlies in theconjugateepipolar
line. Ideally, when we project x t 0 from frame t0 back to t, the
projectedpixel shouldsatisfyx t 0! t

t = x t . However, in disparity
estimation,thematchingprocesscauseserrors,makingx t 0! t

t and
x t betwo differentpixels.

epipolarline. Given the estimatedcameraparametersand
the disparity dx t for pixel x t , we computethe conjugate
pixel locationin I t 0 by

xh
t 0 » K t 0R >

t 0R t K
¡ 1
t xh

t + dx t K t 0R >
t 0(T t ¡ T t 0); (2)

wheresuperscripth denotesthevectorin homogeneousco-
ordinate.The2D point x t 0 is computedby dividing x h

t 0 by
thescalingfactor. We denotethemappingpixel in framet0

from x t asx t 0 = l t;t 0(x t ; dx t ). The mappingl t 0;t is sym-
metricallyde�ned. Sowealsohavex t 0! t

t = l t 0;t (x t 0; dx t 0).
An illustrationis shown in Figure2.

If thereis no occlusionor matchingerrors,ideally, we
have x t 0! t

t = x t . Sowe de�ne the likelihoodof disparity
d for any pixel x t in I t by combiningtwo different con-
straints:

L (x t ; d) =
X

t 0

pc(x t ; d; I t ; I t 0) ¢pv (x t ; d;D t 0); (3)

where pc(x t ; d; I t ; I t 0) measuresthe color similarity be-
tweenpixel x t andtheprojectedpixel l t;t 0(x t ; d) in frame
t0 andis de�ned as

pc(x t ; d; I t ; I t 0) =
¾c

¾c + jj I t (x t ) ¡ I t 0(l t;t 0(x t ; d)) jj
;

where ¾c controls the shapeof our differentiablerobust
function,andis setto 10 in all our experiments.jj I t (x t ) ¡
I t 0(l t;t 0(x t ; d)) jj is the color L-2 norm. The value of
pc(x t ; d; I t ; I t 0) is in therangeof (0,1].

pv (x t ; d;D t 0) is theproposedgeometriccoherenceterm
measuringhow close pixels x t and x t 0! t

t are in image
space,asshown in Figure2. For easeof explanation,we
�rst de�ne pv (x t ; d;D t 0) as

exp(¡
jjx t ¡ l t 0;t (x t 0; D t 0(x t 0)) jj2

2¾2
d

); (4)



which is in a form of Gaussiandistribution, where¾d de-
notesthestandarddeviation.

Both the above color andgeometryconstraintsusethe
correspondingpixel informationwhenmappingfrom frame
t0 to framet. But they constrainthe disparity in two dif-
ferentways. In the following, we brie�y explain why the
simplelikelihoodde�nition in (3) canbeusedeffectively in
disparityestimationwithoutexplicitly modelingocclusion.

Theabove likelihoodde�nition requiresthecorrectdis-
parity to be supportedby two constraintssimultaneously,
i.e. high color similarity as well as high geometricco-
herence. An erroneouslyestimateddisparity value for
one pixel seldomsatis�es both color and geometrycon-
straints,generallymakingpc(x t ; d; I t ; I t 0) ¢pv (x t ; d;D t 0)
small. So, from a statisticsperspective, consideringthe
mappingsfrom all other framest0 to t, incorrectdisparity
makes

P
pc(¢) ¢pv (¢) outputverysmallvalue.In contrast,a

correctd makespc(x t ; d; I t ; I t 0)¢pv (x t ; d;D t 0) outputcom-
parablylargevaluesfor all unoccludedpixels. This results
in a highly non-uniformcostdistribution for eachpixel fa-
voring truedisparityvalues.

In [8], an extra temporalsmoothnessterm was intro-
ducedoutsidethedatatermde�nition, whichfunctionssim-
ilarly to thespatialsmoothnessconstraint.It compromises
the disparitiestemporally, but doesnot help too much to
infer truedisparityvalues.

