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Abstract

We presentan ef�cient approachthat merges the virtual objectsinto video se-

quencestaken by a freely moving camerain a realisticmanner. The compositionis

visually andgeometricallyconsistentthroughthreemainsteps.First, a robustcamera

trackingalgorithmbasedonkey framesis proposed,whichpreciselyrecoversthefocal

lengthwith a novel multi-framestrategy. Next, the concerned3D modelsof the real

scenesarereconstructedby meansof an extendedmulti-baselinealgorithm. Finally,

the virtual objectsin the form of 3D modelsareintegratedinto the real scenes,with

specialcareson the interactionconsistency includingshadow casting,occlusionsand

objectanimation.A varietyof experimentshavebeenimplemented,whichdemonstrate

therobustnessandef�ciency of ourapproach.
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Intr oduction

Overthepastdecade,AugmentedReality(AR), whichaimsto mergevirtual objectsinto the

realscenes,hasbecomean invaluabletechniquefor a wide varietyof applications[2, 15].

AugmentedVideo is an off-line AR techniquefor highly demandingapplicationssuchas

�lm-making, television andenvironmentalassessments,in which seamlesscompositionis

of essentialimportance.

Most previoussolutionsof AR systemconcentrateon thegeometryconsistency of vir-

tual and real scenesand thus requireprecisemotion estimationof video cameraand3D

models[4, 8]. The structureand motion recovery is a traditional problemin computer

vision [17, 9, 7]. Somecommercialsoftwarepackageshave beenavailable,suchas2d3

Boujou [1] andREALVIZ MatchMover [19]. To the bestof our knowledge,the detailed

techniquesusedby thesepackageshave not beenpublishedyet. Pollefeys et al. [17] pro-

posedto begin with an initialization of projective structureand motion, followed by an

upgradeto metric framework with self-calibration. They alsoemployed a �e xible multi-

view stereomatchingscheme[10] to obtaina denseestimationof the surfacegeometry.

However, the self-calibrationtechniqueis not alwaysstable,especiallywhenthe initially

recoveredprojectivematricesarenotadequatelyaccurate.
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The goal of densereconstructionis to extract 3D modelsafter structureand motion

recovery. Lu et al. presenteda survey of 3D reconstructionalgorithms[13]. Scharsteinand

Szeliski[21] introducedatwo-framestereoframework to categorizeandevaluatetwo-frame

stereocorrespondences.Oneof its disadvantagesis that usingshortbaselinesmakes the

matchingeasierat the costof poorevaluationof depth,while usinglong baselinesresults

in highly precisedepthevaluationbut more dif�cult matching. Then, multiple baseline

approachesproposedin [14,20] arepopulartechniquesto reconstruct3D models.However,

mostof themhave proven to be time-consumingbecausethe calculationis dif�cult to be

processedon recti�ed scanlines.

Dueto thedif�culties of obtaining3D modelsfrom therealscenes,few work hasbeen

focusedon theinteractionof virtual andrealscenes,suchasocclusions,shadowsandinter-

re�ections.Thevirtualobjectsareusuallypastedontorealscenesdirectly[4]. Theocclusion

effectscanbeobtainedby meansof severalmethods,suchasbluescreentechniques[22],

and boundaryregistrationmethod[11]. The 3D modelsof the real scenesare generally

requiredto handletheshadows [18] andinter-re�ection [5]. Alternatively, Chuangetal. [3]

proposedto draw out the shadow displacementmap from a �x ed view and transferthe

shadows from oneimageto another.

Basedon our previous work [24], we proposea novel approachto merge the virtual

objectsinto videosequencestakenby a freely moving videocamera.Thecontributionsof

this paperlie in several aspects.First, precisestructureandmotion are recoveredbased

on preciseestimationof the focal lengthby meansof a new multi-framestrategy. Second,
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we extend the two-frameschemeto multiple framesof a video sequenceby a scanline-

acceleratedmultiple baselinestereomethod;thestructuresin multiple views arethenused

to constructthe �nal 3D models.Third, built uponthe reconstructed3D models,realistic

interactioneffectsareachieved,includingocclusions,shadow castingandobjectanimation.

