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Abstract

Theproblemof capturingreal world scenesand thenaccurately renderingthemis particularly difficult for fine-

scale3D structue. Similarly, it is difficult to captule, modeland animatenon-rigid motion.\e presenta method
whee smallimage changes are captued as a time varying (dynamic)texture. In particular, a coarse geometry
is obtainedfrom a samplesetof images using structure from motion. This geoméry is thenusedto subdivide
the sceneand to extract approximatdy stabilizedtexture patches. Theresidualstatistical variability in the tex-

ture patchesis captued usinga PCA basisof spatialfilters. Thefilters coeficientsare parameterizedn camen

poseandobjectmotion.To rendernew posesand motions,new texture patces are synthesizetdy modulatingthe
texture basis.Thetexture is thenwarpedbad ontothe coarsegeomery. We demonstate howthetexture modula-
tion and projectivehoma@raphy-basedvarpscanbe achievedin real-timeusinghardware acceleatedOpenG..

Experimentomparingdynamictexture modulationto standad texturing are presentedor objectswith com-
plex geometry(a flower) and non-rigid motion (humanarm motioncapturingthe non-rigiditiesin the joints, and
creasingof theshirt).

CategoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.3[ComputerGraphics]iimageBasedRendering

1. Intr oduction

Mary graphicsrenderingand animationtechniqus gener
ateimagesby texture mappinga 3D scenemodel. This ap-
proachworkswell if the geometriomodelis suficiently de-
tailedbut photorealisnis still hardto achieze. Computevi-

sionstructure-from-motiotechniqus canbeusedto recon-
structthemodelfrom asetof samplemagesThemodelcan
be reconstructedbasedon points,planarpatche#’ or lines?

but the processis in generaltediousand requiresa lot of
humanintervention. For texture mappingthe modelis de-
composednto small planarpatche that are then textured
from the sampleview thatis closestto the desiredposition.
An advantag of metricreconstructions thatthe modelcan
be correctlyreprojectedunderperspectie projection.Non-
euclideam modelsare more easyto constructfrom a setof
inputimage$ 19, but without additionalmetric information
it is difficult to specifyphysically correctnovel views.

Recentesearclin image-basedenderingIBR) offersan
alternatve to thesetechniqus by creatinga non-geometric
modelof thescendrom acollectionof imagesTheideabe-
hindthelBR techniquess to sampletheplenopticfunctiori?
for thedesiredsceneTherearetwo mainapproacheto this
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problem.Oneis to sampletheplenopticfunctionundersome
viewing constraintghatlimit the camerasceneto bounding

boxé: 10 or to only rotations!®. Anotherapproachs presented
in °, where a photoconsistentolumetric model is recon-

structedfrom a setof input imagesby organizingthe rays.

Thesemethodswill theoreticdly generateorrectrenderings
but arepracticallyhardto apply for real scenesandrequire

calibratedcameras.

Somework towardscombiningmodel-basedndimage-
basedhasbeenperformed.Debevec et. al.? rendersnovel
views with view depemlenttextures,chosereitherfrom the
closestreal sampleimage,or asa linear combinationof the
nearesimages We extendthis work by functionally repre-
sentingand parameterizinghe view dependentexture by
combiningimage-planébasedsynthesis$: - 11 with tracking
andscenegeometryestimation Buehle? proposeda gener
alizationof thelumigraphby reconstructing@anapproximate
geometricproxy for a scenefrom a collectionof imagesA
novel view is obtainedby combiningraysfrom inputimages
usinga “camerablendingfield”. Insteadof focusingon the
ray setherewe representhevariability in thetexture,which
alsoallow usto extendapplicdions to non-rigid andtime-
varyingscenes.
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structue. Thedynamictexture for ead quadrilateral is deconposedinto its projectiony; - - -
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It is decomposethto geoméric shapeinformationand dynamictexture for a

xt are determinedrom the projectionof the
Yt on an estimatecdbasisB. For

a givendesied positionx, a novel image is geneated by warping new texture synthesizedrom the basisB on the projected

structure.

Thereare several practica challengeswith currenttech-
niques: (1) For the model-basedapproachs, generatinga
detailedmodelfrom imagesrequiresdensepoint correspon-
dencesln practice,usuallyonly afew pointscanbetracked
reliably andaccuratéy andobjectstructureestimatedat best
coarsely (2) In corventiona texture-basedendering,the
placemet of trianglesso that real edgeson the objectare
alignedwith edgesin the modelis critical. However, with
a sparsemodel obtainedfrom imagesof an otherwiseun-
known objectthis is difficult to ensure (3) Without impos-
ing a geometricstructureon the scenerenderingarbitrary
views requiresa densesamplingof the plenopticfunction
which is practically hardto accomplishfor real scenes(4)
IBR techniquesredifficult to applyin dynamicscenes.