Equation(4) introducesa simple geometriccoherence
constraintformulation. In our method,dueto theerrorsor
noiseinevitably introducedin variousparameterestimation
andoptimizationprocesses,the disparityestimationD(x)
may deviate from its true position. It is reasonableto as-
sumethata betterdisparityvalueof x canbe found in the
nearneighborsof x. Sowemodify (4) to

pv (x t ; d; D t 0) = max
x w

t 02 W ( x t 0)
exp(¡

jj x t ¡ l t 0;t (x t 0; dx w
t 0

)jj 2

2¾2
d

); (5)

whereW (x t 0) denotesa window centeredat x t 0. Its size
is set to 5 £ 5 in our experiments.The valueof standard
deviation ¾d is setto 3. Thewindow searchin (5) empiri-
cally makestheenergy decreasefasterandouroptimization
processbemorestable.

Using the likelihoodde�nition in (3), our dataterm Ed

is de�ned as

Ed(D t ; Î ; D̂ nD t ) =
X

x t

1 ¡ u(x t ) ¢L(x t ; D t (x t )) (6)

for costminimization.u(x t ) = 1= max
D t (x t )

L(x t ; D t (x t )) , is

a normalizationfactor. Our datacostperformsbetterthan
thatusingcolor constancy constraintalone,makingit pos-
sibleto reliablycomputedisparitiesalongobjectsilhouettes
andhandlematchingerrorsandocclusions.

3.2.SmoothnessTerm

Thesmoothnesstermis simplyde�ned as

Es (D t ) =
X

x t

X

y t 2 N ( x t )

¸ (x t ; y t ) ¢½(D t (x t ); D t (y t )) ; (7)

whereN (x t ) denotestheneighborsof pixel x t , and¸ is the
smoothnessweight.½(¢) is a robustfunctionde�ned by

½(D t (x t ); D t (y t )) = minfj D t (x t ) ¡ D t (y t )j; ´ g;

where´ determinestheupperlimit of thecost.
In order to preserve discontinuity, ¸ (x t ; y t ) is usually

de�nedin ananisotropicway, encouragingdisparitydiscon-
tinuitiescoincidentwith intensity/colorchange.Our adap-
tivesmoothnessweightis de�ned as

¸ (x t ; y t ) = ws ¢
u¸ (x t )

jj I t (x t ) ¡ I t (y t )jj + "

whereu¸ (x t ) is anormalizationfactorandde�ned as

u¸ (x t ) = jN (x t )j=
X

y 0
t 2 N (x t )

1
jj I t (x t ) ¡ I t (y 0

t )jj + "
:

ws denotesthesmoothnessstrengthand" controlsthecon-
trast sensitivity. Our adaptive smoothnessterm imposes
smoothnessin �at regions while preservingedgesin tex-
turedregions.

4. Bundle Optimization

Minimizing the energy de�ned in (1) is not straight-
forward sinceestimatingthe densedisparity mapsfor all
videoframesin onepassis computationallyintractable.In
this section,we introducean iterative optimizationalgo-
rithm andassociateeachvideo frameto its neighborhood
by multi-view geometry. Thecorrespondingdisparitymaps
areimprovedby maintainingnecessarycolorandgeometry
constraints.

Iterative optimization generally requiresa good start-
ing point to make theoptimizationprocessrobustandcon-
verge rapidly. In our disparityestimationproblem,to bet-
ter handletexturelessregions,we incorporatethe segmen-
tationinformationinto theinitialization. It is widely known
that segmentationis a double-edgedsword. On onehand,
segmentation-basedapproachesusually improve the qual-
ity of disparity result in large texturelessregions. On the
otherhand,they inevitably introduceerrorsin texturedre-
gionsanddonothandlewell thesituationthatsimilar-color
pixels arewith differentdisparityvalues,even usingover-
segmentation.Our iterative optimizationtakes the advan-
tageof segmentationby incorporatingit into our initializa-
tion while limiting its problemsby performingpixel-wise
disparityre�nementin thefollowing optimization.

Table 1 gives an overview of our framework. We de-
scribethe implementationof all stepsin Section4.1 and
4.2.



