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Abstract

We presentan efcient approachthat memgesthe virtual objectsinto video se-
guencedaken by a freely moving camerain a realisticmanner The compositionis
visually andgeometricallyconsistenthroughthreemain steps.First, a robust camera
trackingalgorithmbasedn key framesis proposedwhich preciselyrecorersthefocal
lengthwith a novel multi-frame stratg)y. Next, the concerned3D modelsof thereal
scenesare reconstructedy meansof an extendedmulti-baselinealgorithm. Finally,
the virtual objectsin the form of 3D modelsare integratedinto the real sceneswith
specialcareson the interactionconsisteng including shadev casting,occlusionsand
objectanimation.A varietyof experimentshave beenimplementedwhichdemonstrate

therobustnessindef ciency of ourapproach.
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Intr oduction

OverthepastdecadeAugmentedReality (AR), whichaimsto megevirtual objectsinto the
real sceneshasbecomeaninvaluabletechniquefor a wide variety of applicationg2, 15].
AugmentedVideo s an off-line AR techniquefor highly demandingapplicationssuchas
Im-making, television andenvironmentalassessments) which seamlesgompositionis
of essentialmportance.

Most previous solutionsof AR systemconcentraten the geometryconsisteng of vir-
tual and real scenesand thus require precisemotion estimationof video cameraand 3D
models[4, 8]. The structureand motion recovery is a traditional problemin computer
vision [17, 9, 7]. Somecommercialsoftware packagesave beenavailable, suchas 2d3
Boujou [1] andREALVIZ MatchMover [19]. To the bestof our knowledge,the detailed
techniquesusedby thesepackagesave not beenpublishedyet. Pollefeys etal. [17] pro-
posedto begin with an initialization of projectve structureand motion, followed by an
upgradeto metric framewvork with self-calibration. They alsoemploed a e xible multi-
view stereomatchingscheme[10] to obtain a denseestimationof the surface geometry
However, the self-calibrationtechniqueis not always stable,especiallywhenthe initially

recoeredprojective matricesarenot adequatelyaccurate.



The goal of densereconstructions to extract 3D modelsafter structureand motion
recovery. Lu etal. presentec surwey of 3D reconstructioralgorithms[13]. Scharsteirand
Szeliski[21] introducedatwo-framesteredramenork to catgorizeandevaluatetwo-frame
stereocorrespondencesOne of its disadwantagess that using shortbaselinesnakesthe
matchingeasierat the costof poor evaluationof depth,while usinglong baselinesesults
in highly precisedepthevaluationbut more dif cult matching. Then, multiple baseline
approacheproposedn [14, 20] arepopulartechniqueso reconstrucBD models.However,
mostof themhave provento be time-consumingoecausehe calculationis dif cult to be
processednrecti ed scanlines.

Dueto thedif culties of obtaining3D modelsfrom the real scenesfew work hasbeen
focusedon theinteractionof virtual andreal scenessuchasocclusionsshadevs andinter-
re ections. Thevirtual objectsareusuallypastedntorealsceneslirectly[4]. Theocclusion
effectscanbe obtainedby meansof several methodssuchasblue screentechniqueg22],
and boundaryregistrationmethod[11]. The 3D modelsof the real scenesare generally
requiredto handletheshadavs [18] andinter-re ection [5]. Alternatively, Chuangetal. [3]
proposedto drav out the shadev displacemenmap from a x ed view and transferthe
shadavs from oneimageto another

Basedon our previous work [24], we proposea novel approachto memge the virtual
objectsinto video sequencetaken by a freely moving video camera.The contributionsof
this paperlie in several aspects.First, precisestructureand motion are recoveredbased
on preciseestimationof the focal lengthby meansof a nev multi-framestratgy. Second,
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we extend the two-frame schemeto multiple framesof a video sequencéy a scanline-
acceleratednultiple baselinestereomethod;the structuresn multiple views arethenused
to constructthe nal 3D models. Third, built uponthe reconstructedD models,realistic
interactioneffectsareachieved,includingocclusionsshadav castingandobjectanimation.