The rest of this paperis organizedas follows. In Section2, our schemeon precise

estimationof the cameramotion is elaborated.Section3 presentsour extendedmultiple

baselinemethodfor the dense3D reconstruction.The compositionof the virtual objects

andthe real scenesis describedin Section4. Experimentalresultsaregiven in Section5.

Finally, weconcludethewholepaper.

CameraMotion Estimation of VideoSequences

Highly accurateestimationof cameramotionisessentialtomatchthegeometryof thevirtual

objectsandtherealscenes.Here,we proposea robustcameratrackingalgorithmbasedon

automaticallyextractedkey frames,in whichthefocal lengthis �rstly recoveredby arobust

multi-framestrategy.

FeatureMatching

We adoptSIFT algorithm[12] to extract the featuresfrom eachframeof the input video

sequenceandmatchthe featuresframeby frame. Correspondingfeaturesareconstrained

accordingto the epipolargeometrytheory[25]. We useRANSAC algorithm[6] to �nd a
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setof inliers that have consistentepipolargeometry. Thenthe matchedfeaturepoints in

framesarechained.Eachchainis calleda matchingset,which correspondsto a 3D point.

Generally, the longerthe lengthof a matchingsetis, thehigherthereliability is, andmore

advantageousfor structureandmotionestimation.

The CameraModel

We parameterizeeachcameramotion usingseven parameters,i.e., the rotationexpressed

by threeEuler angles£ = (µx ; µy; µz), the translationexpressedby a triple vector t =

(tx ; ty; tz), andthefocal lengthf . TheintrinsicmatrixK canbewrittenas:

K =

0
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where(cx ; cy) denotesthe imagecenter. Eachmatchingset representsa 3D point X =

(X ; Y; Z )> , andits re-projectionin eachframeis:

x = K (RX + t) (2)

whereR denotestherotationmatrix representedby therotationalEuleranglesandx is the

thehomogeneousimagepositionsof X in a frame.

Typically, cameramotion estimationaimsto computeK , R, andt of eachframein a

video sequence.If camerazoomingin or out is excluded,the unknown cameraintrinsic

5



parameterf remainsconstant,andcanbecalculatedbeforetheestimationof theextrinsic

cameraparameters.

Accordingto the epipolargeometrytheory, two correspondingpointsx 0 andx in two

imagestake [25]:

x0>F x = 0 (3)

wherethe fundamentalmatrix F hasF = K ¡> [t] £ RK ¡ 1. This indicatesthata point in

oneimagematchesa line F x on anotherimage. Thus,any correspondingpoint x 0 lies on

theline F x. Thesumof symmetricepipolardistancesof all correspondingpointsis usedto

measuretheerrors:

D =
P

j
(x0>

j F x j )2( 1
(F x j )2

1+( F x j )2
2

+ 1
(F > x 0

j )2
1+( F > x 0

j )2
2
) (4)

SelectingKeyFrames

As Fitzgibbonand Zissermanindicatedin [7], the numberand the lengthof the interest

point trackshaveasigni�cant effecton thestablenessandaccuracy of structureandmotion

estimation.Now thatwe have obtainedmatchingsetsof featurepointsasdescribedbefore,

wechooseonly thosematchingsetswhosetracklengthsareno lessthanN to participatein

estimation.We call thosematchingsetsgoldentracks. In our experiments,thevalueof N

is usuallychosenin therangeof 15-35.

Generally, the larger the interval of key frames,the longerthe baseline,andthe more

bene�cial to estimation.However, it maycausetheshortnessof matchingsetsif theinterval
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is too large. We settheinterval to be(N ¡ 1)=2 to ensurethatany goldentrackappearsin

at leasttwo key frames,or say, it mustbeableto participatein estimation.

Nevertheless,if thereis notadequategoldentracksbetweentwo successive key frames,

wehaveto supplementsomeothermatchingsetsappearingin thesetwo key framesinto the

goldentracks.If this is insuf�cient, we inserta key framebetweenthem,andselectgolden

tracksin thesamemanner.