1. Structur e fr om Motion:
1.1 Recover thecameraparameters.

2. Disparity Initialization :
2.1 Apply loopy beliefpropagationto minimize(8).
2.2 Combineimagesegmentationto further improve

theinitial disparities.
3. Bundle Optimization:

3.1 Processframesfrom 1 to n:
For eachframet, �x disparitiesin otherframes
andre�ne D t by minimizing (1).

3.2 Repeatstep3.1for atmost2 passes.
3.3 Final accuracy re�nement by nonlinearcontinu-

ousoptimization.

Table1. Overview of our framework.

4.1.Disparity Initialization

Denotingthedisparityrangeas[dmin ; dmax ], weequally
quantizethedisparityinto m + 1 levelswherethekth level
dk = (m ¡ k)=m ¢dmin + k=m ¢dmax , k = 0; :::; m.

In the beginning, the disparity mapsof the whole se-
quenceareunknown. So the energy de�ned in (1) cannot
be directly minimized. To make the computationfeasible,
we separatelyestimatethedisparitymapfor eachframeby
removing thegeometriccoherenceconstraintfrom thelike-
lihoodde�nition in (3) andmodify it to

L init (x t ; D t (x t )) =
X

t 0

pc(x t ; D t (x t ); I t ; I t 0):

So(1) is alsocorrespondinglymodi�ed to

E init (D̂ ; Î ) =
nX

t =1

X

x t

(1 ¡ u(x t ) ¢L init (x t ; D t (x t )) +

X

y t 2 N (x t )

¸ (x t ; y t ) ¢½(D t (x t ); D t (y t ))) ; (8)

wherethenormalizationfactoru(x t ) is de�ned asu(x t ) =
1=max

k
L init (x t ; dk ). Using E init , the disparity mapsof

differentframesarenot directly correlatedby a geometric
coherenceconstraint.SowecanoptimizeD t for eachframe
t separately.

Taking into accountthe possibleocclusions,it is better
to only selecttheframeswherethepixelsarevisible rather
thansummingthematchingerrorsover all frames.We em-
ploy thetemporalselectionmethodproposedin [8] to im-
prove thematchingcorrectness.Thenfor eachframet, we
useloopy belief propagation [4] to estimateD t by mini-
mizing (8). Figure3(b) shows oneframeresultobtainedin
this step(i.e., step2.1 in Table1). The estimateddispari-
tiesarenotcorrectfor many pixels,especiallyin textureless
regions.

We then incorporatethe segmentationinformation into
our initialization to handletexturelessregions. The seg-

mentsof eachframeareobtainedby amean-shiftcolorseg-
mentation[3]. Similar to thenon-fronto-parallaltechniques
[20, 18], we modeleachsegmentin disparityasa 3D plane
andde�ne planeparameters[ai ; bi ; ci ] for eachsegmentsi .
Then,for eachpixel x = [x; y] 2 si , thecorrespondingdis-
parity is givenby dx = ai x + bi y + ci . Takingdx into (8),
E init is formulatedasanonlinearcontinuousfunctionw.r.t.
thevariablesai , bi , ci , i = 1; 2; :::. Thepartialderivatives
overai , bi , ci mustbecomputedwhenapplyinganonlinear
continuousoptimizationto estimatingall 3D planeparam-
eters. SinceL init (x ; dx ) doesnot directly dependon the
planeparameters,weapplythefollowing chainrule:

@L init (x ; dx )
@ai

=
@L init (x ; dx )

@dx
¢

@dx

@ai
= x

@L init (x ; dx )
@dx

:

Similarly, @L init (x ;dx )
@bi

= y @L init (x ;dx )
@dx

and @L init (x ;dx )
@ci

=
@L init (x ;dx )

@dx
. In theseequations,@L init (x ;dx )

@dx
is �rstly com-

putedon quantizeddisparitylevelsby estimatingthegradi-
ents:

