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Abstract

We descibe a new appioachfor creatng concise highHevel gener
ative modek from rangeimagesor other approximate represené-
tions of real objects. Using data from a variety of acquisition tech-
niguesand a userde ned classof modek, our mehod producesa
compactbbjectrepreserdtion thatisintuitive andeasyto edit. The
algorithm has two inter-related phases: recognition, which chooses
anappopriate modelwithin auserspeci ed hierarchy, and param-
eter esimation, which adjusts the modelto best tthedat. Since
the approach is model-base, it is relatively insensitive to noiseand
missirg data. We describe practical heuristics for automatically
making tradeofs betweensimplicity andaccurag to sekectthe best
modelin agiven hierarchy We aso descrbe ageneralandef cient
technique for optimizing amodel by re ning its constituent curves.
We demongtate our appoachfor model recovery using both real
andsyntheic data andseveral genegtive modelhierarchies.

CR Categories: 1.3.5 [Compuer Graphics: Ob-
ject Modeling—Curne, surface,solid, and object represerdtions,
Objecthierarches, Splines;|.4.8 [Image Processig and Compuer
Vision]: Scene Analysis—Obect Recognition, Suface Fitting

Keywords. Genestive Models, Rangel mages Curves and Sur-
facesProceduraModeling

1 Introduction

It hasrecenly becomefeasble to acquie reasonalyl accurag¢
point-clouds or range data from 3D objecs [5, 26]. For graph-
ics applicaions, thesepoint-clouds are usualy transbrmed into
polygonal mesheqd5, 12], or spline patches[14]. However, these
appoacheoften provide anunintuitive represendtion thatis dif -
cult to manpulate oncegenerted. In addition, a large amountof
datis required since the meshesusualy contain thousandf tri-
angks. For modelng mary man-madeobjecs, generative modek
proposedby Snyder [21, 22] provide an attracive aternative. A
genedtive modelis a genedlizaion of a sweptsuifacein which
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Figure 1: Geneative modelsrecovered from actual range data. Objects
were scannedindividually modeledusing our algorithm, thencomposdin

this scenewith arti cial color and shading A smooth compactrepresen-
tation was generated for eadh objectfrom a few simplemodelhierarchies

degite noisy andincompletedata. See gur e 7 for a compaison of range
dataandrecosered models

the genenting curve canbe coninuousy transbrmed by one or
morearbitrary curves. For insiance,a bananaike shapeis spect
ed parameticaly by transhting a cross-se¢on while scalng and

rotating it. The cross-setion, saling function, and rotation are
all descrbed by curves. The modekd objectis anayticaly repre-
sened by atree of opeetors that providesa logical desciption of
its structure. Designerscaneasly constuct, examine, andmodify
suchamodel

We descrbe a methodfor inverting this procesgo recover gen-
erative modek from rangedai or other approximate represend-
tionsof objectgeomety. This method requires the userto specfy
auniverse of possble object by providing ahierarchy of shapeop-
erators de ning a classof genegtive modek. Givena userde ned
hierarchy suchasthe onesshown at the bottom of gure2 and
in g ure 8, the systamn automatically sdects a parametric model
within this hierarchy, and adjusts its parameters to best match data
acqured from an actual object Several modek recovered in this
way are shown in gure 1.

Our approachfor model constuction hasa numberof bene ts:

Simplicity: Range data may be obtained by several metods,
including the shadowappioachof Bouguetand Perona[2], that re-
quiresonly alamp, penci and checlerboardapartfrom thecamera.

Robustness: By exploiting redundanciesn the data, accurate
modek can often be recorered from incompkte and noisy daia
Our modetbasedapproachisthusmuchlesssensiive to noisethan
meshcreaton. Many of our exampksuseonly onenoisy andin-
compkte rangeimage,while creaton of apolygonmeshgeneslly
requresmary accura¢ andproperl aignedrangeimages.



=

shadow method

.:mumu"“":‘.)mm]

mechanical probe

3D point cloud

shape” depth ™ bend

generative

il R

:'|."ll‘.)m
il L
structured light laser scanner

3D point cloud acquisition

model hierarchy

model
model
recognition
parameter
estimation 1
N

construction of L]
generative model

curve editor modified object

Figure 2: Ovewiew of generative model creation. Thealgorithm takesrange datain the form of a point-cloudanda geneative modelhierarchy asinput. An
appropriate modelis thenchosen, and parametes are optimizd to outputan accurate and concig genemtive modelthat cansubsequentlybe edited.

Compactness: Geneative modek provide a concie represen-
tation; we needonly store analgebmic modeldesciption, andcon-
trol points of the models parametic curves. This represenétion
canbeorders of magntudesmaler thanatriangle mesh.

Intuitiveness: Sincethe modelis expressedn tems of pama-
metic curvescorrespondng to logical feauresof the object it is
easyto undestand, manpulate, andedit.

Related Work

Many methodshave beenexplored, especally in compuer vision,
for recovering object shapefor speci ¢ primitives such as gener
alized cylindess [1, 15], supequadics [16, 23] and blended de-
formable modek [7]. TerzopoubsandMetaxas[24] have proposed
a compuational physics framework for shaperecovery in which
globaly deformed supeguadics model coarse shapeandlocal de-
formatonsadd nedetil. Supequadics have also beenusedfor
model-based segmentation [9, 11], and for recognition of “geons’
using relationshps betveensupequadic paameters[19, 27]. De-
Carlo and Metaxas[8] introducedshapeevol ution with blending to
recover and combine supequadics and supetoroidsinto auni ed
model Debevec et a. [6] consteredarchiecural scenesanddevel-
opedasysemfor recovering polyhedial modek from phobgraphs.