The restof this paperis organizedasfollows. In Section2, our schemeon precise
estimationof the cameramotion is elaborated.Section3 presentour extendedmultiple
baselinemethodfor the dense3D reconstruction.The compositionof the virtual objects
andthe real sceness describedn Section4. Experimentakesultsaregivenin Section5.

Finally, we concludethewhole paper

Camera Motion Estimation of Video Sequences

Highly accurateestimatiorof cameramotionis essentialo matchthegeometryof thevirtual
objectsandtherealscenesHere,we proposea robustcamerarackingalgorithmbasedon
automaticallyextractedkey frames,n whichthefocallengthis rstly recoveredby arobust

multi-framestrateyy.

Feature Matching

We adoptSIFT algorithm[12] to extract the featuresfrom eachframe of the input video
sequencand matchthe featuresframe by frame. Correspondindeaturesare constrained

accordingto the epipolargeometrytheory[25]. We useRANSAC algorithm[6] to nd a



setof inliers that have consistenepipolargeometry Thenthe matchedfeaturepointsin
framesarechained.Eachchainis calleda matchingset,which corresponds$o a 3D point.
Generallythe longerthe lengthof a matchingsetis, the higherthereliability is, andmore

adwantageousor structureandmotionestimation.

The CameraModel

We parameterize&éachcameramotion using seven parametersi.e., the rotation expressed
by threeEuler anglesf = (W; ;1) the translationexpressedoy a triple vectort =

(tx;ty;t,), andthefocallengthf . Theintrinsic matrix K canbewritten as:
0 1
f 0 c

K=EBo0of ¢ (1)

where(cy; ¢y) denotesthe imagecenter Eachmatchingsetrepresents 3D point X =

(X;Y;2Z)”, andits re-projectionin eachframeis:
x = K(RX + 1) (2)

whereR denoteghe rotationmatrix representetyy the rotationalEuleranglesandx is the
thehomogeneousnagepositionsof X in aframe.
Typically, cameramotion estimationaimsto computeK , R, andt of eachframein a

video sequence.lf camerazoomingin or out is excluded,the unknavn cameraintrinsic



parametef remainsconstantandcanbe calculatedoeforethe estimationof the extrinsic
camergparameters.

Accordingto the epipolargeometrytheory two correspondingointsx®andx in two
imagegake [25]:

x”Fx =0 (3)

wherethe fundamentamatrix F hasF = K> [t]£ RK !, Thisindicatesthata pointin
oneimagematchesa line Fx on anotherimage. Thus,ary correspondingpoint x° lies on
theline F x. Thesumof symmetricepipolardistance®f all correspondingointsis usedto

measurdheerrors:

p
_ 0>E v \2 1 1
D= j (Xj FXJ) ((ij)§+(ij)§ + (F>xj°)§+(F>xj°)§) (4)

SelectingKey Frames

As Fitzgibbonand Zissermanindicatedin [7], the numberandthe length of the interest
pointtrackshave a signi cant effect onthe stablenesandaccurag of structureandmaotion
estimation.Now thatwe have obtainedmatchingsetsof featurepointsasdescribedefore,
we chooseonly thosematchingsetswhosetracklengthsarenolessthanN to participatein
estimation.We call thosematchingsetsgoldentradks. In our experimentsthe valueof N
is usuallychosernn therangeof 15-35.

Generally the larger the interval of key frames,the longerthe baselineandthe more

bene cial to estimation However, it maycauseaheshortnessf matchingsetsif theinterval



is too large. We settheinterval to be (N j 1)=2 to ensurehatary goldentrackappearsn
atleasttwo key frames,or say it mustbe ableto participatein estimation.

