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Figurel.High-qualitydepthreconstructiorfrom thevideosequencéRoad” containingcomple occlusionsLeft: An inputvideosequence
takenby a moving camera.Right: Video depthmapsautomaticallycomputedby our method. The thin postsof thetrafc signandstreet
lamp,aswell astheroadwith graduatadepthchangeareaccuratelyconstructedn therecovereddepthmaps.

Abstract

This paper presentsa novel methodfor reconstruct-
ing high-qualityvideodepthmaps. A bundle optimization
modelis proposedo addressthe key issuesjncludingim-
age noise and occlusions,in steeo reconstruction. Our
methodnot only usesthe color constancyconstaint, but
also explicitly incorporatesthe geometriccoheencecon-
straint associatingnultipleframesn a video,thuscannat-
urally maintain the tempoal coheence of the recovered
video depthswithout introducing over-smoothingartifact.
To male the inferenceproblemtractable we introducean
iterative optimizationschemeby r stinitializing disparity
mapsusing sggmentationprior and thenre ning the dis-
parities by meansof bundle optimization. Unlike previ-
ouswork estimatingcomple visibility parametes, our ap-
proach implicitly modelghe probabilisticvisibility in a sta-
tistical way The effectivenes®f our automaticmethodis
demonstatedusingchallengingvideoexamples.

1. Intr oduction

Stereoreconstructiorof densedepthsfrom realimages
haslong beena fundamentaproblemin computervision.
The reconstructediepthscanbe usedby a wide spectrum
of applicationsincluding 3D modeling, robot navigation,
image-basedendering andvideo editing. Although stereo
problem[14, 8, 15, 23] hasbeenextensvely studiedduring
the pastdecadespbtaininghigh-qualitydensedepthdatais
still achallengingproblemdueto mary inherentdif culties,
suchasimagenoise texturelesgixels,andocclusions.

Givenaninputvideosequenceéakenby afreely moving
camerawe proposea hovel methodto automaticallycon-
structhigh-qualityandconsistentlepthmapsfor all frames.
Our main contritution is the developmentof a global opti-
mizationmodelbasedon multiple frames ,which we called
bundleoptimization to resole mostof the aforementioned
dif culties in disparityestimation.

Our methoddoesnot explicitly modelthe binary visi-
bility (occlusion). Instead,the visibility is encodednat-
urally in the enegy de nition. Our model also doesnot
distinguishamongimagenoise,occlusionsand estimation
errors, so asto achieve a uni ed framework in modeling
matchingambiguities. The color constang constraintand
geometriccoherenceconstraintlinking differentviews are
combinedin an enegy minimization framework, reliably
reducingthe in uence of imagenoiseand occlusionsin a
statisticalway. This processmakes our optimization not
produceover-smoothingor blendingartifact.

In orderto dealwith the disparityestimationin texture-
lessregion and alleviate the problemof segmentationes-
pecially on ne objectstructureswe only usethe image
segmentationprior in the disparityinitialization. Thenour
iterative optimizationalgorithmre nes the sggmenteddis-
paritiesin a pixel-wisemanner Experimentshaw thatthis
is rathereffective in estimatingcorrectdisparitiesn texture-
lessregionswhile faithfully preservinghe ne structureof
objectsilhouettes.

Our methodis very robust againstocclusionsmatching
ambiguities andnoise.We have conductedxperimenton
avarietyof challengingexamples Automaticallycomputed
depthmapscontainvery little noise. Clear objectsilhou-



ettesarealsopresered. Onechallengingexampleis shovn
in Figure 1, in which the scenecontainslarge textureless
regions, objectswith strongocclusions,road with smooth
depthchange,and even the thin postsof trafc sign and
streetlamp. Our methodfaithfully reconstructsall these
structuresandnaturallypreseresobjectsilhouettes Read-
ersarereferredto our supplementaryideo for inspecting
thetemporalkonsisteng amongtherecoereddepthmaps.

