On 3D Model Constructionby FusingHeterogeneousensobData

Y. F. Wang
Departmert of Computer Science
University of California
Sarta Barbara, CA 93106
Email: yfwang@cs.ucsb.edu
Tel: (805) 893-3866

Jih-Fang Wang
United TednologiesResearh Center
411 Sliver Lane, MS 129-13
East Hartford, Connecticut 06108
Email: jfw@utrc.utc.com
Tel: (203) 647-9752

Abstract

In this paper, we proposea schemefor 3D model construction by fusing heterogeneousensor
data. The proposedsdcemeis intended for usein an ervironment where multiple, heteroge-
neoussensorsoperate asyncronously. Surfacedepth, orientation, and curvature measuremets
obtained from multiple sensorsand vantage points are incorporated to construct a computer
description of the imaged object. The proposedscheme usesKalman lter asthe sensordata
integration tool and hierarchical spline surfaceasthe recording data structure. Kalman lIter is
usedto obtain statistically optimal estimatesof the imaged surfacestructure basedon possibly
noisy sensormeasuremets. Hierarchical spline surfaceis used as the represenation scheme
becauseit maintains high-order surfacederivative cortin uity, may be adaptively re ned, and is
storagee cien t. We show in this paper how these mathematical tools can be usedin designing
a modeling schemeto fuse heterogeneoussensordata.

This researd was supported in part by a grant from the National ScienceFoundation, IRI-
8908627.



1 Intro duction

In this paper, we propose a stheme for constructing 3D models by fusing heterogeneoussensor
data. The proposedschemeis intended for usein an environment where multiple, heterogeneous
sensorsoperate asyndironously. Surfacedepth, orientation, and curvature measuremets obtained

from multiple sensorsand vantage points are incorporated to construct a computer description of

the imaged object.

The proposedschemeusesKalman Iter to obtain statistically optimal estimatesof the imaged
surface structure based on possibly noisy sensormeasuremets. Kalman lter has been widely
usedto estimate the internal state of a system basedon the obsenation of the system's external
behavior [16],[33]. Furthermore, a system's state estimate can be computed and then updated by
incorporating external measuremets iterativ ely| without recomputing the estimate from scratch
ead time a new measuremeh is made available. We also choose hierarchical B-spline surfaceto
record the reconstructed surfacestructure becausehierarchical B-spline surface(1) maintains high-
order surface derivative corntinuity, (2) may be adaptively re ned to capture ne surface details
while still maintains the smoothnessand cortinuity of the whole structure, (3) has desirablelocal
control property, and (4) is storagee cien t becauseregardlessof the physical sizeof a patch, only
a small number of cortrol vertices needto be recorded.

In this researd, we formulate 3D shape modeling by sensordata fusion as a least-squarestate
estimation problem basedon Kalman Itering. Control vertices of a B-spline patch comprise the
(internal) \state vector," basedon which the shape of the imaged surfaceis described. We allow
the depth, orientation, and curvature measuremets derived from multiple, heterogeneoussensors
to serwe asthe (external) \observations" to constrain the internal state, or the cortrol vertices, of
the surfacedata structure. We discussin the paper how a variety of shape constraints are usedto
determine the imaged surface structure, how an accuracy measurefor the reconstructed structure
is computed and updated, and how surface structure can be propagated in both the spatial and
temporal domains.

Recerly, the importance of fusing heterogeneoussensordata in 3D modeling and analysiswas
recognized. As obsened by Professor Takeo Kanade [26], progressof computer vision researt a
decadeagowasse\erely hamperedby the limited computational power and the few imaging devices
available then. Hence,only a small amount of sensordata could be gatheredand analyzed. To Il in
void in the analysis, Researbtersthen tended to resort to clever mathematical tric ks and unrealistic
assumptionsabout the 3D scenes.Algorithms thus developed had limited applicability and broke
down easily in real-world applications. More recenly, signi cant advancesin microprocessorand
disk storagetechnologiesmade available ever more powerful computerswith large storage capacity.
At the sametime, a variety of novel sensors|such asthermal, tactile, and laserrangesensors|w ere



introducedinto the market. Hence,it is now feasibleto processthe large amount of data gathered
from a heterogeneousollection of sensorsfor image analysis.