Practically, weselecttwo key framesthataresuitablefor initializing thesequentialstruc-

tureandmotioncomputation.It shouldbesatis�edthatthebaselinebetweentwo framesis

longenoughwith suf�cient commongoldentracks.Pollefeysetal. [17] proposedto usethe

image-baseddistanceto sizethelengthof abaseline:

b= median(d(H x; x0)) (5)

whereH is the planar-homography andcanbe solved by minimizing b. By denotingn ij

asthe numberof commongoldentracksbetweenthe i -th andj -th frames,we de�ne the

following formulato evaluatethesuitability for two frames:

dij = n®
ij bij (6)

Herewe choose® = 0:5 in our experiencebecausehighly commoncorrespondencesare

unnecessary.
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Estimation of The FocalLength Basedon Multi-frames

The focal lengthplaysa very importantrole in cameramotionestimation.Therobustness

of its evaluationin�uences the accuracy of estimationof cameramotion. However, it is

very dif�cult to recover precisefocal lengthfrom only two framesunderthe in�uencesof

matchingnoises.This hasbeenexaminedby our experiments.As shown in Figure1(a),

even for any two key frameswith a large cameramotion, the curve of the re-projection

errorsis �at, whichmeansthatf is veryunstable.Onthecontrast,thecurveof re-projection

errorshasanobviousminimumif multiple framesareemployedasshown in Figure1(b).

Therefore,therecoveryof thefocal lengthtendsto bemoreprecisewith multiple frames.

Basedon theseinvestigation, we proposea multi-frame strategy to preciselyrecover

the focal length f by the 1D searchingprocess.In the �rst step,given a valueof f , we

computeR andt of the two key framesby minimizing the costfunction D in Eq. 4 with

Levenberg-Marquardtalgorithm. Thenthe 3D positionX j of eachcommonfeaturepoint

canthenbereconstructedfrom its two projectionsx j andx0
j by computingtheintersection

of the two correspondingspacerays. This processis calleda triangulation. In thesecond

step,we selectseveralframesbetweenthesetwo key framesandsolve their cameramotion

parameters.We de�ne the cost function e(f ) for all re-projectionerrorsin the selected

framesas:

e(f ) =
X

i 2 Ã

X

j 2 Â(i )

kr ij k2 (7)

whereÃ is thesetof all selectedframes,Â(i ) is thesuperscriptof agoldentrackon thei -th
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frame,andr ij is theresidualof thej -th 3D pointX j in thei -th frameimage:

¸ ij x̂ ij = K (Ri jt i )X̂ j ; r ij = x̂ ij ¡ x ij (8)

Here,Ri andt i aretherotationmatrix andtranslationvectorfrom the�rst key frameto the

i -th frame,respectively.

We calculatee(f ) iteratively by repeatingthe�rst andsecondstepsandcomputef that

minimizese(f ). The �bonacci searchingmethodis suitablefor this process.The initial

valuesof Ri , t i of eachiterationcanbesetto theestimatedvaluesin thepreviousiteration.

It is apparentthat the �rst stepis moretime-consumingthanthe secondstepbecause3D

pointsX̂ j areunknown andthe costfunction D is muchmorecomplex thane. Since3D

point X̂ j have beenestimatedfrom the�rst step,thecostfunctione is easyto beobtained

even when therearemore framesinvolved. In our experiments,it costslessthanhalf a

minuteto �nd anappropriateenoughvaluefor f .

Incr ementalMotion Estimation

Basedon therecoveredstructureandmotionof the �rst two key frames,otherkey frames

areincrementallyhandledalongwith there�nementof theexistingkey frames.

For eachsuccessive new key frame, its cameramotion representedby R andt is ini-

tializedasits previousoneandthenestimatedby employing therecoveredstructureof the

goldentracksto minimizethefollowing re-projectionerrors:

X

j

d(x j ; K (RX j + t))2 (9)
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Then,new goldentracksarereconstructedby thenewly estimatedmotion. Therefore,both

new motion andstructureareobtained.Thenwe adoptthe modi�ed local bundleadjust-

ment[26] to re�ne theexistingstructureandmotion.

After all of the key framesareprocessed,cameramotionsof the whole sequenceare

recoveredeasilyfrom the precisestructureby Equation9. Finally, if necessary, all of the

structureandmotionfor thewholesequencearere�ned throughabundleadjustment[23,9].