2. Related Work

Multi-view stereoalgorithms[12, 2, 8, 23] estimate
depthor disparitywith the input of multiple images.Early
approache$1?, 2] usedlocal andwindow-basedmethods,
andemplo/edalocal “winner-takes-all” (WTA) stratgy in
depth estimationat eachpixel. Later on, several global
methods[10, 19, 8] were proposedwhich formulate the
depthestimationas an enegy-minimizationproblem,and
commonlyapply graphcutsor belief propagtionto solve
it. It is known thatloopy belief propagtionandmulti-label
graphcutsdo not guaranteglobal optimal solutionsin en-
ergy minimization,especiallywhenthe matchingcostsare
notdistinctive in texturelessareas.

By assuminghattheneighboringpixelswith similarcol-
ors have similar or continuousdepthvalues,segmentation-
basedapproach 20, 21, 9] canimprove the depthestima-
tion especiallyfor large texturelessregions. Thesemeth-
odstypically modeleachsggmentasa 3D planeand esti-
matethe planeparameterdy matchingsmall patchesbe-
tweenneighboringviewpoints[21, 9], or usingarobust t-
ting algorithm[20]. In [5, 1], non-fronto-parallelplanes
wereconstructean sparse3D pointsobtainedoy structure
from motion. Recently Zitnick andKang[23] proposedan
over-sggmentatiormethodto producesegmentscontaining
sufcient informationfor matchingwhile reducingtherisk
of spanninga segmentover multiple layers.However, even
with over-seggmentatioror soft sggmentationthe segmenta-
tion errorsstill inevitably affect the disparityestimation.

Occlusion handling is another major issue in stereo
matching. Methodsin [8, 16, 18, 17] useexplicit occlu-
sionlabelingin disparityestimation.KangandSzeliski[8]
proposedo combineseveraltechniquesi.e. shiftablewin-
dows, temporalselectionandexplicit occludedpixel label-
ing, to handleocclusionsn densemulti-view stereowithin
a global enegy minimization framevork. Methodsde-
scribedin [16, 18, 17] explicitly incorporatethe visibility
variablesn optimization.However, for dealingwith alarge
set of images,a large amountof visibility variableswill
malke theinferencedif cult.

Traditional multi-view stereomethodscomputethe lo-
cal depthmapassociateavith eachchoserreferencdrame

1The supplementaryideocanbe downloadedrom thefollowing site:
http://www .cad.zju.edu.cn/home/gfzhang/mjects/videodepth

independentlywhich typically resultsin distractingrecon-
structionnoiseandtemporallyinconsistendepthrecovery
in avideo. Kang and Szeliski[8] proposedo simultane-
ously optimizea setof depthmapsat multiple key-frames,
by addingatemporalsmoothnesterm. This methodindeed
malesthe disparitiesacrossframesvary smoothly How-

ever, it is sensitve to outliers and may lead to blending
artifactsaroundobjectboundaries.In our method,rather
thanusing direct smoothingor blendingof disparities,we

introducea geometrytermwhich helpsto maintainthetem-
poral coherencdoy measuringhe reconstructiomoiseand
probabilisticvisibility in a statisticalway. This makesour
disparityestimationrobustagainstoutliersandnoise. As a
result, the costdistribution of our datatermis distinctive,

makingour optimizationstable.

Multi-view stereomethoddor reconstructind8D object
modelsalsohave beenwidely investigated[15]. Many of
them are proposedto model single object and cannotbe
appliedto handlinglarge-scalescenesowing to the issues
of computatiorcompleity andmemoryspaceequirement.
Gagallo andSturm[6] proposedo formulatethe 3D mod-
eling from imagesasa BayesiarMAP problem,usingmul-
tiple depthmaps. Recently Merrell et al. [11] proposed
a quick depthmapfusion methodto constructa consistent
surface.They employedaweightedblendingmethodbased
on the visibility constraintand con dences. In compari-
son, our methodcombinescolor constang and geometric
coherenceonstraintsthuscanrobustly estimateconsistent
view-dependentiepthmapsacrossvideoframes.