The advantagesof sensordata fusion are two-fold: First, as more information about the scenes
is acquired and analyzed, the needto make special, unrealistic sceneassumptionsdiminishes. It is
thus possibleto design algorithms which are robust and generally applicable. Second,it may be
noted that di erent sensorgpossesglistinct characteristics, are designedbasedon di ering physical
principles, operate in a wide range of the electromagneticspectrum, and are gearedtoward a variety
of applications. A single sensoroperating alone provides a limited sensingrange, and is inherently
unreliable due to operational errors. Howewer, a synergistic operation of many sensorsprovides
a rich body of information on the sensedervironment from a wide range of the electromagnetic
spectrum to aid the image analysis.

Fusing sensordata involves more than choosing the right sensorsand averaging sensoroutput.
As pointed out in [15], simple averaging of sensormeasuremets is prone to distortion by individual
noisy measuremets, and makesthe overall variance of measuremets worse. Further, sensordata
may be usedin such a way that data from one sensorguide the operation and exploration of
another sensor. Sud is the casein using a visual sensorwith a tactile sensor[6],[7],[8],[39], and in
intensity guided range sensing[2]. Tedniques have also beendeveloped to fusethermal and visual
sensing[39], ladar and visual sensing[17], range and visual sensing[47], thermal and tactile sensing
[38], and to fuse multiple sensingmodalities for robot navigation [9],[10],[20],[28],[29],[32],[43],[44].
Interestedreadersare referredto [3],[4] for a more detailed survey of recert researtt work on sensor
data fusion.

Saliert featuresof our modeling technique are: Using Kalman Iter and the sensorerror models
deweloped in [50], we demonstrate a technique for sensordata fusion in a statistically optimal
way; using the spline surface as the recording data structure, higher-order surface smoothnessis
achieved; our formulation still allows randomly-scattered heterogeneoussensordata to be usedin
model construction; and nally , the technique of adaptive re nment and state subdivision enables
our modeling schemeto adapt to di erent degreesof complexity of the imaged structures.

Another important issuewhich our sensordata fusion technique addresseds how to measure
the faithfulness or accuracy of a 3D modeling technique. Though the spline functions have been
widely usedin graphics and solid modeling applications [11],[22],[37], their usagethere is mainly
for creating arti cial structures instead of approximating existing structures. Bound only by the
creator's imagination, a structure thus created doesnot necessarilyresenble any real-world object
(e.g., an artist's rendering of a conceptautomobile can be quite futuristic looking indeed). Hence,
an objective \accuracy" or \faithfulness" criterion is di cult, if not impossible,to formulate.

On the other hand, in computer vision and robotics applications where real-world objects are
modeled, the faithfulness of a computer model can be de ned in rigid mathematical terms such as



the deviation in surfaceor volume measuremets, placemen error of a body part, misalignmert of
the orientation of a surfacepatch, etc. Hence,it is not su cien t just to createa computer model of
the imaged object, it is alsoimportant to have a measureof how faithful one can expect of suc a
represertation. Our useof Kalman lIter to establish sudh a statistical accuracy measuremen and
our formulation of the 3D modeling processasa ltering processwe believe, are a novel way which
combines the mathematical spline theory with the least-square estimation theory for computer
vision applications.

The remainder of this paper is organized as follow: Section 2 contains a brief review of the
mathematical tools used. Section 3 discusseshe proposedmodeling scheme. Section 4 presens
implementation results using both synthetic and real image data. Finally, Section 5 contains a
concluding remark.