Our approachis somavhatmore genedl thanthesepreviousal-
gorithms in that it is based on a general usa-speci e d generative
hierarchy rather than a particular parametric model. This allows
aubmaic constuction of more complex andvaried shapeswith-
out sggmengtion, thanis possble with current compuer vision al-
gorithms. Further, mary standad primitives usedin compuer vi-
sion can be recovered using our metod since geneative modebk
are a superset of traditional shaperepresendtionssuchasglobaly
deformed supeguadics, straight homogeneougenedizedcylin-
ders, and blendeddeformabk modek, all of which have beenre-
covered using our sysem. Our metodis also aubmaic, with no
userintervenion requred. However, modelspeci c algorithms,
espedilly thosethatallow userintervenion, may out-perform our
algorithm on the shapes to which they apply by exploiting model-
speci ¢ information. Forinsiance,by constering only polyhedial
modek, and having the usermanualy specfy the edgesof interest
Debevec et al. [6] are able to work with only phobgraphs,while
we require rangedat.

This paper deals primarily with shepes represented by a sin-
gle generaitve model At presentwe do not addlocal detil [24],
nor addiessautomatc modetbasedsegmenttion [8, 9, 11] or im-
ageinterpretation [3]. However, our results suggesthat genestive
modek may be useiul for thesetasksin lieu of supequadics or
genedlizedcones.

In contrastto someobjectrecognitionmethods[19, 27],which
estmate speci ¢ modelparamegrsto classfy anobjectasamem-
ber of some class, our mehod rst deermines which degreesof
freedomin the model hierarchy are most suitable for the acquied
dat, andthenre nesthe assocated paramedys.

Recentwork on simplifying polygonal meshessharesone of
our objecives—providing a more compactrepresenétion. For ex-
ampk, Hoppeet al. descibe technjuesto optimize mesheq13],
while Eck and Hoppe[10] andKrishnamuthy andLevoy [14] t
spline surfaceso densemeshesHowever, mesh-basethethodsdo
notyield compacthighdevel modek.

The restof this paperis organzedasfollows: Secion 2 gives
anoverview of our algorithm and descibesour framework for re-
covering the appropriate model within a use-speci e d hierarchy.
In secton 3, we discussour methodsfor optimizaion. Secion 4
briey outlines the various models used in our tests. In section 5,
we discussour results andsecion 6 presens our concusionsand
direcionsfor future work.

2 Algorithm Framework

In this section, we give a high-level overview of the entire algo-
rithm, picturedin gure 2, and descibe our method for automai-
caly choosihg theappoopriate genestive modelfrom within auser
den ed class. This is essaitially a recognition task as it requires
the measued da@&to be classi ed as oneof the modek in the user
speci e d hierarchy. The recognition process is based on a smple
tradeof betweenaccurag andsimplicity. For ef ciency, a greedy
algorithm is employed that starts with the smplest model in the
input hierarchy, and then considers more complex modes at the
next level in the hierarchy. The system selects the model provid-
ing thegreaestbene t, andrepeastheprocessn agreedyfashon,
moving throughthe hierarchy from simple to more complex mod-
els. The processstops when none of the more complex modebk
signi canty improves the accurag, or the mostcomplkex modelis
reachedAlthoughthe rstmodelthatis ttothedatistrivia, the
algorithm thenboostrapsitsdf by using information obtained in



ttin g previous models, improving at eachstage until an accuate
and suitably complex model isrecovered. For illustraive purposes,
we will often referto the speci ¢ hierarchyshown atthe bottom of

gure 2 andon theleft of gure 8, which isinspired by the spoon
modelcreatdby Snyder[21, p. 83].

The model hierarchy hasseveral levels. For our classof mod-
els, the root nodeof the hierarchy is level zero, which consgts of
a“half-cylinder” with two global parameters controlling width and
deph. This object esseritlly de nesa bounding volume for the
data. Deeper levels consist of re ni ng oneor more of the param-
eters by representng themas curves inseadof global values. In
general onecurve is addedat eachlevel so the numberof curves
corresponddgo thelevel. For exampk, the edgeto the “depth” node
in gures2 and 8 correspondsto re ni ng the depth parameter by
represeniing it as a curve. The hierarchy canalsobe thoughtof as
a tree; going from parent to child corespondsto adding a single
cune. Forinstnce,the root is the parent while the model with
re neddeph isthechild. The tree representation implies an order
in which curves are added. The curve providing the mostbene t
is added rst, anda child nodeinheritsinitial parametelestimates
from optimizedresults for the parent node.

Input tothe System: Pat of specfying themodelhierarchy is
to suppl funcionsthat pefform the following tasks.

Initia | Guessfor Root Model: Starting valuesmustbe sup-
plied for the parameers of the root model which typicaly
consists of a simple primitive object. The initial values for
both the intrinsic parameers and the extrinsic pammeters
(translation, rotation, and scale) of the root model may be
very crude,sincethey merely provide astarting point for sub-
sequentre nementand optimizaion. Palametr estimates
for more complex modek are obtained automatcaly from
thoseof the parent modelin thetree.

Model Evaluation: A funcion must be supplied to evalu-
ate any modelin theinputhierarchy at givenuv-paramegrs.
Ef c ient routines can be automatically generated from an a-
gebiaic modeldesciption.