In summary mary approachehave beenproposedto
model 3D objectsand estimatedepthsusing multiple in-
putimages.However, theissueof how to appropriatelyex-
tract useful informationin recovering depthsfrom videos
is still not addressedvell. In this paper we shav that by
appropriatelymaintainingthetemporalcoherencdasecn
the color andgeometryconstraintssurprisinglyconsistent
densedepthmapscanbe estimatedrom video sequences.
The recoveredconsistentdepthmapscan also be usedin
otherapplicationssuchasview interpolation,depth-based
segmentationandlayerextraction.

3. Disparity Model

Givenavideosequencé\ with n frames,[* = fljt =
1;::1; ng, takenby afreely moving camerapur objective is
to estimatea setof disparitymapsD = fDjt = 1;:::;ng.
Here,l{(x;) denoteghe color (or intensity) of pixel x; in
framet. It is a 3-vectorin a color imageor a scalarin a
grayscalémage. Denotingby zy, the depthvalueof pixel
Xt in framet, by corvention,thedisparityparameteD (x;)
(dy, for short)is de nedasdy, = 1=%,.

Thecamergarametesetfor framet in avideosequence
is denotedasC; = fK;R¢; Tg, whereK is theintrin-
sic matrix, R is the rotationmatrix, and T is the trans-



lation vector The parametersor all framescan be esti-
matedreliably by the structurefrom motion (SFM) tech-
niques[7, 13, 22]. Our systememplo/s the SFM method
proposedy Zhangetal. [27)].

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

X
ED:N = (Eq(D¢; 5 DnDy) + E<(Dy)); (1)

t=1

wherethe dataterm E 4 measurefiow well the disparity
ts the givensequencd’, andthe smoothnessermE en-
codesthe smoothnessn disparities.For eachframet, the
disparitymapD shouldnotonly satisfythecolorconstang
constraintput alsosatisfyageometriccoherenceonstraint
associatingtherframesin a video. We call our modelthe
bundle optimizationmodelbecausehe disparitiesof dif-
ferentframesare explicitly correlatedand optimizedin an
enegy minimizationframework.

3.1.Data Term De nition

Datatermde nition usuallyplaysanessentiaftolein en-
ergy minimization. If the costdistribution of a dataterm
is uninformatize, the unreliablecost measuremenmakes
the optimizationproblematic.For instancejf we de ne the
dataterm asthe color similarity, in texturelessareasor oc-
clusionboundariestheremustexist strongmatchingambi-
guity. Usingsmoothnesassumptioronly compromiseshe
disparityof onepixel to its neighborhoodbut doesnot help
too muchto infer thetruevalue.

Anotherissueof designingdataterm for depthestima-
tion is occlusionhandling. Visibility termswith binary
valuesare commonlyintroducedin mary stereomatching
methodg[8, 18]. Speci cally, if the matchingcosterrors
or the errorsby someotherinconsisteng measurementsf
disparitiesareabove athresholdthepixelsarelabeled‘oc-
cluded”. Olviously, the binary de nition is not alwaysop-
timal sincethe thresholdor otherparametersisually need
to be tunedfor variousscenesandit is dif cult to “softly”
incorporatethevisibility in enegy minimization.

In our datatermde nition, to malke the costdistinctive,
we simultaneouslygonsiderthe statisticalinformationfrom
bothcolor andgeometry Speci cally, in avideosequence,
if thedisparityof onepixel in oneframeis mistalenly esti-
mateddueto eitherocclusionor otherfactorstheprojection
of this pixel to otherframesusing the incorrectdisparity
hassmall probability simultaneouslysatisfyingboth color
and geometryconstraints. By usingthis information, our
methodis ableto automaticallyandrobustly detectthe dis-
parity errorssoasto improve disparityestimatiorfor pixels
aroundobjectsilhouettes.