2 Background

To integrate information from multiple sensorysourcesand viewing directions for 3D model con-
struction, we proposeto use Kalman Iter as the sensordata integration tool, and hierarchical
B-spline surfaceas the recording data structure. Both the linear estimation theory and the math-
ematical spline theory are well establishedand documenrted. Hence,our discussionhere is limited
to the extert such that their applications in our modeling scheme can be introduced. Interested
readersare referred to [5],[11],[16],[18],[22],[30],[33],[37] for more comprehensie discussionsof the
linear estimation theory and the mathematical spline theory.

Kalman Filtering Kalman Iter hasbeenwidely usedto obtain statistically optimal estimates
of the internal state of a system basedon measuremets of the system's external behavior. More
precisely a system|b e it a biological, mecanical, or electrical onelis usually characterized by
a nite collection of variables which are called the \in ternal state” of the system. As the word
internal implies, the state a systemis in usually cannot be directly sensed.Howewer, the external
behavior of a system|whic h is heavily in uenced by the state the systemis injcan usually be
obsened by somemeans.

The state inferenceis complicated by various noiseprocessesvhich operate to corrupt the state
prediction medanism [16],[33]. Becausegenerallyonly the statistic properties, not the exact shape,
of a noise processare known, one should not expect to obtain a unique estimate of the system's
state in a deterministic sense,but should be satis ed with one in a prokabilistic sense. It can
be proven [16],[33] that, under very generalassumptions,Kalman Iter provides a formulation to
obtain suc statistically optimal estimations with the minimum variance (or the maximum cer-
tainty). Furthermore, Kalman Iter obtains such estimatesin an iterative manner. l.e., an optimal



estimate can be computed by incorporating obsenations one at a time| without recomputing the
best estimate from scratch ead time a new measuremen is made available and without storing all
previously-made measuremets.

By building a systemwhich useshierarchical B-spline surfaceto represen the imaged3D object,
and employing sensorsto provide obsenations or image constraints, we were able to formulate
our modeling scheme as a Itering process. Hence, we utilize Kalman lter for 3D structural
construction and update.

B-Spline Surface The mathematical spline theory is also well established[5],[11],[18],[22],[37].
Many forms of spline surfacesbasedon dierent control structures and blending functions are
known, suc asthe Bezier patch, Coons patch, B-spline patch, and spline surface under tension.
In general, spline functions allow a small number of cortrol parameters|suc h as the position,
orientation, and curvature vectors|to bespeci ed. The shape of a spline function is then generated
by \blending" the conrol parameterstogether accordingto the parameter type and the function
location. For a spline curve, the control parameters are usually specied along a 1D segmen
while for a spline surface, they are distributed on a 2D grid. The advantage of using a spline
represemation over, sa, a nite elemen represetation [12],[25] is that the spline surfacesare
usually smoother (i.e., spline surfacesmaintain the cortinuity of high order surface derivatives)
while still allow randomly distributed sensordata to be usedin model construction.

We choosethe bi-cubic B-spline patch|whic h has a relatively simple cortrol structures and
maintains up to the second-ordersurfacederivative continuity|to record the reconstructed surface
structure. B-spline stands for the basis spline. As the word basis suggests,the shape of a spline
function is approximated by using a set of spline bases,which are de ned in the same function
domain and eath modulated by a cortrol parameter. The modulated basesare then summedto
approximate the shape of the desiredfunction. For example, a B-spline curve c(x) is represerted
by a set of basisfunctions N;x de ned over a linear knot vector [22],[37], and ead basis function
is modulated by a conrol vertex P;

K 1
c(x) = PiNik (X): 1)
i=0
The knot vector used to de ne the B-spline basis sets can be of any length and possibly with
repeating elemers (i.e., the knot vector need be nondecreasingbut not strictly increasing). The
B-spline basis functions thus de ned are polynomials of di erent degreesk. A B-spline surfaceis
de ned asthe Cartesian product of two B-spline curves.