Curve Constraints: The model hierarchy may optionaly
contin additional constaints on the curves in the nal
mode| suchas xing their values at speci c points, or
penaty terms to ensuee, for insiance, that a particular curve
remains postive everywhere.

This information is encapsuated as usa-supplied functions along
with the codethatde nesthe modelhierarchy. Thus,thealgorithm
may proceedwithoutary manualuserintervention.

A summay of our algorithm is shown in gure 3. Below, we
discusseachstep in detil. The readermay wish to refer to the
resultsin gure 8 andtheleft of gure 9 for examples of applying
the algorithm.

Stepl. AcquireRangeData: We have usedanumberof dif-
ferent methodsto acquie rangedat&afor ourexpetimens, including
two structured light techngues—a method which usesa sequence
of alternating dark and light paterns projecedonto the object[25],
andthe highly portable method descibedby Bouguetand Perona,
in which shapeisinferred from the shadev of arod sweptover the
object[2]. We have alsouseda mechantal probeandalaserrange
scannerThisvariety of sourcesdemonstatesthat our algorithm is
amenabldo awide assortmenbf dataacquisitionmethods.

Overview of the Algorithm

1. Acquire range data and
supply a model hierarchy.

2. Set current model to root node
of hierarchy, optimize parameters,
and calculate error.

!

3. For each child of current model,
optimize parameters, calculate
error, and compute total cost
accounting for model complexity.

4. Is the total cost of any ) Yes | Set current model
child less than that of to child with minimal
the current model? total cost.

5. Further refine the curves and
impose all curve constraints.

!

6. Add smoothness constraints
and optimize.

Figure 3: Overiew of the algorithm with the greedyalgorithm used for
recaynition highlighted.

Step 2. Fit toroot model:

Initialize: Let denote our current model—initially the root
nodeof the hierarchy. Therootnodes intrinsic and extrinsic
parameters areinitialized using a user-speci e d function.

Optimize: An erra-of-t function is compued basedon
the spatial deviation between the data and the model as de-

nedin equaion 4. Optimizaion is usedto adjust the root
nodeto minimize the error-of- t. Details are givenin the
next secton.

Cost: After minimization, isusedio compuethedeviaton
D which represens the RMS distance betweenmodel and
dataas den ed in equation 5. The total cost C is initialized
to this deviation.

Step 3. Fit children to Data: For eachchild of the current
model , denoedby ;( ), we calculate the deviation D ( ;) after
optimization. For instance, if = root, the childrenare 1 =
shape; 2 = depth; 3 = bend. Wethencalculate a costfuncion
for eachchild:

C(i)=D(i)+4(i) (1)

where4 is a penalty for model complexity. We usea very sim-
ple but effecive heuiistic to assesgshe complexity of a modet
4 (N) = NQ whereN is the level in the hierarchy of a speci ¢
modeland Q is a constant that allows the use to control the trade-
off betweensimplicity andaccurag.

In progressing from the curent model toachild , weadda
single curve. The enire processis explainedin detail with results
in subsedbn 3.3 oncurvere nement Thestepsare:



Initia lize: Initial parameter estimatesfor aresetto param-
eter values of its parent . The new curve to be addedis
initialized to a constant inherited from , and contol points
are addedat theends.

Optimize: A rst optimization step yields a coarse curve
estmate. In all optimization steps,al modelparamegrsare
simultaneousy varied to minimize the objecive funcion in
equaion 4.

Rene: A fewinteriorcontol pointsareaubmaicaly added
basedon theheuistic de nedin equaton 16.

Optimize: Optimization is repeated with the additional con-
trol points added, which improves the quality of the new
model

Cost: We compue the deviation D using equaton 5 asin
step2, anduseequaion 1 to compue thetotal costof

Step4. Reset . The previousstagecalculated thecostfuncion
for all the children of . If the child with lowestcostC( i( )) has
alower costthan , we make it thenew best t( = ) andgo
backto step 3. Otherwise, exit to step5.

For ef cieng/, we usea greedy algorithm to choosethe best
model We consder only thedescendastof the curent model to
choosethe next model Conversely, anodeis consteredonly if it
islinked to thebestguess atsomepoint. Thus,curves are added
in orderof impoitance,with the onereducing theobjeciive funcion
the mostadded rst. This appioachworks bestwhena patticular
curve is cleaty more important than other choices,or whencurves
may be re nedin any orderwith similar resuts. In caseswhere
two curves producesimilar resuts eaty on, but one branchlater
proves to be cleaty superor, a more exhausive seach algorithm
with backtracking would achieve better results.

Steps 2-4 constitute the Recognition Phase of the algorithm
whete an appropriate modelis choserby idenifying a path through
the model hierarchy asshavn in  gure 8. The goalis to quickly
chooseheappopriate modelin thehierarchyi.e: toidenify which
cuvesanddeformationsare required to modelthedat. Sincethis
procesamerely chooses suitable model it isappopriate to repre-
sentthe curves at a coarsdevel of detail. However, sincewe wish
to eventally recover an accuraé  nal mode| we furtherre nethe
“recognzed” model in the next step.

Step 5. Re ne curvesfurt her and add curve constraints:

Rene: Usingthe heutistic in equaton 16, contol points are
aubmaicaly addedwher necessatr More control points
are addedthanin the rene phaseof step 3 above, as this
alows the curve to be represented at a n er resdution; the
numberof control points usedis given by equaion 19.