Consideringa pixel x; in framet, by epipolargeometry
the matchingpixel in framet® shouldlie on the conjucate

x>
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Figure2. Geometriccoherenceonstraint.The conjucatepixel of
x: in framet®is denotedasx;o andliesin the conjugateepipolar
line. Ideally, whenwe projectxo from framet® backto t, the
projectedpixel shouldsatisfyx!™ ' = x.. However, in disparity
estimationihematchingprocess:ause:errors,makingx{o’ tand

Xt betwo differentpixels.

epipolarline. Giventhe estimatedcameraparameterand
the disparity dy, for pixel x;, we computethe conjucate
pixel locationin | ;o by

X » KpRHRK ! XM + dy, KoRG(Tei Tro); (2)

wheresuperscriph denoteghevectorin homogeneouso-
ordinate. The 2D point x;o is computedby dividing xf, by
the scalingfactor We denotethe mappingpixel in framet®
from x; asXo = lito(Xt; dy,). The mappinglios is sym-
metricallyde ned.SoweaIsoha/ex{O! U= lio (X105 Oy o)
An illustrationis shovn in Figure?2.

If thereis no occlusionor matchingerrors,ideally, we
have x!” ' = x,. Sowe de ne thelikelihoodof disparity
d for ary pixel x; in Iy by combiningtwo different con-
straints:

L(X¢;d) = Pe(Xt;d;lt;1t0) Epy(Xt; d;Dyo); ()
t0
where pc(X¢;d;l; lt0) measureghe color similarity be-
tweenpixel x; andthe projectedpixel l:; o(X¢; d) in frame
t°andis de ned as
e )

Ve + Jile(xe) i Teo(lgeo(xe; d)jj’
where ¥ controls the shapeof our differentiablerobust
function,andis setto 10in all our experiments,jjl(X¢) i
[to(leo(X¢; d))jj is the color L-2 norm. The value of
Pc(Xt; d;l¢; 1¢0) isin therangeof (0,1].

pv(X¢; d; Do) is theproposedyeometriccoherenceerm
measuringhow close pixels x; and x!” ! are in image
space,asshovn in Figure2. For easeof explanation,we
rst de ne py(x;;d; Do) as

Xt i log(Xeo; Deo(X10))jj2

2 ) @

Pe(Xt;d;le;1to0) =

exp(; *




which is in a form of Gaussiardistribution, where¥y de-
notesthe standardleviation.

Both the above color and geometryconstraintsusethe
correspondingixel informationwhenmappingfrom frame
t%to framet. But they constrainthe disparityin two dif-
ferentways. In the following, we brie y explain why the
simplelikelihoodde nition in (3) canbeusedeffectively in
disparityestimatiorwithout explicitly modelingocclusion.

The above likelihoodde nition requiresthe correctdis-
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,generallymaking pc(X¢; d; 1 ¢; 1t0) ¢py(X¢; d; Do)
small. So, from a statisticsperspectie, consideringthe
mappipgsfrom all otherframest® to t, incorrectdisparity
makes  pc(®) d, (9§ outputvery smallvalue.In contrasta
correctd makespc(X¢; d;l¢; 1t0) @y (X¢; d; Do) outputcom-
parablylarge valuesfor all unoccludedpixels. This results
in a highly non-uniformcostdistribution for eachpixel fa-
voring truedisparityvalues.

In [8], an extra temporalsmoothnesgerm was intro-
ducedoutsidethedatatermde nition, whichfunctionssim-
ilarly to the spatialsmoothnessonstraint.lt compromises
the disparitiestemporally but doesnot help too muchto
infer true disparityvalues.