An important reasonthat the hierarchical B-spline surfaceis chosenas the recording surface
data structure is its subdivision and re nement property [19],[22],[37]. Generally speaking, it is not
known a priori how complicated the imaged surfacestructure may be. Hence,it is undecidablein
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advancehow sophisticatedthe recording data structure shouldbe. To capture surfacedetails asthey
are revealed by sensing,a recording data structure should adapt to di erent surface complexities
and increasesthe descriptive power only when the needarises. The B-spline subdivision property
allows additional nodesto be inserted into the knot vector to de ne more basis functions over
the sameparametric range, and hence, more descriptive power results [19]. Furthermore, the B-
spline subdivision procedure enablesadaptive re nement of local structures while still maintains
the smoothnessand continuity of the global solution. Sud properties are not known for other
popular recording structures such asthe superquadric.

3 Sensor Data Fusion for 3D Mo deling

To utilize Kalman Iter in sensordata fusion, we needto identify (1) a linear system, its internal
\state variables," and its external \b ehavior," and (2) meansto measurethe external behavior of
the system. the spatial and temporal domains. We proposeto use hierarchical B-spline surfaceas
our \linear system" and data from multiple, heterogeneoussensorsas our \measuremens" on the
system.

3.1 The Mo deling Scheme

In this paper, we use the B-spline basis of order four (or a third-degree polynomial) in both
parametric directions

X 1k 1
S(u;vit) = Pij (OMi;a(U)Nj; a(v) ; 2)
i=0 j=0
where Pij = (Xi;j ;Vij ;Z; ) denotesthe 3D position of the i; j-th cortrol vertex, and Mj;4(u) and

Nj: 4(v) denotethe spline bases,the expressionof which is well known (e.qg., see[22],[37]). Sincethe
shape of a B-spline patch is completely speci ed by a small number of cortrol verticesP; , these
control vertices, in the terminology of Kalman Itering, comprisethe (internal) state vector of the
system, basedon which the (external) behavior of the systemis speci ed.

The choiceof the cortrol vertex positions asthe internal state vector desenessomeexplanation.
In [33], the state of a systemis de ned to be a minimum set of values, which, along with the input
to the system, is su cien t to determine completely the behavior of the system. As obsened in
Equation 2, the shape of the spline function S at any location (u;v) and at any time t is completely
de ned in terms of variablesP; . Furthermore, ead P; is speci ed independertly, and all of them
have to be known to uniquely determine the shape of the spline surfaceS. Hence,the collection
of all control vertices constitutes a minimum set of values which comprisesa state. Certainly, if
a dierent represettation sdhemeis used, then a di erent composition of the state vector results.
For example, if a Coons patch is used,then the state vector consistsof the position, tangen, and



twist vectors at the patch's four corners|[22],[37], while if a superquadric is used, the state vector
comprisesthen of the elewven parameters which de ne the position, orientation, size, and shape
of the superquadric [24]. The choice of the state vector is not unique though, as any valid linear
transformation of the state vector de nes a new state vector. Howewer, the transformed state vector
de nes identical systembehaviors and doesnot necessarilyaid the solution of the problem.

We allow the depth, orientation, and curvature measuremeis derived from multiple sensors
to serwe as the \observations" on the system. These sensormeasuremets are usedto determine
the value of the \state vector" (i.e., the positions of the control vertices). Sensormeasuremets
constrain the surface position (S), orientation (dS), and curvature (dS) in space,and in turn,
allow the positions of the cortrol vertices, Pj; , to be determined (Equation 2).

Many types of sensorsmay be usedto gather information on the surrounding ervironment,
for example, visual sensors,visual sensorsaugmeried with structured lighting, thermal (infrared)
sensors, proximity sensors,tactile sensors,ultrasonic range nders, and laser range nders. And
analysistechniques have beendeweloped to analyze data from thesesensorg[1],[14] to infer surface
position, orientation, and curvature from images. For example, surfacedepth is obtained from the
stereoanalysis of visual imagesor from range sensorsdirectly. The shape from shading and shape
from texture methods make available information on surface orientation. In our experimerts, we
employed the active structured-lighting technique to infer surfaceorientation and curvature [46],[49]
in shape construction.