Curve Constraints: We thenadduserspeci ed constaints
tothecurvessuchas xingthe valuesat theendpoints. Typ-
icaly, theseconstaints improve the visual accurag of the
n a model, but have little impact on the overall shape.

Optimize: Optimization is used to get are ned model.

Step 6. Smoothness: Finaly, we add a tem given by equa-
tion 21 to the objecive funcion, which enforcessmoohnesf the
curves, and repeat the optimization process. This reduces kinks in

themodelthatresultfrom over- tting noisyinput data.

3 Optimization

In this section, we desaibe our optimization techniques for ttin g
amodelto measueddat. First, wede neanobjecive funcion to
assesshe deviation betweendata and model and descrbe a pro-
cedue for ef ciently computng the gradient of this funcion. We
thendescibe methodsfor re ninglocal featiresof the model

3.1 Error of Fit

To de neapracicalmeasuref tbetweenamodelandthe corre-
spondng dat, we begin with the notion of sucha measue for two
arbitrary surfaces.For ary point x 2 R® andsubsetS  R?, let

(x;8) = ylgfsux yii; 2

wherejj jj isthe Euclidean2-nom, which is the distancefrom x
to the surface S. If S; andS; aretwo integrable surfacesin RS,
we de neasymmetic measue of closenesdy
VA Z
2(x;S1)dx +
Sz S1

(S1;S2) = ?(x;S2) dx; ®3)

which is ze if and only if S; = Sy. This funcion imposesan
equalpenaty for either sufacedeviating from the other, or for ei-
ther surface covering too little of the other. If S? andS? arediscree
point ses with unit weight, this becomes
2(x;SY) + 2(x:S9): @
x2s9 x2s?

(s%:89) =

Moreover, if S)  S; andS) S, aresets of discree sampkes
from the respedwe surfaces,then (S?;S9) can be usedto ap-
proximae (Si1;Sz). To determine how well a genegtive model
matches an actual object, we employ two point sdsin exactly this
manneyasequaion 3 is typicaly impossble to evaluate exacly .
Onepoint setis obtainedfrom directmeasuremensuchasarange
image,andthe otherby samping the parametr spaceof a model
By optimizing with respect to this objective function, we in effect
minimizethe RMS deviation of thetwo surfaces:

r
(SY;S9) .

0. o0y —
DOLS) = 5oy sy’

©)
wherejSj denoesthe numberof elemensin thesetS.

3.2 Computing the Gradient

Since a genentive model is typicaly a noniinear funcion of its
constituent curves, we use a general optimization technique to esti-
mate the model' s shape parameters. For simplicity and ease of im-
plemengtion, we useaconjugat gradient method[18] to minimize
thefuncional (S3; S% ) withrespectothe modelparameers.Let
S denoethe xeddat, and SY, the modelsampkes,whichdepend
on intrinsic shape parameters as well as extrinsic parameters con-
trolling trandlation, scale, and pose. Speci c aly,

whereco; ¢1;::: ¢k aremodelparameers,suchasglobal deforma-
tionsandthe y-componers of curve contol points,t 2 R® isthe

1Simple analytic formulae for  are seldom known, and numericalevaluation,
thoughprecig, istypically too slow for theinnerloop of anoptimizationalgorithm.



globaltranslkation, andq is a quaernion encoding globalscale and
rotation. Thus,optimizaion is guidedby gradients of the form

@ @.... @ @ @

r = @!@1---:@,@,@ : (6)
To compue thisgradient, rstobsewe that
i
@ 0. o o @i,
@ > Sn) @ @ 0

i=1

where x1;X2;::: are elemens of S%. Because@ =@&; and
@ =@; arerow andcolumn vecbrs of dimensbn three,respec-
tively, the summaiton is over innerproducs. We next expressthe
parial derivativesof in equation 7 in terms of the neaestneigh-
bor funcion 4 : S8 ! S?, where 4(x) is the element of S§
nearestox 2 S%. Thefuncion  : S§! SY isde nedanab-
gousl. Then,equaton 4 becomes

X X

(S&:sm)= dix  a(i*+ iy
x289 y2s?

m(y)ii’: (8

Sincethe neaestneighborfuncions are piecavise consant, their
derivatives are zerodmosteverywhere.Hence

X
I M S E R C

y2 mi(x)

foral x 2 S, where theinverserelation ,*(x) denoesthe set
of points in S§ whoseneaestneighborin SJ, is x. The nearest
neighborcorespondenceare ef cienly compuedusing akd-tree
updaed at eachmajor iteration of the conjugat-gradientsolver.
Supposenow that c is a control point of acurve . Then,to
compue @ =@, we mustaccountfor thecompositionof nonlinear
transbrmaionsthat may be applied to the curve as part of thecur-
rent model For exampk, supposethatthe point x is obtained by
evaluaing themodelat the patameter valuesu andv. Then

x(u;v) = F(u;v; (u;c;iii;cq)); (10)

where,F(u;v; ) : R! R?isthe parametic mapping de nedby
previous levels in the model hierarchy and applied to curve ; we
assume tobeafuncion of the patameter u aswell asthe control

@(uv) _ @(uv) @),
@c @ u @c’

where@ =@\ u) isthe3 1 Jacobanmatix of F atthe paramegr
values u andv. Thepattia derivative on theright of equaton 11
is easly evaluaied, given that is simply a spline curve. The par-
tial @ =@ u) canbeevaluaied symbolicaly by differeniating the
current model We have foundthat numeical appioximaion by a

nite differenceis equaly effective, and may be simpler to com-
pute. Thus,we canalsouse