3D Reconstructionof The RealScenes

Thebestway to achieve themostconsistency betweenthevirtual objectsandrealscenesis

to recover thegeometryof therealscenes,especiallywhereinthevirtual objectsandthereal

scenesinteract.Althoughit is impracticalto reconstructall objectsin scenes,all AR-based

applicationsnormallyonly concernonly partialscenes,whichcanbeindicatedinteractively.

Computationsof The DenseDepth Maps

As shown in Figure3(a),for two framesviewedfrom Cl andCr , therearetwo homographies

H l andH r (3 £ 3 matrix) which mapthemto the left imageI l andthe right imageI r on

thecommonimageplane¦ . Thecommonimageplaneis parallelto thebaselineClCr with

the lengthB. As a result,theepipolarlines [25] in two framesbecomethesamescanline.

Thus, the densematchingis acceleratedby handlingit along scanlines.We employ the

SAD (sum-of-absolute-differences)algorithmwith a window W centeredat (x0; y0) asthe

10



matchingfunction,to �nd thebestdisparityd at (x0; y0):

SAD (x0; y0; d) =
X

x;y 2 W

jI l (x; y) ¡ I r (x ¡ d;y)j (10)

After thedensematchingis accomplished,thedensedepthis calculatedaccordingto Equa-

tion 11:

Z = Bf =d (11)

whereZ is thedepth,B is thelengthof thebaseline,andd is thedisparityof apoint. In this

way, adensedepthmapis obtained.

Multi-Baseline Stereoof VideoSequences

Thedensematchingof imagepairsusuallydoesnotproduceaccuratedensedepthmapdue

to noises. Our schemeis to exploit multi-baselinestereoof a video sequenceto recover

thedensedepthmap. If thecameramovesalonga line, multi-baselinestereocanbeeasily

dealtwith (see[14] for details).However, sincethebaselinesareseldomparallel,thecor-

respondencesof a 3D point in differentstereoimagepairsaredif�cult to bemappedon the

samescanline.A commonmeasurementfor all stereoimagepairsin thevideosequenceis

requiredto extendmulti-baselinestereoto all framesin avideosequence.

Without loss of generality, we take any three framesF1; F2 and F3 as an example

(seeFigure 3(b)). We use the subscriptsto index the imagepairs, and (x; y; 1) to de-

note the uniform homogeneouscoordinatesin the imageplane. We assumethat the im-

agepairs (F1; F2), and(F1; F3) are recti�ed asdescribedin Section3.1, and the projec-
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tions of a 3D point P on the recti�ed imagesI l
1;2 and I l

1;3 are x12 = (x12; y12; 1)> and

x13 = (x13; y13; 1)> , respectively. Accordingto Equation(11), the3D positionof P canbe

calculatedby re-projectingx12 andx13 backto 3D spacefrom I l
1;2 andI l

1;3, andexpressedas

P12(x12B12f =d12; y12B12f =d12; B12f =d12), P13(x13B13f =d13; y13B13f =d13; B12f =d13), re-

spectively. P12 andP13 aredifferentexpressionsof thesame3D point in differentcoordinate

system.Therefore,wehavekP12k = kP13k, yielding:

d12

B12

q
x2

12 + y2
12 + 1

=
d13

B13

q
x2

13 + y2
13 + 1

(12)

Equation12buildsupthecommonmeasurementfor all framesrelatingto F1. It impliesthat

if we plot the matchingcurvesasa function of d0 = d=(B
p

x2 + y2 + 1), i.e., SAD (d0),

insteadof SAD (d), all curves shouldhave the sameminimum at d0. Therefore,rather

than using matchingcurves SAD 12(d0), SAD 13(d0) separately, we employ SAD (d0) =

P

i
SAD 1i (d0) asthematchingcurve for the�rst frameF1 of multiple framestereoasshown

in Figure3(c). In this way, the densedepthmapof a frameis obtainedby multi-baseline

stereo.Theoutliersin�uencetheaccuracy of thedepthmatchingdueto noises,mismatching

and/orocclusionsof featurepoints. We adoptthemethodproposedby Kochet al. [10] to

remove theseoutliersin thisprocess,whichdecreasesthenoisesef�ciently .