For example, the following equation can be usedto constrain the state vector using the depth
measuremets supplied by, say, the stereopsisor laser ranging techniques
X 1x 1
D(u;vit) + pos = S(u;v;t) = Pij ()M (U)N(v) ; 3)
i=0 j=0
whereD (u; v;t) denotesa depth measureat location (u; v) at time t on the surface,and o5 denotes
the sensornoise. Similarly, if measuremets on surface orientation N (u;v;t) are made available
through, sa, shape from shading or shape from texture gradient techniques, then constraints on

the state variablesP;; canbeimposed(where o denotesthe orientation measuremen noise)
P P
(N(U Vi) + o) Su(usvit) =0 ) Dot PN (U Vi) + o) Pij (1) Mu(u) N(v) = 0
P P
(NU Vi) + o) Su(uivit) =0 )~ Dot LN Vit) + o) Py (1) M (u) Ny(v) = 0:
(4)
If the principal surfacecurvatures, 1 and », and their directions, are inferred using, say, the
structured light technique reported in [49], then constraints on the secondsurfacederivatives, Sy,

and Sy, can also be derived. More precisely we rst apply Euler's theorem [21],[41] to compute
the normal surfacecurvatures, ,, and ,, alongthe S, and S, directions

uy = 1008 4+ sin? va = 1008 y+ osin? (5)



where , and , are the anglesbetweenthe direction of 1 and those of Sy and Sy, respectively.
Then applying Meusnier's theorem [21],[41], we obtain the secondderivativesalongthe S, and S,
directions as

Cuw = u,=COS y; Cw= y,=COSy ; (6)

where , and , denote, at the point S(u; v;t) under consideration, the anglesbetweenthe surface
normal direction and the principal normal direction of the surface curve which is the intersection
of the spline surfacewith the projection of the coordinate axesin space.One can easily shav that
the second-ordersurfacemeasuremets can be usedto constrain the cortrol verticesPi; by (where
curv denotesthe curvature measuremenh noise)

P

P
Suu (U; v; 1) Mot oo Pij Muu(u) N(v)

Cuu(u;v;t) + cury

(7)

P_ P
Cw(u;vit) + curv = Swiu;v;t) in;ol jn:olpi;j M (u) Nyy(v) :

Sensordata are inevitably corrupted by noisewhich is denotedby os, ori, and cyryv in Equa-
tions 3, 4, and 7. Error in the sensormeasuremets can arise from the simpli cation madein a
mathematical sensormodel (e.qg., using the parallel projection to approximate the image formation
process),improper calibration and operation of the imaging equipmerts (e.g., supplying inaccurate
baselineor focal length value in a stereopsisanalysis), image processingand numerical computa-
tion (e.g., mislocating feature positions), etc. Hence,when heterogeneousensordata are conbined,
their cortribution in the 3D model construction should be weighted by their assaiated con dence
measure.

Kalman lter formulation thus requiresthat a model of error in the sensormeasuremets be
speci ed in addition to sensordata. Sensorerror modelsare usedin designinga con dence measure
for eath sensorused. Generally speaking, a sensorerror model is stochastic becauseonly the statistic
properties, suth asthe meanand variance, of the sensornoisecan be inferred. In general,the error
covariance matrix

=E[ "] (8)

should be supplied [16],[33].