@(u;v)  F(upv; (u)+ h)
@ u)

whereh is a suitably small stgp. When c is a global parameer,
controlling a bending deformation for example, @ =@ is obtained
directly from the algebric model speci caion using either sym-
bolic or numerc differeniation, andthe secondfacior on the right
of equaton 11 isno longernecessary

(€]

F(u;v; (u) h),
2h ‘

(12)

The extrinsic pamamekrst andgq mapcanoncal modelcoordi-
nates, in which the computations are initially performed, into the
world-spacecoordinates of the measued dat, in which the gradi-
entr iscompued. Moreprecisely,

X = t+ M(q)xo; (13)

where the point X is in canoncal coodinaks, andM is a scale
androtation matrix parametizedby g. All partials of x areaso
transformed by

@ @o .
@ u) @ u)
Finaly, to compue @ =@ and@ =@ in equation 6, we substitute

partials of x with respecttot andq in placeof @ =@ in equation 7,
where

@ _, @ _ dm

= and — on:

@ @
Herel isthe3 3 idertity matrix, and the derivative of eachele-
ment in thematrix M with respect to q is itsdf aquaternion. Equa-
tion 7 becomes a summation over row vectors or quaternions after
the respective substitutions.

(15)

procedure CompueGradient
Usenew point correspondences.
1 P ;
2 forallx 2 S% andy 2 SY do
3 add (x; 4(x)) toP
4 ad( m(y);y)toP
5  endfor
Compuk E, extrinsic & global partials.
6 g O E O
7 for all (x;y) 2P do
8 (u;v)  parameterof x
9 wo 2(x y)T Eq 9
10 p w[@&=@] Eq 7
11 g 9g+[p 0w wMx ] Eq 7,15
12 Ev Eu+ w[@=@ u)] Eqg 16
13 endfor
Fill in partials wrt control points.
14  for all u samplesio
15 for eachg affecting ( u) do
16 9 g +Eu[@ u)=@] Eq 17
17 endfor
18  endfor
19 returng

Figure 4: Computingthe gradientg of the objectivefunction . We as-
sumea single curve with control pointscy, C2, . . ., Ck, parametized with
respectto u. The parametercy is assumedto be a global shapeparameter
Themodelis sampledat discrete parametervaluesin u andv.

Ef ciency: Fromequaions6, 7 and 9, it appeas thatthe gra-
dient compugtion requies O(nk) time per curve, wheren is the
numberof sampk points, andk is the numberof shapeparame-
ters controlling a curve. By exploiting sparsity, we can reduce the
time to essettially O(n) since eachsampé point of the model is
affeciedby only asmal numberof shapeparametrs. In particular,
whenc; cz; @ 1 arecontrol points, their effects are very localized,
soeach@( u)=@ in equaton 11 isnonzeo only for asmall num-
berof shapeparametrsc.



Figure 5: Theprocess of curvere nement. Left: Depthcurve of spoonmodelas control pointsare addedin recagnition phag. Thestraight blue dottedline
is theglobal valueat rootnode andtheblue dottedcurveis theinitial coarse version. Thereddashedcurveresults after addingfour control pointssownby
circles which greatly improvesthe approximation. For compaison, the nal curve is shownby a blad solid curve. Middle: Further re nementof the depth
curve. Condraints force the curveto be 0 at the end-pointsand additional control pointsincrease the accuracy of the curve but also introduceundesrable
kinks These are essentially eliminatedin the smoothedversion shownwith a solid line on theleft. Right: The blue dash-dot curve indicatesthe initial error
heuiistic before anyinterior control pointsare addedandtheredsolid line indicatesthe error after re nementand optimization. Theoptimizd version hasa

mud lower and atter error accouing to the heuiistic.

The pseudoeodein gure 4 summaizesthe gradientcompug-
tion. Here, g denoesthe gradient, which is a row vecbor, w is a
contibution to therow vecor @ =@, asde nedinequaion 9, and

@ X @ @(u;Vv)

BT Ew T ey e

(16)
is a scalar assocated with the paramegr value u. The summaiton

in equation 16 is over the disaete samples of v. Finally, we have

@ _ X
@

@au).
Eu T 7

wherethe summaiton is over discreie sampks of the u parame-
ter. The computation is broken down in this way for ef ciency.
Note that the rstelement of the gradient vector g is a partial with
respectto global parameer co, while the next k elemens of the
gradient are partials with respectto curve control points. The con-
struct[p 0 w wNMx o] inline 11 of the pseudocodelenoesthe
concaenaton of the elemens into a single row vecbor, wherethe
zerovecbr 0 hask entries,and M. isthe derivative of thescak and
rotation matrix with respect to the quaternion g.