Neverthelessif thereis notadequategoldentracksbetweertwo successie key frames,
we have to supplemensomeothermatchingsetsappearingn thesetwo key framesinto the
goldentracks.If thisis insufcient, we insertakey framebetweerthem,andselectgolden
tracksin thesamemanner

Practically we selecttwo key framesthataresuitablefor initializing thesequentiastruc-
tureandmotioncomputationlt shouldbe satis edthatthe baselinebetweertwo framesis
long enoughwith sufcient commongoldentracks.Pollefeysetal. [17] proposedo usethe

image-basedistanceo sizethelengthof abaseline:
b= median(d(H x; x9%) (5)

whereH is the planarhomograpl and canbe solved by minimizing b. By denotingnj
asthe numberof commongoldentracksbetweenthe i-th andj -th frames,we de ne the

following formulato evaluatethe suitability for two frames:
dj = nib; (6)

Herewe choose® = 0:5 in our experiencebecauséiighly commoncorrespondencesre

unnecessary



Estimation of The Focal Length Basedon Multi-frames

Thefocal lengthplaysa very importantrole in cameramotion estimation. The robustness
of its evaluationin uencesthe accurag of estimationof cameramotion. However, it is
very dif cult to recover precisefocal lengthfrom only two framesunderthe in uences of
matchingnoises. This hasbeenexaminedby our experiments.As shavn in Figure1(a),
even for any two key frameswith a large cameramotion, the curve of the re-projection
errorsis at, whichmeanghatf isveryunstable Onthecontrastthecurve of re-projection
errorshasan obvious minimum f multiple framesareemplo/ed asshown in Figure 1(b).
Thereforetherecovery of thefocal lengthtendsto be moreprecisewith multiple frames.

Basedon theseinvestigation, we proposea multi-frame stratgy to preciselyrecover
the focal lengthf by the 1D searchingprocess.In the rst step,givena valueof f , we
computeR andt of the two key framesby minimizing the costfunction D in Eq. 4 with
Levenbeg-Marquardtalgorithm. Thenthe 3D positionX; of eachcommonfeaturepoint
canthenbereconstructedrom its two projectionsx; andxj0 by computingtheintersection
of thetwo correspondingpacerays. This processs calleda triangulation In the second
step,we selectsereralframesbetweerthesetwo key framesandsolve their cameramotion
parameters.We de ne the costfunction e(f ) for all re-projectionerrorsin the selected
framesas:

X X
ef) = kri k2 (7)

i2Aj2A(%)

whereA is thesetof all selectedrames A(i) is the superscripbf a goldentrackon thei-th



frame,andr;; is theresidualof thej -th 3D pointX; in thei-th frameimage:

i Ri = KRR ri = Ry i Xy (8)
Here,R; andt; aretherotationmatrix andtranslatiorvectorfrom the rst key frameto the
i-th frame,respectrely.

We calculatee(f ) iteratively by repeatinghe rst andsecondstepsandcomputef that
minimizese(f ). The bonacci searchingmethodis suitablefor this process. The initial
valuesof Rj, t; of eachiterationcanbe setto the estimatedsaluesin the previousiteration.
It is apparenthatthe rst stepis moretime-consuminghanthe secondstepbecause8D
points)’(j areunknavn andthe costfunction D is muchmorecomple thane. Since3D
point X i have beenestimatedrom the rst step,the costfunctione is easyto be obtained

even whenthereare more framesinvolved. In our experiments,it costslessthan half a

minuteto nd anappropriateenoughvaluefor f .

IncrementalMotion Estimation

Basedon therecoveredstructureandmotion of the rst two key frames,otherkey frames
areincrementallyhandledalongwith there nementof the existing key frames.

For eachsuccessie new key frame, its cameramotion representedy R andt is ini-
tialized asits previous oneandthenestimatedy emplgying the recoveredstructureof the

goldentracksto minimizethe following re-projectiorerrors:

d(x;; K (RX; + t))? (9)
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Then,new goldentracksarereconstructedby the newly estimatednotion. Therefore both
newv motion and structureare obtained. Thenwe adoptthe modi ed local bundle adjust-
ment[26] to re ne theexisting structureandmaotion.

After all of the key framesare processedgameramotionsof the whole sequenceare
recoveredeasilyfrom the precisestructureby Equation9. Finally, if necessaryall of the

structureandmotionfor thewholesequencarere ned throughabundleadjustmenf23, 9].