In this paperwe presenta methodinbetwea image-and
model-basedenderingUsingacoarsegeometrianodel,we
canapproximatelystabilizeimagemotionsfrom large view-
point changs. The residualimagevariability is accounted
for usinga varying texture image,dynamictexture, synthe-
sizedfrom a spatialtexture basis whichis describedn Sec-
tion 2.1. Section2.3 describeshe geometricmodels,and
how they are capturedusingstructure-from-motio#?. Both
the structureand dynamic texture variation is paramete
izedin termsof object-canerapose,andobjectarticulation,
henceallowing renderingof new positionsandanimationof
objectmotions.We shav how to implementhedynamicex-
ture renderingusinghardwareaccéeratedOpen-GLin Sec-
tion 3, andin Section4 we verify practicalperformancen

gualitatve and quantitatve experimentscapturingand ani-
matinga house a flower, anda humanarm.

2. Theory

From a geometricview, IBR techniquesrelate the pixel-

wise correspondenceetweensampleimagesl; and a de-
siredviews ly. This canbe formulatedusing a warp func-

tion w to relatelt (w) = lw. If It =~ |y thenw is closeto the
identity function. However, to relatearbitraryviewpoints,w

canbequitecomple, andcurrentiBR methodsggenerallyre-

quire carefully calibratedcamerasn orderto have a precise
geometricknowledgeof theray set> 10,

In our methodthe approximatetexture image stabiliza-
tion achieved usinga coarsemodelreduceghe difficulty of
applyingIBR techniqus. Theresidualimage(texture) vari-
ability canthenbe codedasa linearcombindion of a setof
spatialffilters. (Figurel). More preciselygivenatrainingse-
quenceof imageslt andtracked points [ut, vt], a simplified
geometricstructureof thesceneSandasetof motionparam-
etersx; that uniquely characterizeeachframeis estimated
from thetracked points(section2.3). Thereprojectiorof the
structuregivena setof motionparameters is obtainecdby

[u,v] =G(Sx) 1)

whereg is aprojectionfunctionfor a particulargeometryof
the sceneUsingthere-projectedstructurefut, v¢] eachsam-
ple imagel; is divided into Q quadrilateal regions g (Iqt
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having zerosupportoutsidethe quad).Eachquadis warped
to astandardshapg(rectangle)wq (Section2.1).

Q
b= la 2
g=1
lwet = lgt OV (ut, vt)) (3)

Using the algorithmdescribedn section2.1 we thencom-
putefor eachquadrilaterah setof basisimagesBq thatcap-
ture the imagevariability causedoy geometricapproxima-
tionsandillumination changs andthe setof corresponding
blendingcoeficientsyq

lwet = Bayqt + g (4)
wherelq representthemeanimage.To generatenew view
we first estimatethe projectionof the structureSin the de-
siredview (specifiedby motionparameters in Equationl).
Then,texture modulationcoeficientsy arecompute anda
texture correspondingo the new view is blended(Equation
4). Finally the texture is warpedto the projectedstructure
(Equations3,2). Thefollowing sectionglescribehis process
in detail.

2.1. Dynamic textures

The purposeof the dynamictexture is to allow for a non-
geometrybasedmodelingand synthesisof intensity varia-
tion duringanimationof a capturednodel.To illustratehow
motion canbe generatedisinga spatialbasisconsiderntwo
simple examples: 1/ A drifting grating! = sin(u+ at) can
be synthesizedy modulatingonly a sin and cosbasisl =
sin(u + at) = sin(u) coqat) + cogu)sin(at) = sin(u)y; +
coqu)y,, wherey; andy, aremixing coeficients. 2/ Small

image translationscan be generatd by | = lg + g—l'JAu +

& Av. Herethe imagederivatives 9. and 9. form a spatial
basis Below we first extendthis to 6 and8 parametewarps
representingexturetransformswith depth,non-rigidity and
lighting compensatiorHaving shovn generatiely basedn
oneimagethatthesekinds of intensityvariationcanindeed
berepresentedsingalinearbasiswvethendescribéhow esti-
matethis basisfrom actualimagevariability in amorestable
way from the statisticsover long sequencesf images.

2.1.1. Parameterizing image variability

Formally, considermanimagestabilizationproblem.Underan
imageconstang assumptiorthe light intensityfrom an ob-
ject point p is independenbf the viewing anglé. Let | (t)
beanimage(patch)attimet, andly a stabilized(canonicd)
representatiofor the samemage.In generalthenthereex-
istssomecoordinateremappingw s.t.

lw(p) = H(w(p),t) ®)
Hence, lw representghe image from some hypothetical
viewing direction,andw is a function describingthe rear
rangemenbf theray setfrom thecurrentimagel (t) to lw. In
principlew could be found if accuratenodelsareavailable
for thescenegcameraandtheir relatve geometry

In practice at bestan approximatefunction W can be
found, which may be parametegzed in time (e.g.in movie
compressionr pose(e.g.in structurrom motionandpose
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tracking).Below we develop mathematiclly the effects of
thisapproximationin particularwe studytheresiduaimage
variability introducedby theimperfectstabilizationachiezed
by W, Al =1(W,t) — lw. Letw=w-+Af andrewrite asanap-
proximateimagevariability to thefirst order(droppingt):

Al = 1(W+AW) — lw = 1(W) + 21 (W)AW— Iy =
a%v|(W)AW

(6)

The above equationexpressesn optic flow type constraint
in anabstracformulationwithoutcommittingto a particular
form or parametazation of w. In practice,the function w
is usually discretizedusing e.g. triangularor quadrilateral
meshelementsNext we give examplesof how to concretely
expressmagevariability from thesediscreterepresentations
underdifferentcamerageometries.