In this algorithm, we recompué the point correspondencess-
ing akd-treer. We thenloopthroughall the point pairs computng
the contributionsto E,, the partial with respect to the global pa-
rametercy, and the partials with respect to the extrinsic parameters
t andq. Rather than explicitly computing theset ,*(x), asshown
in equaton 9, we simply accumudte the contribution of eachdata
point in asingle passthroughthe point set

Discussiam: The objecive funcion desaibed above is fairly
crude asit depend=on the distribution of sampk points, and the
neaest neighbor funcion may fail to make the most meanngful
correspondencesFurther, we do not interpolate betweensampé
pointsfor greaeraccurag, nor dowe useconnecivity informaton
available in the model While phystaly-basedheuistics such as
momenum andinettia canimprove the situaton somevhat [24],
our simple objecive funcion suf cesto guide the traversal of the
modelhierarchy for the examplkesdescibedin this paper

2 Actually, this is doneearlieras areault of evaluatingthe objective function.

3.3 CurveRe nement

Eachcure is adaptvely re nedduring optimizaion. Re nement
in this context differsfrom previous curve- ttin g approachesin sev-
eralways. First, generaive modek are composedf spline curves
with local control, whereas optimization techniques typically used
in compuer vision entil global shapeparmmetrs. Secondy, the
cunesof a generaive model descrbe characeristics of a 3-D sur-
facerather than appioximaing sets of 2-D points [17]. Our ap-
proachto curve re nementmostclosey resembésthe techngues
for optimizing trajectories used in animation [4, 20].

When acurve is added during the recognition phasein step 3 of
g ure 3, itisinitialized to a constant with aglobal parameter inher-
ited from the parentnodein the model hierarchy Multiple control
points are addedat the endsto constuctavalid spline curve. After
the rst optimizaion pass,four or ve additionalinterior control
points are addedand optimizaion isrepea¢d. See gure5. During
recogntion, a coarse approximaion of the curve suf ces,asit is
usedonly to choosea suitable modelin the hierarchy.

Ourapproachto curvere nemenisto addcontrol pointsgradu-
ally, and only where neededWeuseE, asde nedin equaion 16,
asanerrortermfor acurve , andinset newv control-points that
equdistribute the error; that is, we select the points so segmens
betweenthemhave equalnet error.

Sincer =0 ataminimum, @ =@ = 0 for al c. Asthenum-
ber of control-points increasesE, approaches® =@ for some
contol point ¢, and is therefore 0 whenthe curves are represered
exactly. A largejE,j indicaesthat the approximaing curve needs
re nement We can also usea variational argument Since at
a minimum shout be 0 to rst order for variationsin the curve

, JEu]j is equivalent to the Euler-Lagrange[20, 28] error, which
shoutl be 0 whenthe curve is represered precisely. The error
by itself doesnot necessaly indicae where curvesneedre ning,
asthe model may be fundamerdlly incapabé of represening the
data; thisis especially sofor smpler models in the hierarchy.

Producing the Final Curves: In step 5 of the algorithm
shavnin gure3, were nethe curves further andadd constaints.
First, we compue thetotal error normalizedby the size of thedata
setseparagly for eachcurve:

y JEu]

= jisg[ S (18)



Basedon thistotal error, we calculate the numberof control-points
we wishto addto eachcurve using the heuristic

Ne¢ = —; (29)

which addsone contol point for each of eror. We have found
thatavalueof =10 3 issuitable for object of unit dimensbns.
The control points are agah addedto equidistribute the error. Then,
userspeci ed constaints such as curve endconditions are added.
Refer to themiddle of gure 5 for an exampke. The objecive func-
tion isminimizedagan to yield ahigh-accurag solution satisfying
the constaints.

Inthe nalstage,step 6in gure 3, we ensuee thatnoisein the
data doesnot leadto extraneouskinksin the model We do this by
introducing apenaty basedon theintegrated curvature  given by

Z
= J(uidy (20)

u

where (u) isthe curvature of atthe parameervalue u. We esti-
make using numeical quadature and appioximate the derivatves

of withrespecto the curve contol pointsusing nitedifferences.

These values are summed over al curves in the model. The objec-
tive function is then augmented with an extraterm

= +a; (22)
wherea is a postive weight chosenso that the smoothnessterm

andthe original objecive funcion are of appoximatly the same
magntude. Thus,

a= K -2; (22)
0
wherethesubscipt 0 denotes the value after step 5 in the algorithm
framework, but before optimizing with respect to the augmented
objecive funcion. Here, K is a constant that controls the relative
importanceof thetwo terms,whichwas xed at 10 in our tests.

4 Model Hierar chiesUsed

This section brie y reviews the model hierarchies used in our ex-
petimens. The hierarchy for the spoonis paterned after themodel
given by Snyder[21, p. 83]. Thegeneative modelng equaton is

2 3
sx (V)
ar cx(sy (v);dy(v);u) 3,
by (v) + ar cy(sy(v);dy(v);u)

spoon (u;v) = 4

wheres is the width or shape curve, d is the deph curve, andb
is the bend, parametrized sosx = dx = by. ar c(a; b;u) de nes
a parametic arc passing through( a;0), (0; b), and (a;0) in the
Xy -pane.The above equaion is obtainedat the deepestevel of the
hierarchy, regardlessof the path, sinceall the ope®stors commue.
In the root model| s andd areglobal parame¢rsand b is 0. As
morecomplkex modek arereachedtheseconstnts are replacedby
curves. Curves are constainedfor this modelso thats andd are0
atthe end-points, where s isalsopeipendcular to thex-axis;since
the modelis symmetic aboutthe x-axis, this last constaint avoids
introducing akink. To compkte the representtion, we alsorequire
athickness. Sincethe thicknessis typically smal and dif cult to
discen from rangedat, we usea consent value derived from the
projecion of theacqured datain theyz-plane.

For a ladledike shape,the arcs are translated by the bendonly
after rstrotating themaboutthe y-axisby an angle equalto thatof
the bend curve from the horizontal. This forcesthe arcs to reman
pempendcular to thebendcurve. A shapesuitable for a cup hande
is obtainedby making thecircular cross-sedon ar ¢ recanguhr.