3D Reconstructionof The Real Scenes

The bestway to achievze the mostconsisteng betweerthe virtual objectsandrealsceness
to recoverthegeometryof therealscenesespeciallywhereinthevirtual objectsandthereal
scenesnteract.Althoughit is impracticalto reconstructll objectsin scenesall AR-based

applicationshormallyonly concerronly partialsceneswhich canbeindicatedinteractvely.

Computations of The DenseDepth Maps

As shavn in Figure3(a),for two framesviewedfrom C, andC, , therearetwo homographies
H'andH" (3£ 3 matrix) which mapthemto the left imagel ' andtherightimagel " on
thecommonimageplane} . Thecommonimageplaneis parallelto thebaselineC,C; with
thelengthB. As aresult,the epipolarlines[25] in two framesbecomethe samescanline.
Thus, the densematchingis acceleratedy handlingit alongscanlines. We emplo the

SAD (sum-of-absolute-diérencesplgorithmwith awindow W centeredat (Xo; Yo) asthe
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matchingfunction,to nd thebestdisparityd at(Xo; Yo):

SAD (xoiYoid) = JhOGY) i (X0 diy) (10)

X;y2W
After thedensematchingis accomplishedthe densedepthis calculatedaccordingto Equa-
tion11:

Z = Bf =d (11)

whereZ isthedepth,B is thelengthof thebaselineandd is thedisparityof a point. In this

way, adensadepthmapis obtained.

Multi-Baseline Stereoof Video Sequences

Thedensematchingof imagepairsusuallydoesnot produceaccuratedensedepthmapdue
to noises. Our schemes to exploit multi-baselinestereoof a video sequenceo recover
the densedepthmap. If the cameramovesalonga line, multi-baselinestereocanbe easily
dealtwith (see[14] for details). However, sincethe baselinesare seldomparallel,the cor-
respondencesf a 3D pointin differentstereamagepairsaredif cult to be mappedonthe
samescanline. A commonmeasuremerfor all stereaimagepairsin thevideosequenceés
requiredto extendmulti-baselinestereao all framesin avideosequence.

Without loss of generality we take ary three framesF,;F, and F; as an example
(seeFigure 3(b)). We usethe subscriptsto index the image pairs, and (x;y; 1) to de-
note the uniform homogeneousoordinatesn the imageplane. We assumehat the im-
agepairs(Fq; F,), and(Fy; F3) arerecti ed asdescribedn Section3.1, andthe projec-
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tions of a 3D point P on the recti ed imagesl;., andl}.; arexi, = (X12;Y12;1)” and
X13 = (X13;Y13; 1), respectiely. Accordingto Equation(11),the 3D positionof P canbe
calculatedby re-projectingk 1, andx 3 backto 3D spacdrom | '1;2 and| '1;3, andexpresse@s
P12(X12B 12f =0h2; Y12B 1of =th2; B1of =0h2), P13(X13B13f =ths; y13B1af =ths; B1of =di3), re-
spectvely. P1, andP;3 aredifferentexpression®f thesame3D pointin differentcoordinate

system.Thereforewe have kP1,k = kP3K, yielding:

d d
Bio x{+y5H+1 Bizg xfz+yh+1

Equation12 builds upthecommonmeasuremerfor all framesrelatingto F;. It impliesthat
if we plot the matchingcurvesasa functionof d®° = d<(B P X2+ yZ+ 1), i.e., SAD (d9,
insteadof SAD (d), all curves should have the sameminimum at d®. Therefore,rather
than using matchingcurves SAD 1,(d9, SAD 13(d) separatelywe employ SAD (d9 =
Pi SAD 4 (d9 asthematchingcurve for the rst frameF, of multiple framesterecasshavn
in Figure 3(c). In this way, the densedepthmap of a frameis obtainedby multi-baseline
stereo.Theoutliersin uencetheaccurayg of thedepthmatchingdueto noisesmismatching
and/orocclusionsof featurepoints. We adoptthe methodproposedoy Kochet al. [10] to
remove theseoutliersin this processyhich decreasethe noisesef ciently .