2.1.2. Structural image variability

Affine Undera weak perspectie (or orthographic)camera
geometry plane-to-plandransformsareexpressedisingan
affine transformof theform:

e[z 2efz] o

Thisis alsothe standardmage-to-imagevarp supportedn
OpenGL.Now we canrewrite the image variability Eq. 6
resultingfrom variationsin the six affine warp parameters
as:

ou ou
6 0 al al da,  Odas T
A|a=2i:la—a|wAai: [W’O_\/] |: ?Z@iﬁ :|A[al...a6]
ay As
(8)

Let {I }giscr = | beadiscretizedmageflattenedalongthe
columninto a vector andlet '«xu’ and’*Vv' indicatepoint-
wisemultiplicationwith columnflatteneccameracoordinate
u andv index vectors.Rewrite theinnerderivativesto getan
explicit expressiorof the 6 parametewariability in termsof
spatialimagederivatives:

a alll O xu O =xv O T
dla= {55 {0 1 0 su 0 ay|DueoYel =
[B1...Bg][y1,---.Ye]' = Baya

9)
where[B; ...Bg| canbeinterpretedasa variability basisfor

theaffine transform.

Projective For a perspectie camerathe physically cor
rect plane-to-planetransformis representedy a projec-
tive homograplg,* 18. Usinghomogeneousoordinatepy, =
[u,v,1]" pointsin two planarsceneviews I; andl, arere-
latedby:

u hy hy hg
[V] =Wh(pn.h)=| hs hs hs | ph=Hp, (10)
A hy hg

Thistransformations upto ascale soin generaH haseight
independet parametes andit canbe computedfrom four
correspondingointsin the two views. Analogouslyto the
affine casewe canrewrite theresultingfirst orderimagevari-
ability dueto the homograpl parameterd), ... hg in terms
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of aspatialderivatives:

Alh:{lz' 1‘”" }'scr:'“: (11)
[B1...Bg|[y1,-.-,¥8]' =Bnyn

Depth compensationWhile commonmeshdiscretizations
model objectsas piece-wiseplanar real world objectsare
seldomperfectlyplanar This non-planaritywill introducea
parallaxerrorin the dependat on the relative depthdiffer-
encebetweenthe true scenepoint and the appproximating
plane.For small depthvariationsthis resultsin small im-
ageplanetranslationsHence,similar to the small coordi-
natetranslationsausedy trackingandmeshgeometrywe
canwrite the resultingintensity variation due to the depth
parallaxby modulatinga linearbasis:

Alg = [Ba1,Baz] Va1, Yaz] " (12)

Non-rigidity We consideronly non-rigidities where the
shapechangeis a function of some measurablequantity
x € R". In this paperwe choosex from poseand articu-
lation parametes. Let g(x) (= [u,V]") representhe image
planeprojectionof the non-rigid warp. We canthen write
theresultingfirst orderimagevariationas:

o= {52 o), -

{15 5] [somma... ;()Ax] )
[B1...Bn][Y1,---.Yn]" = Bnyn

lllumination variation It hasbeenshavn thatfor a corvex
Lambertianobject,the imagevariability dueto differentil-
lumination can be expressedas a threedimensionallinear
basid5 6. For a generalobject, the illumination component
canbeapproximate with alow dimensionabasis.

Aly = [B1...B3]ly1...ys]" =By (14)

2.1.3. Statistical image variability

In areal,imperfectlystabilizedimagesequenceve canex-

pectall of theabove typesof imagevariation,aswell asun-
modeledeffectsandnoiselle. Hence total residualimage
variability canbewritten as:

Al =Als+Alg+Aln+ Al +Ale =
Bsys+ BgYd + Bnyn+ By +Ale = By +Ale

whereAls is eitherAla or Al, dependingon the geoméry
used.Approximationsto Ba andBy, canbe computedrom
imagederivatives (this is usedto bootstraptracking), while
BgYd + Bnyn + By, + all requiredetailedgeometricknowl-
edgeof the scene,cameraand lighting. Note in Eq. 15 its
linearform, whereasetof basistextures,B=[B; ...Bm], are
mixed by a correspondingsetof blendingcoeficients,y =
[y1 ym] To avoid explicit modelingwe insteadobsene
actuallmagevarlablllty from anlmagesequencda( ), which
hasbeerstablllzedusmganapproxmatef sowe now have
a sequencef small variationsAl. We computea reference
imageasthe pixel-wisemeanimagel = M, Liw(t), and
form a zeromeandistribution of the residualvariability as

(15)

i2(t) = lw(t)— 1. Fromthesewe canusestandardPCA (prin-
cipal componet analysis)to computea basisB which cap-
tures(up to a linear coordinatetransform)the actually oc-
curringimagevariationin thetrue B (Eq. 15)