We also useda rotating generalized cylinder—the “banana”
modelde nedby Snyder[21, p. 69]1—to representmary differ-
entobjects. This modelrotatesa cross-sedbn while scalng and
transhting it, and generalzescommonprimitives in compuer vi-
sionknown aspro le producs or simple homogeneougenedized
cylindes. The parametic equaton is

? s e
banana (u;v) = yr ot (R(v))4 S(v) Cy(u) 5
Z(v)

whereyr ot ( ) is arotation of aboutthe y-axs, R is the para-

metric rotation angle, S the scale,andC the 2D cross-setion. The
root modelis aright circular cylinderwith unit radius and no ro-

tation. The curves R, S, and C are addedat more complex levels
in the hierarchy. This classof modek canalsobe usedto represent
surfacesof revolution, suchasthe bowl exampke thatis shavn.

As the previous model hierarchy demonstates, our appioach
subsumesomecommonprimitives usedin compugr vision such
assimple homogeneougenedizedcylindes. We have also recor-
eredglobaly deformed supequadics with our appioach.

Figure 6: Fitting of a blendedmodel[7] to syntheticrandomlyperturbed
samplesof a spheie/torus blend with variable cross-section. This example
showshow blendedmodels t directly into our framework, with the blend
curve beingtreatedlike any othergenemtive curve It also showsthat non-
spheiical andvariabletopolagy canbehandled. Themodeleliminatesmog
of the noise in the datawithout introducingsigni cant errors. Theleftmos
image is the initial model, which is simply a sphete. To the right are two
views of theroughinput dataandthe smooth nal model.

DeCarlo and Metaxas[7] presenta method for using blended
deformable modek. Modek of variable topology canbecreatdus-
ing their method. Their ideas t directy into our framework since
theblendcurveisjustanotercurvein the geneative model Since
our objecive funcion doesnot direcly consder topology at all,
no effort is neededo incomporate variable topology. We note that
DeCarlo and Metaxas requre cettain constaints on the blending
funcion to obtain a consstent mode| which are natrally incompo-
rated into the curve constaints phaseof our algorithm. The genegl
formulafor ablendedmodel[7] is

ble nd(u;v) = (u)ba(u;v)+ (1 (u))ba(u;v);

3 The actualhandleis not exactly rectangularleadingto the overly squaredresilts.
Thedatais aso too spaseto reliably esimate the crosssecton from scratch.




where isthe blending curve thatcanbetreatdjust asary other
curve in the geneetive model Here b; andb; are simply con-
stituents of the generative model, which can be any shape at dll, in-
cluding asa specal case the supequadics and supetoroids used
in [7]. Figure 6 shavs an exampke of recovering blendedmodek
with our appoach.

Althoughthis paperdeak primaiily with shapeshat canberep-
resened by a single geneative model we have caried out some
expetimens on simple articulated objecs. The watering-canin

gure 1 was modekd by rst manualy segmentng it into body,
handleand spout,and then tting a rotating generalizedcylinder
to eachpart Minor imperfectons are primariy dueto errorsin
segmenttion. We may also de ne a single composte genestive
modelby combining existing parts, eachcontolled by separag ex-
trinsic and intrinsic parameters. Thecup in g ure 1is an example.
If the extrinsic transbrmaionsof theindividualparttsareleft free—
and not constainedto ensue correct connedlvity—the usermay
needto make someminor adjustmens at theendto ensue the pats
connect properly. While the use-supplied initial guessfunction can
still be crude, it needs to be more accuatefor an articulatedobject
sincea dat point canothemvise be incorecly assocated with the
wrong modelpart.

5 Results

Parameters: For our tests, the complexity consent Q de ned
below equation 1 was set to a deviation of :01 after scaling the
modek to have a major axis rangefrom 1to+1. Thus,Q cor
respondsto a percenege error of approximatly :5%. The resuts
demongtate that the algorithm is not very sensiive to the precise
value of Q. Werepot thepercengegeeror usinga64 64tessdla-
tion of the model. For illustretive purposes only, both range images
andthe modelweremeshedto creae the nal imagesfor display
andcolorsarearti cial. Snyder[21] describesalternate methodsto
imagegeneative modek withoutmeshcreaton, but at the costof
lossof interactivity.

Data: Therangedatusedn ourexpeiimenswasobtainedfrom
avaiiety of sources.Of theobjecsin gure 7, the spoonandbowl

dat are single rangeimagesobtained using structured light [25],

while 6 cylindrical scansare alignedfor the cup daa The ladle
is asingle rangeimageobtainedusing the method of Bouguetand
Perona[2]. Datafor the bananaand candk-holder were obtained
using a mechantal probe, and the watering-candat is a cylindri-
cal scanobtainedfrom alaserrangescanner For thedat obtained
from the probe, connecivity information wasnot available, sothe
meshedor the gureswere obtainedusing the approachof Hoppe
etal. [12]. Ouragorithm opeiated direcly on the rangedat, and
the resuts demongtate the bene t of recovering a model as op-
posedio amesh,espeally in caseof noisy andincompkte data.

Recognition Trees: Figure 8 shows recognition trees for two
objecs—aspoonacqured usingstructuredlight, and syntheic da&a
for abanandike object Dataon errors are givenin gure 9. The
root models are trivial, and the use-supplied initial guess func-
tions neednot specify accurateinitial estimates;nonethelesshe
algorithm is able to boostrap itself to producean accura¢ nal
model. Paths that are not ultimately selected can sametimes pro-
duce strange and interesting results as a curve is trying to adjust
to match data that it is incapable of matching. This effect will be
espeailly notedin the treefor the banana.