With the known densedepthmapsof key frames,the triangulationof the surfacesin

scenescanbe processedconveniently. We apply a Gaussian�lter or bilateral�lter on the

depthmapto remove noisesfurther. Finally, several3D modelsrelatingto theselectedkey

framesareobtainedby theprocessdescribedabove.
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Merging 3D Models

To merge all 3D modelsrelating to different key frames,a global coordinatesystemis

desired.Thiscoordinatesystemcanbeaplane,acylinder, or asphere.Dueto theocclusions

andinvisibility, it is almostimpossibleto mapall scenesontothisglobalcoordinatesystem.

In thissense,it remainsachallengingproblemin general.

Notethat,therecoveredsurfacesmayhave a little differencewith eachotherdueto the

existenceof the reconstructionerrorsandnoises. The surfaceswhich areparallel to the

imageplanehavehigherqualitycomparedwith thoseverticalto theimageplane.Weselect

a planethat is visible by all surfaces,andsetits resolutionasthatof the imageplane.We

thenperformimageeditingonall thedepthmapsto remove theregionswith low quality.

For a sequenceof 3D models,we projectthe3D modelof the �rst key frameonto the

commonplane.Whenthe3D modelof thesuccessivekey frameis projectedontotheplane,

theprojectionis droppedif somepixel hasbeenwritten. In thisway, wegettheconnections

of thesetwo models. Usually, this connectionregion hasdifferentdepth,and the errors

arevisible for shadow casting.We blendthis connectionregion aroundtheedgeregion to

smooththe models. Accordingly, we merge the oneof the successive key frame, till all

selectedkey framesareintegrated.Finally, a3D modelfrom all key framesareobtained.

In addition,dueto theintroducednoisesandshortageof features,thereconstructed3D

modelis typically coarseandnothole-free,especiallywhentheobjectis relatively faraway

from the viewpoint. Sincethe model is mergedon a plane,it canbe treatedasan image
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whoseelementsrecordthe depthinformation. Our schemeis to interactively specify the

regionswith holesandperformPoissonimageediting[16] to repairthem.

Integrating the Virtual Objects into The RealScenes

With the obtainedprecisecameramotionsand3D models,it is convenientto incorporate

virtual objectsinto the video sequences.For seamlesscomposition,the virtual and real

scenesshouldbein thesameilluminationenvironments.Anothermainchallengeto achieve

this goal is the consistency of geometryand illumination interactionsamongthe virtual

and real objects,suchas occlusions,action designof characters,shadow casting,inter-

re�ections,etc.

For inter-re�ection of the virtual andreal objects,the directionof dominatedlight has

to be decidedbeforehand.In outdoorscenes,the directionof sunlightcanbe computed

convenientlywith the recovered3D models.We can�nd the locationsof anoccluderand

its shadow receiver extractedfrom certainkey frame.We thensetthevectorbetweenthem

asthelighting direction.

An amazingeffect facilitatedby thereconstructed3D modelsis theshadows. Typically,

therearetwo kinds of shadows. Oneis the shadows from the real scenesonto the virtual

objectswhosemaskscanberenderedwith the3D modelsof realscenes.Theotheroneis

castedfrom the virtual objectsonto the real scenes.Dif�culty happenswith the later. If

therehave alreadypartialshadows in theregion of therealscenes,this region is desiredto
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be known. However, the recovered3D modelscanhardly be usedto generatethe exactly

identicalshadow mapswith thosein therealscenes.In this case,theshadow regionswith

andwithout thevirtual objectscanbe�rst obtainedbasedon thereconstructed3D models.

Theedgesof thevirtual shadowsandrealshadowsarethendetectedandre�ned by common

imageprocessingtechniques.Subsequently, thedifferencesbetweenbothtypesof shadows

canberemovedby appropriatesmoothingoperators.

It remainsa challengefor arbitrarily complex scenesbecausethe 3D geometry, the il-

luminationenvironmentandthe materialof the real scenes,aredif�cult to be completely

recovered.

Experimental Results

We implementedour approachon a PCwith anIntel P42.4GHZ CPUand1024MBmem-

ory. For avideosequenceof 126frames,it costsabout6 minutesto trackthefeaturepoints,

and2 minutesfor thecomputationof thecameraparameters.Thetime spenton therecon-

structionof each3D modelin onekey framedependson thenumberof themulti-baselines.