Briefly we performthe PCA asfollows. Form ameasure-
mentmatrix A = [I2(1),...,1z(M)]. The principle compo-
nentsare the eigenvectorsof the covariancematrix C =
AAT. A dimensionalityreductionis achieved by keeping
only the first k of the eigervectors.For practicalreasons,
usuallyk < M < |, wherel is the numberof pixelsin the
texture patch,andthe covariancematrix C will berankdefi-
cient.We canthensave computatioml effort by insteadcom-
puting L = AT A and eigenvectorfactorizationL = VDV,
whereV is anortho-normalandD a diagon& matrix. From
the Kk first elgen/edorsv [Vi...vy] of L we form a k-
dlmensmnalelgenspace of C by B = AV. Using the es-
timatedB we cannow write aleastsquaresptimalestimate
of ary intensityvariationin the patchas

=By, (16)

the sameformat as Eq. 15, but without using ary a-priori
informationto model B. While § captureshe samevaria-
tion asy, it is not parameterize in the samecoordinates,
but relatedoy an(unknawn) lineartransform We arenot ex-
plicitly interestedn § for the rendering but insteadneedto
know how to relatethe estimatedglobal posex to §. This
is in generala non-linearfunction f (e.g.dueto the angu-
lar parametgzation of cameraposein the view synthesis,
Fig. 8, or the non-linearkinematicsin the arm animation,
Fig. 11). To relatethesewe notethattrackingandposefac-
torization(Eq. 23) givesusposegXy, ..., Xm] for all training
imagesin the samplesequenceandfrom the orthogonality
of V we have thatthe correspondlng@dure mixing arethe
columnsof [§1,...,9m] = V. Hence mary standardfunc-
tion approximatio technlquesireappllcableyve usemulti-
dimensionalspline interpolationto estimatef. Comparing
cubicandlinearsplineswe foundthatlinear splinessufice.
During animationthesecan be computedquickly and effi-
ciently from only the nearesheighborpoints.

2.2. Inter pretation of the variability basis

In ourapplicationthegeometrianodelcapturegrossmage
variationcausedy large movementsThe remainingvaria-
tion in therectifiedpatchess mainly dueto:

1. Trackingerrorsaswell aserrorsdueto geometricapprox-
imations(e.g.weakperspectie camerarausehetexture
to be sourcedfrom slightly inconsistentocationsin the
training images.Theseerrorscanbe modeledasa small
deviation Alhy, ..., hg]" in the homograpl parameters
from thetrue homograpy andcausesmagedifferences
accordingto Eq. 11. The weak perspectie approxima-
tions,aswell asmary trackingerrorsarepersistentand
afunctionof objectpose Hencethey will becapturedby
B andindexedin posex by f.

2. Depthvariationis capturedby Eq.12. Notethatprojected
depthvariationalongthe cameraoptic axis changesasa
functionof objectpose.

(© TheEurographic#ssociationandBlackwell Publisher2002.
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3. Assumingfixedlight sourcesandamoving cameraor ob-
ject, the light variationis a function of relative camera
objectposeaswell.

From the form of Equations11 and 12 we expectthat
posevariationsin the imagesequencewill resultin a tex-
ture variability describecby combinationsof spatialimage
derivatives.In Fig.2we comparenumericallycalculdedspa-
tial imagederiatives to the estimatedrariability basisB.

Figure 2: Comparisonbetweerspatial derivatives‘?,'—;(" and

%V/V (left two texture patches)and two vectos of the esti-
matedvariability basis[B1, B»] (right) for housepictures.

In synthesizingexture to rendera sequencef novel im-
agesthe function f modulateghe filter bank B so thatthe
new texture dynamic#ly change with posex accordingto

2.3. Geometric model

Thereareseveraltechniquedor estimatinggeometricstruc-
ture from a set of images.Most of the methodsassumea
static sceneand estimatethe structurefrom a setof corre-
spondingmagepoints.Dependingpnthecameranodeland
calibrationdatathe estimatednodelcanvary from aprojec-
tive, affine to a metric or 3D Euclideanmodel. For a few

images,underperspectie projectionassumptionthe struc-
ture can be determinedusing epipolargeometry(two im-

ages)or trilinear tensor(threeimages)* 14. In the caseof

video,i.e. long motion sequencesnethodswhich utilize all

imagedatain a uniform way are preferred.Suchmethods
recover affine 19 20.13 or projective 17 structureusingfactor

ization approache. Anotherapproachto this problemis to

startwith aninitial estimateof the modelandrefineit using
sampleimages!é 3.

For adynamicsceneor a nonrigid objectthe problembe-
comesmuchmorecomplicaed.A solutionis to decompose
the sceneinto rigid, static componentsand estimateeach
structureseparatelyBregler 1 proposeda generalizéion of
the Tomasi-Kanaddactorizationusinglinear combinations
of asetof estimatecasisshapes

We proposeheretwo structure-from-motioralgorithms.
Thefirstoneassumesigid objectsandestimatesmetricge-
ometryof the sceneusinga modifiedversionof the Tomasi-
Kanadefactorizationalgorithm19, Thesecondalgorithmes-
timatesthe 2D geometryof anarticulatedarmassumingm-
ageplanemotion.