Accuracy and Robustness: A visual compaison indicaes
that the method producesa goodmatch to the daig, even whenthe

da@isnoisy andbr incompkte. Asacon rmaion of theaccurag
of the method, on the syntheic dat of the bananashown in g-
ure 8, the techngue producesesuts accurag to within :4%. As
shavn in theleft of gure 10, evenif the inputhierarchy is unabke
to adequadly representthe object, the algorithm doesthe bestit
can,producing a simple modelthat corveys someof the dominant
aspeds of the shapes.

Finally, we demonstate therobustnessof the technueby run-
ning it onasparse samping of thespoondat; afterremoving 90%
of the spoondat, avisualy appeaing reasonalyl accura¢ model
is still obtained as shownin g ure9.

Compactness: Ourmodek typicaly hadfewer thanahunded
parameters, primarily curve control points. This is at least two or-
ders of magntudesmaler thanthe comesponding meshes.

Editing: An exampleof editing arecovered spoonmodelintoa
ladledike shapeis shavn on theright of gure 10, demonstating
how easly new modek canbe constucted by simple and intuitive
curve editing from shapes already recovered.

Computation Time: The entire algorithm took between 20
and 30 minutes on a 150 MHz SGI MIPS R4400, dependig on
model complexity andthe size of the data set Eachiteration of
the conjugae gradient took 1-2 seconds,with eachoptimizaion
pasgakingaboutS0iterations. Theprocessvasenirely automaic;
no manualintervention wasrequired. The total numberof points
(rangedata andtessdlated model) was typicaly about1500Q

6 Conclusionsand Future Work

We have presentd a new method for creatng concise generaive
modek from incompkte rangedat, given a usersuppled model
hierarchy. Advantagesof ourappoachare simplicity, robustessto
noise and creation of an intuitive compact model. We extend tradi-
tionalcompuer vision algorithmsfor recovery of speci ¢ shapesn
that curvesof a usersuppled generaive model are estmated; the
usercansupply a modelof their choice andimmedately obtain an
automatic recovery algorithm.

Ourwork currently hasmary limitations. The tsobtainedare
not perfect, especally whenthe modelinadequadly descibesthe
real object Even for the syntheic banandike data usedin g-
ure 8, there is someresidual error. Our method also doesnot pre-
sewre local detil, andthere may be artifacts from under or over-
smoohing, suchasthe squaring nearthe endsof the spoonmodel
Further, the algorithm requies the userto specfy an appopriate
modelhierarchy, and currently doesnot allow different hierarchies
to be combined. If the wrong hierarchy is input, a simple model
that mimics the original to the extent possble will be output as
shawvn on theleft of gure 10, but thoseresuts may not always be
usefll. Also, while the modek shavn are compkx compaed to
single parametic modek previously usedin compuer vision, they
are still fairly simple for graphics as we do not provide automatic
segmenttion for recovery of compkx articulated objects.

Solving the abore problemsde nessomeimpottant direcions
for future work. Improvemens could also be madein using more
complex objective functions and minimization agorithms, more

exible tradeofs betveenaccurag and simplicity, and more ex-
hausive nongreedymethodsfor traversing theinputhierarchy. Fi-
nally, themodelhierarchy usedcould be leanedfrom examples or
creaedaubmaicaly from amodeldatabase.

While many challenges remain, we believe that algorithms for
recovering highdevel modek are animpottant direcion of reseath
for both compuer vision andcompuger graphcs.



Figure 7: Data(abore) and models(below) for theobjectsin thesceneof gurel. Themodelsarerobust to noise andincompletedata,andare a smoothcompactrepresentation.
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Figure 8: Recognitiontrees for the spoon(left) and banana (right). Highlighted nodes (lighter background)indicate the best guess at somelevel, and only nodesreachal# from a
highlightednodearegeneratedThealgorithmis able to bootgrap itself, starting from very crudeinitial conditions improving ateachstageand nishing with anaccuete model.
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Figure 9: Left: Percentageeviation errors (D) and total cogts (C) for the spoon(left) andbanana(right). Middle: Fitting of modé to very sparse data. Ontop is a pointdoud
with fewer than900 points The middle shows the recoszered modelwhile the bottomis a mes obtainedfrom Hoppes [12] algorithmon the samedata.A compaisonindicaesthe
robustnes of our approachRight: The top shows a superquadrict to thebananadatawhile the bottomshows our model,indicatingthebene t of generatre models

Fi gure 10: Left: Modelsrecasered using a model hierarchythatwas a poor matchfor the actualdatasinceit did not possess the appropriatedegreesof freedomto adequatly
repregntthe object. The two objectson theleft arethe bananaandbowl recovered using the spoonhierarchy while the two objectson theright arethe ladleandspoonrecovered
using therotatinggeneralizectylinder hierarchy The algorithmdid the beg thatit could, andmanagedo convey some of the dominantaspectsof the shapes Middle: Editing a
recovered spoonmodelinto a ladle. Only a few control pointsneedto be moved to get a radically differentshape. Middle Top: Edited shapecurve before (blue) and after (red)
editing. Control pointsare shown as circles Middle Bottom: A similar plot for the depth curve. Right: A view of the edited modd.