@L init (x ; dx )
@dx

jdk =
L init (x ; dk+1 ) ¡ L init (x ; dk ¡ 1)

dk+1 ¡ dk ¡ 1
;

where k = 0; :::; m. Then the continuous function
L c

init (x ; dx ) is formedby cubic-Hermiteinterpolation.Fi-
nally, the continuouspartial derivatives are calculatedon
L c

init (x ; dx ).
Sincedx = ai x + bi y + ci , estimatingdisparityvariable

dx is equivalent to estimatingplaneparameters[ai ; bi ; ci ].
We thus usea nonlinearcontinuousoptimizationmethod
to estimatethe plane parametersby minimizing the en-
ergy function (8). Initial 3D planeparametervaluescan
beobtainedby non-fronto-parallelplanesextractionmeth-
ods[20, 5, 1]. In practice,weadoptamuchsimplermethod
which canalreadyproducesatisfyinginitial values.Partic-
ularly, for eachsegmentsi , we �x ai = 0 andbi = 0 (i.e.,
assumingfronto-parallelplane),andalso �x the disparity
valuesin othersegments.Thenwe computea setof ci by
differentassignmentsof dk wherek = 0; :::; m andselect
thebestc¤

i minimizing theenergy function(8).
After theabove process,we furtherre�ne theinitialized

3D planeparameters[0; 0; c¤
i ] by minimizing energy func-

tion (8) usingtheLevenberg-Marquardtmethod.We show
in Figure3 oneframeexample. Figure3(c) illustratesthe
incorporatedsegmentationduringinitialization. Thedispar-
ity resultafterinitialization is shown in Figure3(d).

4.2.Iterati veOptimization in a Video

After incorporatingsegmentationin disparityinitializa-
tion for individual videoframes,disparityestimationis im-
proved in texturelessregions. However, therestill exist er-
rors, especiallyaroundocclusionboundariesas illustrated
in Figure3(d) and(g). Besides,sincethedisparitymapsare



(a) (b) (c)

(d) (e) (f) (g) (h)
Figure 3. Bundleoptimizationillustration. (a) One frame from the “Road” sequence.(b) The inital result after solving (8) by belief
propagation. (c) Segmentationprior incorporatedinto our initialization. (d) Initialization resultaftersegmentationandplane�tting using
nonlinearcontinuousoptimization.(e)Our �nal disparityresultafterbundleoptimization.(f)-(h) Magni�ed regionsfrom (a), (d), and(e),
showing thatourbundleoptimizationimprovesdisparityestimationsigni�cantly onobjectboundaries.

independentlyestimated,the temporalconsistency among
themis not adequatelymaintained.The inconsistency can
beeasilynoticedin videosequenceplayback,asillustrated
in oursupplementaryvideo.

To addressthis problem,we take the geometriccoher-
enceconstraintassociatedwith multipleframesinto thedata
term de�nition, and iteratively re�ne the resultsby mini-
mizing theenergy de�ned in (1), usingloopy belief propa-
gation. Eachpassstartsfrom frame1. With theconcernof
computationcomplexity, in processingvideoframes,were-
�ne disparitymapD t while �xing thedisparitiesof all other
frames. The dataterm only associatesframet with 20-30
neighboringframes.Onepasscompleteswhenthedisparity
mapof framen is optimized. In our experiments,at most
two passesaresuf�cient to producetemporallyconsistent
disparitymaps.

After the above processes,the obtaineddisparitiesare
all discretevalues.Sowe introducea nonlinearcontinuous
optimizationmethodto further re�ne them. The continu-
ousdatacostis computedusingcubic-Hermiteinterpolating
function,similar to thatdescribedin Section4.1. Thenwe
repeatabovedisparityestimationprocess:for eachframet,
we �x thedisparitiesof all otherframes,andre�ne thedis-
paritymapD t usingacontinuoussteepestdescentmethod.

5. Experimental Results

To evaluatethe performanceof the proposedmethod,
we have conductedexperimentson several challengingse-
quences.In all our experiments,we set the maximaldis-
parity level m = 100, ws = 5=(dmax ¡ dmin ), ´ =

(a)

(c)

(b)

(d)

Figure4. Disparityresultson the“Flower Garden”sequence.(a)-
(b) 10th frameand20th framein theinput sequence.(c)-(d) The
estimateddisparity mapsfor (a)-(b) respectively. The complete
sequenceis includedin oursupplementaryvideo.