2.3.1. Metric structure under weak perspective
assumpton

A generalstructure-from-motioralgorithmstartswith a set
of correspondindeatures(point, lines, line segments)in a

(© TheEurographic#ssociationandBlackwell Publisher2002.

sequencef imagesof a sceneor objectand recoversthe
world coordinateof thesefeaturesandthe positionsof the
cameragrotationandtranslationyelative to this representa-
tion undersomeviewing constraint§seeFigure3). Thecor
respondindeaturesanbeestablishedisingtracking,corre-
lation algorithmsor by manualselectionin themostgeneral
casea 3D Euclidianstructureis estimatedassumingprojec-
tive model of the cameraThesealgorithmsrequireprecise
calibrationof the cameranumerouscorrespondindeatures
andarein generalhighly nonlinearand sensitve to track-
ing errors.Assuminga more simplified model of the cam-
era (ortographic,weak perspectie or paraperspeacte pro-
jection4 14.13) the problemis linearizedandanaffine struc-
tureof thescends estimatedisingfactorization Usingmul-
tipleimagesallowsfor stablesolutionsdespiterelatively few
trackedpointsandtypical trackingerrors.

tracked points

poses

structure
Structure * & )
from motion
algorithm
L

Figure 3: A geneal structue from motion algorithm ex-
tractsthe structue and camean posesfrom a setof tracked
points.

Here we have usedan extensionof the Tomasi-Kanade
factorizationalgorithni® for weak perspectie camerapro-
jection modelsimilar to WeinshallandKanadé®. First, the
algorithmrecoversaffine structureérom asequencef uncal-
ibratedimages.Then,arelationbetwee the affine structure
andcamea coordinats is establishedThis is usedto trans-
form the estimatedscenestructureto an orthogonalcoor
dinateframe.Finally, usingsimilarity transformsexpressed
in metric rotationsandtranslationsthe structurecanbe re-
projectedinto new, physically correctposes.Sincewe use
only imageinformationour metric unit of measuras pixel
coordinatesWe next describea moredetailedmathematical
formulationof the problem.

Affine structur e from motion Underweakperspectie pro-
jection, a point P; = (Xi,Yi,Zi)T is relatedto the corre-
spondingpoint pij = (un,vti)T in imageframel(t) by the
following affine transformation:

Ui = i{ Pi +a

Vi = sij{ Pi + by
whereit andj: arethe componets alongthe camerarows
andcolumnsof therotationR; , & is ascalefactorand(a, bt)
arethe first componentd1; of the translationt; (R andtt
aligns the cameracoordinatesystemwith the world refer
encesystemandrepresentthe camergpose).

17

Rewriting 17 for multiple points (N) tracked in several



Cobzas,Yerex, Jagersand/ Dynamictextures

frames(M)
W = RP+1t1 (18)

whereW is a2M x N matrix containgmagemeasurements,
R representdothscalingandrotation,P is theshapeandtl
is thetranslationin theimageplane?°.

If theimagepointsareregisteredwith respecto theircen-
troid in the imageplaneandthe centerof the world coordi-
nateframeis the centroidof the shapepoints,the projection
equationbecoms:

W = RP where W =W —t1 (19)

Following 19, in the absencef noisewe have rankW) =

3. Undermostviewing conditionswith arealcameraheef-
fective rankis 3. Consideringhe singularvaluedecomposi-
tion of W = 0120, we form

R=0]

P=3'0, (20)
where0},3’, 0, arerespectiely definedby the first three
columnsof O, thefirst 3 x 3 matrix of Z andthefirst three
rows of O, (assuminghe singularvaluesareorderedin de-
creasingorder).

Metric constraints The structureand cameraposereco/-

eredusingthe factorizationalgorithmis in an affine frame
referencesystem.To control the new positionsof the ren-
deredimagesin a metric referencesystemthey needto be
mappedo anorthogonakoordinatédramewhichin ourcase
is alignedwith thepixel coordinatesystenof thecameraow

andcolumn.

The matricesk and P are a linear transformatiorof the
metric scaledrotationmatrix R andthe metric shapematrix
P. More specificallythereexist a 3 x 3 matrix Q suchthat:

R=RQ
P=Q P
Q canbedeterminedy imposingconstrainton thecompo-
nentsof the scaledrotationmatrix R:
i1 QQ"i =T QQ"t (=) 22)
iTQQ"jt =0 te{1.M}

whereR = [i1---imj1---jm]" The first constraintassures
thatthe correspondingows s it , ajtT of the scaledrotation
Rin Eg. 18 areunit vectorsscaledby the factors. andthe
secondequationconstrainthemto orthogonalvectors.This
generalize 1° from an orthographicto a weak perspectie
case.Theresultingtransformatioris up to a scaleanda ro-
tation of theworld coordinatesystem.To eliminatethe am-
biguity we align the axis of the referencecoordinatesystem
with thefirst frameandestimateonly eightparametesin Q
(fixing ascale).

(21)

To extract poseinformationfor eachframe we first esti-
matethe scalefactors androtationcomponents andjt by
computingthe normof therows in R thatwill representhe
scalefactorsandthennormalizingthem.Consideringhatit
andjt canbeinterpretedastheorientationof theverticaland
horizontalcamea imageaxesin the objectspacewe com-
putethedirectionof the camergprojectionaxiskt = it x jt.