Though many image analysistechniquesusing di erent sensingmodalities have beendeveloped,
researt on the analysisand modeling of sensorerror is still quite lacking. Most researfieson error
analysis in computer vision have been concernedwith the analysis of the stereopsistechnique
and have consideredonly the quantization error [13],[31],[34],[36],[45]. We show in [50] how the
sensorerror model can be designedfor the structured light sensingtechnique, which is the imaging
technique usedin our experiment. Assumethat the error covariance matrix is available [50],
the sensordata integration processinvolves estimating the cortrol vertices and updating the error
covariance matrix (an accuracy measure)using the available shape constraints. Or we collect all



the shape constraints speci ed using Equations 3, 4, and 7, put them in a matrix form AP = B,
and solwve the equation by weighing ead constraint with its expected accuracy [16],[33]

0= KA)
9)
PO= P+ K(B AP);
and
K= pAT(A AT+ )1 (10)

where unprimed symbols denote quartities beforethe external measuremets are incorporated and
primed symbols denote quartities after the external measuremers are incorporated. P represens
the state vector composedof all the cortrol verticesPjj, A is the obsenation matrix which relates
the depth, orientation, and curvature obsenations|denoted by Bto the state vector P. is
the error covariance matrix of the sensorobsenations and |, is the error covariance matrix of the
state vector P. Finally, K is usually called the Kalman gain matrix.

Intuitiv ely speaking, the external measuremerts imposeconstraints on the internal state vector
through a linear relation AP = B. Howewer, the external measuremeis are usually corrupted
by noise and may even be correlated. Hence, in updating the con dence of the internal state
estimate |, sensorydata uncertainty is taken into consideration by weighing the new data with
the obsenations' error covariance matrix . The state vector updates are incremertal in the
sensethat only the information in the new obsenation B which cannot be accourted for in the old
estimate (B AP ) is incorporated, weighted by the gain matrix K.

To summarize, we allow the use of the heterogeneousshape cues from multiple sensorsfor
surface reconstruction. External sensormeasuremets are used to constrain B-spline's internal
control vertices through Equations 3, 4, and 7. Furthermore, depth, orientation, and curvature
constraints from randomly distributed locations in an image can be included iterativ ely.

3.2 State Subdivision

As mertioned before,the complexity of the imagedstructure cannot be predicted in advance,hence,
it is dicult to determine before hand how sophisticated the recording data structure should be.
Our choice is to start with a simple B-spline patch de ned on a small knot vector with a small
number of cortrol vertices. When the surfacestructure of the imaged object cannot be represened
faithfully using a single B-spline patch (most likely not in the real world), the B-spline patch is
re ned by intro ducing more knots and more control vertices. In the terminology of Kalman lItering,
we construct a more complicated and powerful systemby re ning a simple one.

Di cult y with the re nment processis that if an unlimited number of knots and cortrol vertices
are allowed to be addedto the original patch, the patch's structure may becomehighly complexand



dicult to process.lt is easily seenthat for a patch de ned on m n cortrol vertices, increasing
m or n by a factor of, sa, two doublesthe size of the state vector and quadruples the size of
the covariance matrix! Or the complexity in processingthe covariance matrix is O(n“). Hence,
an alternate, more e cien t way to increasethe descriptive power of the B-spline surfacesmust be
found.

In this paper, re nement is accomplishedby a processof state subdivision. This subdivision
processallows intro ducing additional knots and cortrol vertices to increasethe descriptive power
of a spline surfacewhile avoids an O(n*) growth in complexity. More precisely in stead of building
one big, complex B-spline patch, we break the patch down into a number of component patches,
eat having the same complexity asthe original one. Since eatcy componert patch resulted from
subdivision is of the same structure as the original one, ead has the same descriptive power as
the original one. Howewer, the combined descriptive power of all the componert patchesincreases
while the time complexity increasesonly linearly in terms of the number of the componert patches.

This state subdivision processcan be carried out recursively, i.e., a componert surface patch
resulting from subdivision can itself be subdivided further. A hierarchical quadtree represenation
basedon multiple B-spline patchesis thus constructed. Such a represenation is advantageousin
that ne surfacedetails are captured by recursively subdividing B-spline patchesinto subpatchesto
achieve visual realism, while coarsestructures are represened by large patchesto improve e ciency .