Equation(4) introducesa simple geometriccoherence
constraintformulation. In our method,dueto the errorsor
noiseinevitably introducedn variousparameteestimation
andoptimizationprocessesthe disparity estimationD (x)
may deviate from its true position. It is reasonabldo as-
sumethat a betterdisparityvalue of x canbe foundin the
nearneighborsof x. Sowe modify (4) to

ijt i |t0;t (XIO; dx‘("’o)jjz

exp(i 7 NG

max
x¥V02W (x40)

pv(Xt;d;Dyo) =

whereW (x(0) denotesa window centeredat xo. Its size
is setto 5 £ 5 in our experiments. The value of standard
deviation ¥y is setto 3. Thewindow searchin (5) empiri-
cally makestheenegy decreaséasterandour optimization
procesdemorestable.

Usingthelikelihoodde nition in (3), our datatermEg
isde nedas

X
Eq(D¢; [ 0nDy) =

Xt

1j u(x) ¢L(X¢; De(xt)) (6)

for costminimization. u(x) = 1=Dm(ax) L(X¢; De(xy)), is
t (Xt

a normalizationfactor Our datacostperformsbetterthan
thatusingcolor constang constraintalone,makingit pos-
sibleto reliably computedisparitiesalongobjectsilhouettes
andhandlematchingerrorsandocclusions.

3.2.SmoothnessTerm
Thesmoothnestermis simply de ned as

X X
Es(Dy) = . (Xt yt) €D «(xt); De(yr));  (7)

Xt yt2N(xt)
whereN (x;) denotesheneighborsf pixel X, and, isthe
smoothneswreight. 49 is arobustfunctionde ned by

YD¢(Xt); Dt(yt)) = minfi De(xt) i Di(ye)js” o

where” determinesheupperlimit of the cost.

In orderto presere discontinuity , (X¢;y¢) is usually
de nedin ananisotropiavay, encouraginglisparitydiscon-
tinuities coincidentwith intensity/colorchange.Our adap-
tive smoothnesw/eightis de ned as

¢ u (Xt)
(o) i ey +
whereu_ (X) is anormalizationfactorandde ned as

1
u (xq) = jN(x¢)j= i e
(%) = N (xp)] e ORI

, (X3 Yt) = Ws

ws denoteghe smoothnesstrengthand” controlsthecon-
trast sensitvity. Our adaptve smoothnesgerm imposes
smoothnessn at regionswhile preservingedgesin tex-

turedregions.

4. Bundle Optimization

Minimizing the enegy de ned in (1) is not straight-
forward since estimatingthe densedisparity mapsfor all
videoframesin onepassis computationallyintractable.Iln
this section,we introducean iterative optimization algo-
rithm and associateeachvideo frameto its neighborhood
by multi-view geometry Thecorrespondinglisparitymaps
areimproved by maintainingnecessargolor andgeometry
constraints.

Iterative optimization generallyrequiresa good start-
ing pointto make the optimizationprocesgobustandcon-
verge rapidly. In our disparity estimationproblem,to bet-
ter handletexturelessregions, we incorporatethe sggmen-
tationinformationinto theinitialization. It is widely known
that sggmentationis a double-edgedword. On onehand,
segmentation-basedpproachesisually improve the qual-
ity of disparityresultin large texturelessregions. On the
otherhand,they inevitably introduceerrorsin texturedre-
gionsanddo nothandlewell the situationthatsimilar-color
pixels arewith differentdisparity values,even usingover-
segmentation. Our iterative optimizationtakes the adwan-
tageof sggmentatiorby incorporatingit into our initializa-
tion while limiting its problemsby performingpixel-wise
disparityre nementin thefollowing optimization.

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



1. Structur e from Motion:
1.1 Recorerthecamergparameters.
2. Disparity Initialization :
2.1 Apply loopy belief propagtionto minimize (8).
2.2 Combineimagesegmentationto furtherimprove
theinitial disparities.
3. Bundle Optimization:
3.1 Procesdgramesfrom 1 to n:
For eachframet, x disparitiesin otherframes
andre ne D by minimizing (1).
3.2 Repeastep3.1for at most2 passes.
3.3 Final accurag re nementby nonlinearcontinu-
ousoptimization.