We now have a completerepresentatiofor the metric rota-
tion thatwe parametrizewith Euleranglesrt = [k, 6, §t].
Eachcameraposeis representedby the motion paramete
vector

X = [re, s, by (23)
Thegeometricstructureis representetly
S=pP (24)

andits reprojectiongivena new posex? = [r,s, a,b] is esti-
matedby

[u,v] = G3(S*,x*) = sRr)S* + { E } (25)

whereR(r) representghe rotation matrix given the Euler
angles.

2.3.2. Planar motion of a kinematic arm

Oneway to estimatethe shapeof a nonrigid objectis to de-
composeit into rigid partsand usestandardstructurefrom
motionalgorithmsto estimatethe geometryof eachcompo-
nent.They have to be laterunifiedinto acommonreference
frame using additionalconstraintgfor examplekinematics
constraints)An interestingsolution,proposedy Bregler 1,
approximates non-rigid objectby a linear combinationof
asetof estimatedasicshapes.

As anillustration of this ideawe estimatedhe geometry
of anarmassuminghemotionis parallelto theimageplane,
sothe problembecomeplanar Knowing the positionof the
palm(hy, hy), shoulder(sy, s,) andthelengthof thetwo arm
s@mentsay, ay, the position of the elbow (ey,ey) canbe
estimatedusinginversekinematicsequationgfor a two link
planarmanipulator(seeFigure5)

)

sy

Figure5: Armkinematis

ey =a1c091 +Su
ey = aycoP; + Sy (26)
where
Bi=0-y
@=atan2(hy — sy,hu — su)
¥ = atan2(aysindy, a; + a;coH,) 27
0, = +2tan ! (2a+8)%— (NE+h5)

(R3+h2) —(a1—a2)?

In practicewe tracked the shoulderandthe palm andcom-
putedthe positionof theelbav usingtheinversekinematics
formulas26,27.The lengthsof the two links are estimated
from a subsefof trainingimagesusing manualselectionof
the elbaw joint. Assumingthe shoulderis not moving we
estimateits position (sy,sv) by averagingthe valuesof the

(© TheEurographic#ssociationandBlackwell Publisher2002.



CobzasYerex, Jagersand/ Dynamictextures

Resolution:2 3

Figure 4: Approximationto homaraphicwarpingin Open@. with subdivisionat differentresolutions

tracked shoulderpoints. Therearein generaltwo solution
for theelbow joint but we keptonly theonewith positive 8,
thatproducesa naturalmotion of thearm.

Figure 6: Quadrilaterals definedon the wire framearm to
enclosehearm texture

For texture mappingthe arm we definedthreequadrilat-
eralsthatfollow thewire frame(sy,sv), (eu, &v), (hu, hy) (see
Figure6). They have a uniquerepresentatiorgk giventhe
geometryof the two link wire frame. We can expressthe
geometryof thearmas

é( = [a17a27SU78V7w (28)

wherey representshe parametersf heuristicshapewe im-
poseon the wire framearm. The motion of thearmis con-
trolled by the positionof the palm

X< = (hu,hv) (29)

3. Implementation

OursystenrunsentirelyonconsumegradePCsusinglinux
andotherfreesoftwarepackayes.Forthetrackingandmodel
capturewe usea Pyroieee1394vebcaminterfacedto linux
on a patched?2.4.4 kernel and using public ieee1®4 digi-
tal video librariesfrom www. sour cef or ge. net . Video
capturetrackingandgeometryanalysisareimplemente as
separaterocessesising PVM (Parallel Virtual Machine).
The systemsused for both capturing and rendering are
1.4 GHz machine with the hardware renderingrunningin
OpenGLonanNVidia GEForce2chip set.

(© TheEurographic#ssociationandBlackwell Publisher2002.

3.1. Algorithm

Training data We useXVision® to setup a video pipeline
andimplementreal time tracking. To initiate tracking, the
userselectsa number(abouta dozenor more)high-contrast
regionsin theimagewith themouse Thesearegrabbedand
tracked by estimatingimagevariability y in Eq. 9 from the
input video images.Most scenesare difficult to tile fully
with trackableregions, while it is possibleto succesfully
track small subpartsFrom trackingwe extractthe first two
parametergrom y, representingmageplane position,and
usethesepointsto form large quadrilateralover the whole
sceneFromthesequadrilateralsexturesaresamplechtrates
from 2 to 5 Hz, while thetrackersrun in the backgrouncht
about30Hz (for upto 20 traclers).

Geometric Model We estimatethe geometryreprojection
functionG basednthesamplesrom thetrainingdatausing
oneof thetechniqus describedn section2.3.

Dynamic Texture

1. Warp eachpatchlq(t) to a standardshapelwq(t) using
warping function YW (Equations7 or 10). The standard
shapeis chosento be squarewith sidesof length 2" to
accomnodatehardwareacceleratd rendering(see3.2).

2. Form a zeromeansample,and performthe PCA asde-
scribedin section2.1. Keepthe first k basisvectorsBy,
andthe correspondingoeficients for eachframein the
trainingsequencegq(t).

New View Animation

1. Foreachframein theanimationcomputethereprojection
[u,v] from the desiredoosex asin Equationl.

2. Calculatetexture coeficierts yq for eachtexture by in-
terpolatingthe coeficientsof the nearesneighborsrom
thetrainingdata.