0:05(dmax ¡ dmin ), and" = 20. Table2 lists thestatistics
of thetestedsequences.Ourbundleoptimizationconverges
rapidly, wheretwo passesare suf�cient for all examples.
Theprocessingtime is a few minutesfor eachvideoframe.
Thecomputationis mostlyspenton thedatacostcomputa-
tion consideringall pixelsin multiple frames.

Figure3 showsoneexample.The“Road” sequencecon-
tainslargetexturelessareaswith complex occlusions,which
makes stereoreconstructiondif�cult. During our initial-
ization, by solving the energy function (8), the estimated



(a) (b) (c)

(g)

(d) (e) (f)

(h) (i)
Figure5. Disparity resultson the “Angkor Wat” sequence.(a)-(c) The 70th frame,80th frame,and90th frameof the input sequence.
(d)-(f) The estimateddisparity mapsfor (a)-(c) respectively. For illustration of correctness,we warpedone frame to anotherby the
estimateddisparities. (g) Warping70th frameto 90th frame. (h) Warping80th frameto 90th frame. (i) From left to right: magni�ed
regionsof (g), (h), and(c) respectively. Thepurelyblackpixelsarethemissingpixels in the3D warping. Our warpingresult,evennear
discontinuousobjectboundaries,is natural,which indicatesthatourestimateddisparitiesareaccurate.Thecompletesequenceis included
in oursupplementaryvideo.

sequence Road Angkor Wat Garden Temple
frames 141 129 150 121

resolution 960£ 540 576£ 352 352£ 240 576£ 352

Table2. Theinformationof thetestedsequencescontainedin the
supplementaryvideoandshown in thispaper.

disparity map is shown in Figure 3(b). By incorporating
segmentationprior, the disparitiesarere�ned asshown in
Figure 3(d). After our bundle optimization,the temporal
consistency is preserved in the recoveredvideo disparity
maps. The reconstructionerrorsespeciallyaroundocclu-
sion boundariesare reduced. The result is shown in Fig-
ure3(e)andthecomparisonis givenin (g) and(h).

The “Angkor Wat” sequenceexampleis shown in Fig-
ure5. This sequencealsocontainscomplex occlusionsand
large texturelessareas,suchas the sky and the yard. As
shown in our results,our approachproducesaccurateand

consistentdisparitiesevenneardiscontinuousobjectbound-
aries.This is demonstratedby projectingoneframeto oth-
ersusing3D warping,andcomparingthe boundarystruc-
tures,asillustratedin (g), (h), and(i).

Figure4 shows two framesextractedfrom the “Flower
Garden”sequence.Thedisparityreconstructionresultsare
alsonaturalandconsistent,especiallyalongthe treetrunk.
The disparitiessurroundingthe branchesinherentlyhave
ambiguityregardingalmostconstant-colorbackgroundsky.
Theseregionscanbeinterpretedaseitherin thebackground
sky, or in a foregroundlayerwith unknown disparities.

6. Conclusions

In this paper, we have proposeda novel method for
constructinghigh-quality depthmapsfrom a video. Our
methodadvancesthe stereoreconstructionin a few ways.
First,basedonthegeometryconstraint,wemodeltheprob-



abilistic visibility andreconstructionnoiseusingstatistical
information simultaneouslyconsideringmultiple frames.
Thismodelhandlesocclusionsaswell asmatchingerrorsin
a uni�ed framework. Second,by combiningthecolor con-
stancy constraintandgeometriccoherenceconstraint,our
datacostis well-posedevenin texturelessareasandocclu-
sionboundaries.This makesa standarddiscreteoptimiza-
tion solver, suchas BP, convergesquickly within a small
numberof iterations.Third, wedonotdirectlyusesegmen-
tation in handlingtexturelessregions,but ratheremploy it
in the initialization. Therefore,our methodis capableof
faithfully reconstructing�ne structures.

As discussedin [15], reconstructingcomplete3D mod-
els from real imagesis still a challengingproblem. Many
of themethodsaim to modela singleobjectandthey have
inherentdif�culties to modelcomplex outdoorscenes.In
comparison,ourmethodcanautomaticallyestimatetempo-
rally consistentview-dependentdepthmaps. We believe
this work will not only bene�t the 3D modeling,but also
easily�nd applicationsin videoprocessing,rendering,and
understanding.
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