For typical case,e.g. 10, it costsabout4 minutes.Typically, key framesareselectedwith

theinterval of 15-30frames.Theimagesof thevirtual objects,occlusionmasksandshadow

masksaregeneratedwith 3DSMAX by integratingthe3D modelsof thevirtual objectsand

real scenes.The �nal compositiontakesabout5 minutesin our experiments.As a result,

the total time for onevideosequenceof 126framesis about40 minuteswithout including
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thetimeof therenderinganduserinteractions.

Fourexampleswith 126,121,121,279framesaredemonstrated,of whichseveralselected

framesareillustratedin Figure5 from top to bottom. Thevideocameraof the �rst video

sequencemovesupwardstoview thefartemple,till thesquarein frontof thetempleappears.

The3D modelshown in Figure2(e)of thestairsarereconstructedfrom four key framesas

shown in Figure2(a-d).

Oneframeof eachoriginal videosequenceis shown in Figure4(a). Thevirtual objects

with reconstructed3D modelsareillustratedin Figure4(b). Their correspondingcompos-

ited framesaredemonstratedin Figure4(c). In orderto view the shadows andoccluding

effectsclearly, Figure4(c) is magni�ed, yielding Figure4(d). It is worthy mentioningthat,

in the �rst example,threecharactersandoneballoonareanimatedandcomposedin the

reconstructedmodel. Theshadows of theanimatedobjectsarecastonto thereconstructed

stairs. The red characterwhich standson the top of the stairsis partially occludedat the

beginningandbecomestotally visiblewith themoving of thevideocamera.For thesecond

example,a virtual helicopter�ies over the sculpture,anda characterjumpsinto shadows.

The groundis not recoveredbecausetherearenot enoughfeatures. We simply de�ne a

planeto mimic theground.In this way, correctshadow castedfrom the jumpingcharacter

is achieved.

In the third example, its video camerafocuseson the towers and moves in a nearly

horizontalway. Note that, we insert a big virtual tower in the yard, whosefoot part is

occludedby thewall. For theforth one,thevideosequenceis takenby a hand-heldcamera
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whichmakestheviewsareshaky. To oursurprise,avirtual moving caron theroadmatches

the backgroundvideo sequencequite consistently, which demonstratesthe robustnessof

our cameratracking system. The specularre�ection effects of the car are processedby

environmentmapping.For moredetailedinformation,pleaseview ourvideosubmission.

Conclusions

Wehaveproposedanovel methodto integratevirtual objectsinto videosequencestakenby

a freely moving videocamera.Thevirtual objectsarecoincidedwith therealscenesin the

senseof geometrical,illuminationandinteractionconsistenciesby meansof precisecamera

motionestimationand3D reconstruction.Speci�cally, basedontherecovered3D modelsof

therealscenes,interactioneffectsof thevirtual objectsandtherealscenesaresuccessfully

achieved.Theshadowscastfrom thevirtual objectsontotherealscenesandtherealscenes

ontothevirtual objectsarebothobtainednaturally. Moreover, theocclusionrelationshipof

therealscenesandthevirtual objectsarealsohandled.
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Figure1: Illustrationsof theestimationof thefocal lengthf . Thetruevalueof f is 772.5.

(a) Thecostfunctionbasedon two frames.Theenergy curve approximatesa �at line. (b)

Thecostfunctionbasedon multiple frames.Theenergy curve takestheform of a parabola

andhasanobviousminimum.
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(a) (b)

(c) (d)

(e)

Figure2: Thereconstructed3D modelsfrom thevideosequencebasedon four key frames

andthe�nal model.
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Figure3: Illustrationsof themulti-baselinetechnique.(a) Two-view geometry;(b) Three-

view geometry;(c) Theaccuracy comparisonfor differentbaselineswith two stereopairs.
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(a) (b) (c) (d)

Figure4: (a) Oneselectedframeimage;(b) Animatedobjectsarecomposedwith the 3D

modelsscenestaking accountof shadows andocclusions;(c) Animatedobjectsarecom-

posedin thevideosequencetakingaccountof shadows andocclusions;(d) Themagni�ed

snapshotsof (c).
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Figure5: Selectedkey framesfrom four compositevideosequences.
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