With the known densedepthmapsof key frames,the triangulationof the surfacesin
sceneganbe processeaornveniently We apply a Gaussianlter or bilateral lter on the

depthmapto remove noisesfurther. Finally, several 3D modelsrelatingto the selectedkey

framesareobtainedby the processlescribedabove.
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Merging 3D Models

To memge all 3D modelsrelating to differentkey frames,a global coordinatesystemis
desired.Thiscoordinatesystemcanbeaplane,acylinder, orasphere Dueto theocclusions
andinvisibility, it is almostimpossibleto mapall scene®ntothis globalcoordinatesystem.
In this senseit remainsa challengingproblemin general.
Notethat,therecoreredsurfacesmay have alittle differencewith eachotherdueto the
existenceof the reconstructiorerrorsand noises. The surfaceswhich are parallelto the
imageplanehave higherquality comparedvith thoseverticalto theimageplane.We select
a planethatis visible by all surfaces,andsetits resolutionasthatof the imageplane. We
thenperformimageeditingon all the depthmapsto remaove theregionswith low quality.
For a sequenc®f 3D models,we projectthe 3D modelof the rst key frameontothe
commonplane.Whenthe 3D modelof thesuccessie key frameis projectedontotheplane,
theprojectionis droppedf somepixel hasbeenwritten. In thisway, we gettheconnections
of thesetwo models. Usually, this connectionregion hasdifferentdepth,andthe errors
arevisible for shadav casting. We blendthis connectiorregion aroundthe edgeregion to
smooththe models. Accordingly, we mege the one of the successie key frame, till all
selectekey framesareintegrated.Finally, a 3D modelfrom all key framesareobtained.
In addition,dueto the introducednoisesandshortageof featuresthe reconstructe@D
modelis typically coarseandnot hole-free especiallywhentheobjectis relatvely far avay

from the viewpoint. Sincethe modelis melgedon a plane,it canbe treatedasanimage
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whoseelementsrecordthe depthinformation. Our schemaes to interactvely specify the

regionswith holesandperformPoissonmageediting[16] to repairthem.

Integrating the Virtual Objectsinto The Real Scenes

With the obtainedprecisecameramotionsand 3D models,it is corvenientto incorporate
virtual objectsinto the video sequences.For seamlessomposition,the virtual and real
sceneshouldbein thesamellumination ervironments Anothermainchallengeo achieve
this goal is the consisteng of geometryand illumination interactionsamongthe virtual
and real objects,suchas occlusions,action designof charactersshadav casting,inter
re ections, etc

For inter-re ection of the virtual andreal objects,the directionof dominatedight has
to be decidedbeforehand.In outdoorscenesthe direction of sunlightcanbe computed
convenientlywith therecorered3D models. We can nd thelocationsof anoccluderand
its shadav recever extractedfrom certainkey frame. We thensetthe vectorbetweerthem
asthelighting direction.

An amazingeffectfacilitatedby thereconstructe@D modelsis theshadavs. Typically,
therearetwo kinds of shadavs. Oneis the shadavs from the real scenesonto the virtual
objectswhosemaskscanbe renderedvith the 3D modelsof real scenes.The otheroneis
castedfrom the virtual objectsonto the real scenes.Dif culty happenswith the later. If

therehave alreadypartial shadevs in theregion of thereal scenesthis regionis desiredto
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be known. However, the recorered3D modelscanhardly be usedto generatehe exactly
identicalshadev mapswith thosein thereal scenesin this case the shadav regionswith
andwithout the virtual objectscanbe rst obtainedbasedon thereconstructe@D models.
Theedgef thevirtual shadavs andrealshadavs arethendetectedandre ned by common
imageprocessindechniquesSubsequentj\the differencesetweerbothtypesof shadavs
canberemoredby appropriatesmoothingoperators.

It remainsa challengefor arbitrarily complex scenedecausehe 3D geometrytheil-
lumination ervironmentandthe materialof the real scenesaredif cult to be completely

recovered.