Tablel. Overview of our frameawork.

4.1.Disparity Initialization

Denotingthedisparityrangeas[dmin ; dmax ], We equally
quantizethedisparityinto m + 1 levelswherethekth level
dk = (M K)=m¢dmin + k=m ¢dmnax, k = 0;:::;m.

In the beginning, the disparity mapsof the whole se-
guenceareunknovn. Sothe enegy de ned in (1) cannot
be directly minimized. To make the computationfeasible,
we separatelyestimatethe disparitymapfor eachframeby
removing the geometriccoherenceonstrainfrom thelik e-
lihood de nition in (3) andmodify it to

X
Linit (Xt;Dt(Xt)) =

t0

Pe(Xt; D (Xt); 1t; to):

So(1) is alsocorrespondinglynodi ed to

X X
Einit (13 l'\) = (i u(xt) CLinit (Xt;De(xp)) +
t=1 N
, (Xt; Y1) ¢4D(Xt); Dt(yt))); (8)
Yt2N (xt)

wherethe normalizationfactoru(x.) is de ned asu(x;) =
1= memen (Xt;dk). Using Einit , the disparity mapsof
differentframesare not directly correlatedby a geometric
coherenceonstraint.Sowe canoptimizeD for eachframe
t separately

Taking into accountthe possibleocclusionsit is better
to only selectthe frameswherethe pixelsarevisible rather
thansummingthe matchingerrorsover all frames.We em-
ploy thetemporalselectionmethodproposedn [8] to im-
prove the matchingcorrectnessThenfor eachframet, we
useloopy belief propagtion [4] to estimateD; by mini-
mizing (8). Figure3(b) shavs oneframeresultobtainedin
this step(i.e., step2.1in Table1). The estimateddispari-
tiesarenotcorrectfor mary pixels,especiallyin textureless
regions.

We thenincorporatethe segmentationinformation into
our initialization to handletexturelessregions. The seay-

mentsof eachframeareobtainedby amean-shificolor sey-

mentation 3]. Similarto thenon-fronto-parallatechniques
[20, 18], we modeleachsggmentin disparityasa 3D plane
andde ne planeparameter§a; ; by ; ¢;] for eachsegments; .

Then,for eachpixel x = [X; y] 2 s;, thecorrespondinglis-

parityis givenby dy = ajx + iy + ¢;. Takingdy into (8),

Einit isformulatedasanonlinearcontinuoudunctionw.r.t.

thevariablesa;, by, ¢, i = 1;2;:::.. Thepartialderivatives
overa;, by, ¢ mustbecomputedvhenapplyinganonlinear
continuousoptimizationto estimatingall 3D planeparam-
eters. SinceLin: (X;dyx) doesnot directly dependon the

planeparametersye applythefollowing chainrule:

@uinit (X;0x) _ @init (X;dx) ¢@ _ X@—init (x;dy)
@-i @x @x .

@
Slml|al’|y, a imt@;x ;dx ) = y a imt@‘(xX 1dx ) and a inil@(ix 1dx ) =
a mit@j(x 1dx ) |S I’St|y com-

X9 in theseequations 2ot (X:dx)
putedon quantizeddisparitylevels by estimatingthe gradi-
ents:

@Qinit (X;dx).  _ Linit (X;dke1) i Linit (X;dk; 1),
Jdk - d . d '
X k+1 | ki 1
where k = 0;::;;m. Then the continuousfunction

L& (x;dx) is formedby cubic-Hermiteinterpolation. Fi-
nally, the continuouspartial derivatives are calculatedon
Linie (X;0x).