3. Computethe new texturesin the standardshapeusing
Equation4 and rewarp the texturesonto the calculated
geometry(Thesetwo operationsare performedsimulta-
neouslyin hardwareasdescribedn the next section)

3.2. Hardware Rendering

Texture Blending To renderthe dynamictexture we usethe
texture blending featuresavailable on most consumer3D
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Figure 7: Housesequencanimatedat differentviewpoints( deviation of about10° fromthe original samplemages)

graphicscards.Therenderinghardwareusedis designedor
texturescontainingpositive valuesonly, while thespatialba-
sis, Equation16 is a signedquantity We rewrite this asa
combinationof two textureswith only positive componats:

lwa(t) = B yq(t) — By ya(t) +Iq

Where B{f containsonly the positive elementsfrom Bq

(and0 in the placeof negative elementsjand By contains
the absolutevaluesof all negative elementsrom Bg. Then,
beforedraving eachbasistexture, the blendingmode can
be setto eitherscaleby a coeficient andaddto the frame
buffer, or scaleby a coeficient andsubtractfrom the frame
buffer (dependingnthesignof thecoeficient). A new view

is renderedasin thefollowing pseudocode:

}or(each q)

/1 draw t he nean
Bi ndText ur e(lq) ;
Dr awQuad(g) ;

/1 add basis textures
for(each i)

Set Bl endCoef fi ci ent (|yqi(t)]);

Bi ndText ur e( B&);

i f (yqi(t) >0) Set Bl endEquat i on( ADD);
el se Set Bl endEquat i on( SUBTRACT) ;
Dr awQuad(q) ;

Bi ndText ur e( B(;) ;
i f(yqi(t)>0) SetBl endEquati on( SUBTRACT) ;
el se Set Bl endEquat i on( ADD) ;
Dr awQuad(q) ;
}
}

Implementingextureblendingin thisway, thearmexam-
ple (with threequadrilateralaising100 basistextureseact)
eachcanberenderedit 18Hz,whereasanothetimplementa
tion which blendstexturesin softwarebut still usesOpenG.
to performtexture mappingcanrenderthe sameanimation
atonly 2.8Hzonthesamemachine.

Warping Thewarpingusedin hardwaretexture mapping
is designedor 3d modelsand(for correctperspectie warp-
ing) requiresa depthcomponentor eachvertex. The way
we currentlyform our normalizedquadsthereis no consis-
tent3D interpretationof the texture patchessowe use2D-
2D planarwarps,andfor these the hardwareperformsonly

affine warping,whichis sufficientin the caseof thearmex-

ample . However, in the structurefrom motioncase sincewe
do not have an exactmodel,our methodusesplanarhoma-
graphieqEg. 10) to presere perspectie texture projection.

Theseareapproximate by applyingthe affine warpto sub-
divided regions. Eachquadrilater&is first subdvided in a
uniform grid in texture space.Theseverticesare thenpro-

jectedto imagespaceusingthe homograpk warpingfunc-

tion, and eachof the smallerquadrilateralss renderedin

hardwarewithout depthvariation.By increasinghe resolu-
tion of thesubdviding meshtheaccurag of theapproxima-
tion canbeincreasedseeFigure4).

4. Experimental results

Figure 9: Geometricerrors on the housesequenceTop:
Rendeedimagesusingstatic (left) and dynamic(right) tex-
turesrespectivelyBottom:Detail showingthe geometricer-
rors.

We have testedour methodboth qualitatively and quan-
titatively by capturingvariousscenesand objectsandthen
reanimatingnew scenesandmotionsusingdynamictexture
rendering.Here we presentthe renderingsof a toy house,
a flower andthe animationof non-rigid articulatedmotion
from ahumanarm.

Many man-madesrnvironmentsarealmostpiece-wisepla-
nar However, insteadof makinga detailedmodel of every

(© TheEurographic#ssociationandBlackwell Publisher2002.
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Figure 8: Flower sequence(left most)Oneof the original imagesandthe outline of the quadrilateral patches

surface, it is more corvenient to model only the large ge-
ometric structure,e.g. the walls and roofs of housesand
avoid the compleity of the details, e.g. windows, doors,
entry ways, trim, eavzesandothertrim. Figure 7 shavs the
renderingof a toy housein differentposes.To capturethe
modelarealtime videofeedwasdisplayedandthe userini-
tialized SSDtrackershy clicking on severalhousefeatures.
The housewasturnedto obtainseveral sampleviews. The
motionrangein onecapturedsequencés limited in ourim-
plementationsince eachmarked tracking target hasto re-
main visible. To obtain a large motion rangetwo separate
sequencewerepiecedtogethetto generatd=ig. 7. A total of
270examge frameswereusedto computeatexture basisof
size50.

The geometryusedin the housesequencenly coarsely
captureshescenggeometryln corventiond renderinghese
errorswill bevisually mostevidentasashearatthejunction
of meshelementsseeFig. 9 left. Compareto the oneren-
deredusingthe dynamictexture (right), wherethe dynamic
texture compensatefor the depthinaccurag of the mesh
andalignsthetextureacrosgsheseam.