Experimental Results

We implementedur approacton a PCwith anintel P42.4GHZ CPUand1024MB mem-
ory. For avideosequencef 126frames,t costsabout6 minutesto trackthefeaturepoints,
and2 minutesfor the computatiorof the camergparametersThetime spenton therecon-
structionof each3D modelin onekey framedepend®nthe numberof the multi-baselines.
For typical casee.g. 10, it costsabout4 minutes. Typically, key framesare selectedwith
theinterval of 15-30frames.Theimagesof thevirtual objects,occlusionmasksandshadaev
masksaregeneratedvith 3DSMAX by integratingthe 3D modelsof thevirtual objectsand
realscenes.The nal compositiontakesabout5 minutesin our experiments.As a result,

thetotal time for onevideo sequencef 126 framesis about40 minuteswithout including
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thetime of therenderinganduserinteractions.

Fourexampleswith 126,121,121,278amesaredemonstratedyf which severalselected
framesareillustratedin Figure5 from top to bottom. The video cameraof the rst video
sequencenovesupwardsto view thefartemple till thesquaren front of thetempleappears.
The 3D modelshavn in Figure2(e) of the stairsarereconstructedrom four key framesas
shavn in Figure2(a-d).

Oneframeof eachoriginal video sequencés shavn in Figure4(a). Thevirtual objects
with reconstructe@D modelsareillustratedin Figure4(b). Their correspondinggompos-
ited framesare demonstratedh Figure4(c). In orderto view the shadevs and occluding
effectsclearly Figure4(c) is magni ed, yielding Figure4(d). It is worthy mentioningthat,
in the rst example,threecharactersaand one balloon are animatedand composedn the
reconstructednodel. The shadavs of the animatedobjectsare castonto the reconstructed
stairs. The red charactemwhich standson the top of the stairsis partially occludedat the
beaginningandbecomedotally visible with the moving of thevideocameraFor thesecond
example,a virtual helicopter ies over the sculpture,anda charactejumpsinto shadavs.
The groundis not recoveredbecausehereare not enoughfeatures. We simply de ne a
planeto mimic the ground. In this way, correctshadev castedrom the jumping character
is achieved.

In the third example, its video camerafocuseson the towers and movesin a nearly
horizontalway. Note that, we inserta big virtual tower in the yard, whosefoot partis
occludedby thewall. For theforth one,thevideosequencés takenby a hand-heldcamera
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which makestheviews areshaly. To our surpriseavirtual moving carontheroadmatches
the backgroundvideo sequencejuite consistently which demonstrateshe robustnessof
our cameratracking system. The specularre ection effects of the car are processedy

ernvironmentmapping.For moredetailedinformation,pleaseview our videosubmission.

Conclusions

We have proposeda novel methodto integratevirtual objectsinto videosequencetakenby
afreely moving videocamera.Thevirtual objectsarecoincidedwith therealscenesn the
sensef geometricaljllumination andinteractionconsistencieby meansf precisecamera
motionestimatiorand3D reconstructionSpeci cally, basedntherecosered3D modelsof
therealscenesinteractioneffectsof thevirtual objectsandtherealscenesresuccessfully
achiezed. Theshadavs castfrom thevirtual objectsontotherealscenesandtherealscenes
ontothevirtual objectsareboth obtainednaturally Moreover, the occlusionrelationshipof

therealscenesndthevirtual objectsarealsohandled.
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Figurel: lllustrationsof the estimationof thefocal lengthf . Thetruevalueof f is 772.5.
(a) The costfunctionbasedon two frames. The enegy curve approximates at line. (b)
The costfunctionbasedon multiple frames.The enegy curve takestheform of a parabola

andhasanobvious minimum.
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Figure2: Thereconstructe@D modelsfrom the video sequencéasedon four key frames

andthe nal model.
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Figure 3: lllustrationsof the multi-baselinetechnique.(a) Two-view geometry;(b) Three-

view geometry;(c) Theaccurag comparisorfor differentbaselinesvith two steregpairs.
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Figure4: (a) Oneselectedrameimage;(b) Animatedobjectsare composedvith the 3D
modelsscenedaking accountof shadavs and occlusions;(c) Animatedobjectsare com-
posedin the video sequencéaking accountof shadavs andocclusionsyd) The magni ed

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