Sincedy = ajx + y + ¢, estimatingdisparityvariable
dy is equivalentto estimatingplaneparameters$a;;; c].
We thus use a nonlinearcontinuousoptimization method
to estimatethe plane parameterdy minimizing the en-
ergy function (8). Initial 3D plane parametewvaluescan
be obtainedby non-fronto-paralleplanesextraction meth-
0ds[20, 5, 1]. In practice we adopta muchsimplermethod
which canalreadyproducesatisfyinginitial values.Partic-
ularly, for eachsegments;, we x a = Oandh = O (i.e.,
assumingfronto-parallelplane),and also x the disparity
valuesin othersegments. Thenwe computea setof ¢; by
differentassignmentsf dy wherek = 0;::;; m andselect
thebestc’ minimizing theenegy function(8).

After the above processwe furtherre ne theinitialized
3D planeparameter$0; O; ¢i'] by minimizing enegy func-
tion (8) usingthe Levenbeg-Marquardtmethod. We shav
in Figure 3 oneframeexample. Figure 3(c) illustratesthe
incorporatedsegmentatiorduringinitialization. Thedispar
ity resultafterinitializationis shovn in Figure 3(d).

4.2.Iterati ve Optimization in a Video

After incorporatingsegmentationin disparityinitializa-
tion for individual videoframes disparityestimationis im-
provedin texturelessregions. However, therestill exist er-
rors, especiallyaroundocclusionboundariesasillustrated
in Figure3(d) and(g). Besidessincethedisparitymapsare
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Figure 3. Bundle optimizationillustration. (a) One frame from the “Road” sequence.(b) The inital resultafter solving (8) by belief
propagtion. (c) Segmentatiorprior incorporatednto our initialization. (d) Initialization resultafter sgmentatiorandplane tting using
nonlinearcontinuousoptimization.(e) Our nal disparityresultafterbundleoptimization.(f)-(h) Magni ed regionsfrom (a), (d), and(e),
shawing thatour bundleoptimizationimprovesdisparityestimationsigni cantly on objectboundaries.

independentlyestimated the temporalconsisteng among
themis not adequatelymaintained. The inconsisteng can
be easilynoticedin video sequence@layback asillustrated
in our supplementaryideo.

To addresghis problem,we take the geometriccoher
enceconstraineassociatewith multiple framesinto thedata
term de nition, anditeratively re ne the resultsby mini-
mizing the enegy de ned in (1), usingloopy belief propa-
gation. Eachpassstartsfrom frame1. With the concernof
computatiorcompleity, in processingideoframeswere-
ne disparitymapD while xing thedisparitiesof all other
frames. The dataterm only associateframet with 20-30
neighboringrames.Onepasscompletesvhenthedisparity
mapof framen is optimized. In our experiments at most
two passesare sufcient to producetemporallyconsistent
disparitymaps.

After the above processesthe obtaineddisparitiesare
all discretevalues.Sowe introducea nonlinearcontinuous
optimizationmethodto further re ne them. The continu-
ousdatacostis computedisingcubic-Hermitanterpolating
function, similar to thatdescribedn Section4.1. Thenwe
repeatbove disparityestimationprocessfor eachframet,
we x thedisparitiesof all otherframes,andre ne thedis-
parity mapD; usinga continuoussteepestiescenmethod.

5. Experimental Results

To evaluatethe performanceof the proposedmethod,
we have conductedexperimentson several challengingse-
guences.In all our experiments we setthe maximal dis-
parity level m = 100 ws = 5=(dmax i Omin), ==

@ (b)

© (d)
Figure4. Disparity resultson the “Flower Garden”sequence(a)-
(b) 10" frameand20™ framein theinputsequence(c)-(d) The
estimateddisparity mapsfor (a)-(b) respectiely. The complete
sequencés includedin our supplementaryideo.

0:05(dmax i dmin ), and" = 20. Table2 lists the statistics
of thetestedsequencesOur bundleoptimizationcorverges
rapidly, wheretwo passesare sufcient for all examples.
Theprocessindimeis afew minutesfor eachvideoframe.
The computations mostly spenton the datacostcomputa-
tion consideringall pixelsin multiple frames.