Unlike man-madescenesmostnaturalervironmentscan-
not easily be decomposednto planarregions. To put our
methodto test, we captureda flower using a very simple
geometryof only four quadrilateralsThis causesa signif-
icant residualvariability in the texture images.A training
sequencef 512 sampleimagesfrom motionsx with angu-
lar variationof r = [40,40, 10| degreesaroundthecamerau-
v- and z-axis respectiely. A texture basisof size 100 was
estimated and usedto renderthe examplesequencgseen
in Fig. 8. We also captureda movie (f | ower . npg) that
shaws the reanimatiorof the flower.

As an exampleof a non-rigid objectanimationwe cap-
turedthe geometryof anarmfrom the tracked positionsof
the shoulderandhandusingimage-plananotions(seeSec-
tion 2.3.2).We recordeda 512 sampleimagesandestimate
atexturebasisof size100.Thearmmotionwascodedusing
theimagepositionof thehand.Figure11 shavs someinter
mediatepositionreanimatedisingthedynamictexturealgo-
rithm. To testthe performancef our algorithmwe generate
parallelrenderingsusingstatictexture. To beconsistentvith
thedynamictexturing algorithmwe sampledexturefrom an

equallyspacedlO0imagessubseif the original sequence.

Figure 10 illustratesthe performanceof the two algorithms
for re-generatingne of theinitial positionsandfor a new
position. We also createda maovie (ar m npg) that reani-
matesthearmin thetwo casesNotice the geometricerrors

(© TheEurographic#ssociationandBlackwell Publisher2002.

Figure 10: Geometricerrors on arm sequence(top) Ren-
deringsof a new positionusingstatic and dynamictextures
respectively(bottom)Rerenderingsfor oneframefromthe
training sequenceisingstaticand dynamictextures.

in the caseof statictexture algorithmthat are correctedby
thedynamictexturealgorithm.

15
—— Static texture
5 10t - - - Dynamic texture |
s 9
0 .
0 5 Time 9 13 15

Figure 12: Intensitypixelerror in therendeedimages(com-
paredto original image)

To quantify the geometricerrorsfor our dynamictextur-
ing algorithmcomparedo a classictexturing algorithmwe
took imagesof a patternand then regeneratesomeof the
original positions.We recordeddifferencesin pixel inten-
sitiesbetweenthe renderedmagesand original ones(Fig-
ure12). Noticethattheerrorwasalmostconstantn thecase
of dynamictextureandvery uneven in the caseof statictex-
ture. For the statictexture casewe usedframe0,5,9,13for
sourcingthe texture (consistentvith usingthreetexture ba-
sisvectorsin thedynamiccase)sois expectedthatthe error
dropsto zerowhenreproducingheseframes.Themeanrel-
ative intensityerrorwas 1.17%in the caseof statictexture
and 0.56% in the caseof dynamictexture. Thereare still
someartifactspresentn the reanimationmainly causedby
the impreciseestimatedgeometricnodel. An improved so-
lution would beto automatially estimatea non-rigidmodel
from tracked points(similarto Bregler1).
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Figure 11: Armanimation

Verticaljitter
1.15
0.52

Horizontaljitter ||
0.98
0.71

Statictexture
Dynamictexture

Table 1: Average pixeljitter

Forananimationthereareglobalerrorsthroughthewhole
movie thatarenotvisiblein oneframebut only in themotion
impressiorfrom thesuccessioof theframes Oneimportant
dynamic measuremenis motion smoothnessWhen using
statictexturewe sourcethetexturefrom a subsebdf theorig-
inalimagegk+ 1if kis thenumberof texturebasis)sothere
is significantjumpingwhenchangingthe texture sourceim-
age.We tracked a point througha generatedsequencdor
the patternin the two casesand measurghe smoothnessf
motion.Tablel shavs the averagepixel jitter.

5. Discussion

We defineda dynamictexture, and shaved how to usethis
to compensatéor inaccura@sin acoarsegeometrianodel.
With arelaxedaccurag requirementye shav how to obtain
a coarsescenemodel using a structure-from-motioralgo-
rithm on real-timevideo. Using the model, rectifiedtexture
patchesareextracted,andthe residualintensityvariationin
thesds analyzedstatisticallyto computea spatialttextureba-
sis.In renderingandanimationnew imagesis generatedy
modulatingthe texture basisandwarpingthe resulting,time
varying texture onto the image projectionof the geometric
modelunderthe new desiredpose.

An advantageof our methodis that all stepsin model-
ing andre-renderingcan be donewith just an uncalibrated
cameralweb cam)andstandardPC, insteadof needingex-
pensve 3D scannersThis alsoavoidsthe cumbersomeeg-
istrationneededo align a 3D modelwith cameramages.

Current graphicscards have texture memory sizes de-
signedfor cornventional static texturing. In our application
we useatexturebasisof 10-100elementswhichallowsonly
one objectof the type we shavn to be renderedat a time.
We plan to investigate ways of partitioning the texture ba-
sissothatonly a subseis neededor eachview, andadding
a swappingstrat@y to move texturesbetwea graphicand
mainmemoryaspredictedby the currentmotionbeingren-
dered Thiswe hopewill extendourcapabilityto captureand
renderfor instancenot only anarm, but awhole upperbody
of ahuman.
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