Figure3 shavs oneexample.The“Road” sequenceon-
tainslargetexturelessareasvith complex occlusionswhich
makes stereoreconstructiondif cult. During our initial-
ization, by solving the enegy function (8), the estimated
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Figure5. Disparity resultson the “Angkor Wat” sequence(a)-(c) The 70" frame,80" frame,and90" frameof the input sequence.
(d)-(f) The estimateddisparity mapsfor (a)-(c) respectiely. For illustration of correctnesswe warpedone frame to anotherby the
estimateddisparities. (g) Warping70" frameto 90" frame. (h) Warping80" frameto 90" frame. (i) From left to right: magni ed
regionsof (g), (h), and(c) respectiely. The purely black pixels arethe missingpixelsin the 3D warping. Our warpingresult,evennear
discontinuousbjectboundariesis natural,which indicatesthatour estimatedlisparitiesareaccurate The completesequencés included

in our supplementaryideo.

sequence| Road Angkor Wat | Garden Temple
frames 141 129 150 121
resolution | 96CE 540 | 576£ 352 | 352£ 240 | 576 352

Table2. Theinformationof the testedsequencesontainedn the
supplementaryideoandshawn in this paper

disparity mapis shovn in Figure 3(b). By incorporating
segymentationprior, the disparitiesarere ned asshavn in
Figure 3(d). After our bundle optimization,the temporal
consisteng is presered in the recoveredvideo disparity
maps. The reconstructiorerrorsespeciallyaroundocclu-
sion boundariesare reduced. The resultis shavn in Fig-
ure 3(e) andthe comparisoris givenin (g) and(h).

The “Angkor Wat” sequencexampleis shavn in Fig-
ure5. This sequencalsocontainscomplex occlusionsand
large texturelessareas,suchasthe sky andthe yard. As
shavn in our results,our approachproducesaccurateand

consistendisparitiesavenneardiscontinuousbjectbound-
aries. This is demonstratetdy projectingoneframeto oth-
ersusing 3D warping, and comparingthe boundarystruc-
tures,asillustratedin (g), (h), and(i).

Figure 4 shows two framesextractedfrom the “Flower
Garden”sequenceThedisparityreconstructiorresultsare
alsonaturalandconsistentgspeciallyalongthe treetrunk.
The disparitiessurroundingthe branchesnherently have
ambiguityregardingalmostconstant-colobackgroundsky.
Theseregionscanbeinterpretedaseitherin thebackground
sky, or in aforegroundlayerwith unknavn disparities.

6. Conclusions

In this paper we have proposeda novel method for
constructinghigh-quality depth mapsfrom a video. Our
methodadvancesthe stereoreconstructiorin a few ways.
First,basednthe geometryconstraintyve modeltheprob-



abilistic visibility andreconstructiomoiseusingstatistical
information simultaneouslyconsideringmultiple frames.
Thismodelhandlesocclusionsaswell asmatchingerrorsin
auni ed frameavork. Secondpy combiningthe color con-
stany constraintand geometriccoherenceconstraint,our
datacostis well-posedevenin texturelessareasandocclu-
sion boundaries.This makesa standardiscreteoptimiza-
tion solver, suchasBP, corvergesquickly within a small
numberof iterations.Third, we do notdirectly usesegmen-
tationin handlingtexturelessregions, but ratheremploy it
in the initialization. Therefore,our methodis capableof
faithfully reconstructingne structures.

As discussedn [15], reconstructinggomplete3D mod-
els from realimagesis still a challengingproblem. Many
of the methodsaim to modela single objectandthey have
inherentdif culties to modelcomplex outdoorscenes.In
comparisonpur methodcanautomaticallyestimateempo-
rally consistentview-dependentiepthmaps. We believe
this work will not only bene t the 3D modeling,but also
easily nd applicationsn video processingrenderingand
understanding.
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