A word on the criteria of subdivision: the decisionof whether to divide a patch is basedon the
variation of the patch's Gaussiancurvature. Large variation in Gaussiancurvature suggeststhat
the surfacestructure is relatively rough, and subdivision is usedto generatemore patchesin order
to capture more surfacedetails. Gaussiancurvature, , can be computed using [41]:

eg f?
= = — 11
12T e (11)
where 1 and » denotethe two principal curvatures, E, F, and G are the coe cien ts of the rst
fundamental form, and e, f, and g are those of the secondfundamertal form

E=Sy Su; F=S, Sv; G=Sy Sy,

e=Sw N; f=Sy N; g=Sw N; (12)
— Su SV .
N = =5

To computethe variation of Gaussiancurvature over a spline surface,we rst compute Gaussian
curvature at selectedlocations on the surface. If we have a spline surfacede ned by m n cortrol
vertices (Assume that both m and n are odd. We usem = n = 7 in our experimerts), a total of
(m 3) (n 3) bi-cubic patchesare de ned within the surface. For each componert patch, we
evaluate Equation 11 at its certer, u= v = % (or at more locations if desired). Then the variation
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(variance) of Gaussiancurvature is de ned as:

X 4K 4
= Cij )2 (13)
i=0 j=0
and
1 X 4 4
= N
(m 3)(n 3) ., =0
where j; is the curvature at the certer of the i;j-th component patch, and is the average
curvatures of all component patches. The patch splitting threshold is set on value =, which is

the variation of Gaussiancurvature normalized by the mean. We have arbitrarily selecteda value
of 0.5, i.e, if the variation is more than half the meanvalue, the patch is a potential candidate for
re nement.

Now we are ready to presen the subdivision algorithm. As just mertioned, a spline surface
de ned by m n cortrol verticescomprises(m 3) (n 3) bi-cubic patches. We divide ead bi-
cubic patch into four sub-patchesby inserting (m 3) (n 3) cortrol vertices. After subdivision,
atotal of 2m 6) (2n 6) bi-cubic patchesresult. We partition them into four groups, eah
contains (m 3) (n 3) bi-cubic patchesde ned on m n cortrol vertices.

In this paper, we use a \halving" subdivision technique which is a special caseof the general
Oslo algorithm [19]. If ead bi-cubic patch is de ned on a parametric grid of unit size[0::1; 0::1],
then the division is done along the certral linesu = % and v = 1, and the four sub-patches are
de ned on grids [0::3;0::3], [0::3; 1::1], [3::1;0::3], and [3::1; 3::1]. Immediately after subdivision,
the combined shape of the four subdivided spline surfacesduplicates that of the original surface.
Howewer, sinceead spline surfaceresulted from subdivision hasthe samedescriptive power asthe
original one but spansonly a quarter of the original parametric space,the combined descriptive
power of the four subdivided surfacesincreases.As more sensordata are gathered and processed,

the four combined surfacepatchesprovide a more faithful represetation than the original surface.

We record the new spline surfacesresulted from subdivision in a quadtree structure. We let the
original spline surfacebe the root of a new subtree and create four child nodesto accommalate the
four new surfaces. The processis recursively applied to generatesub-patchesfrom a parent patch,
and a quadtree structure is constructed in the parameter plane. Each subdivision generatesfour
more nodesand possiblyincreaseghe depth of the tree by one. Image shape constraints are Iltered
down the tree and picked up by surfacepatcheswherethe constraints apply. Hence,the sameset of
shape constraints are usedat multiple levels of the quadtree by spline surfacesof di erent physical
sizes.

Two more technical details worth mertioning here: rstly during subdivision, the state covari-
ance matrix must also be propagated down the tree to re ect the con dence in the new cortrol
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vertex positions. The mathematical spline theory provides a medanism to propagate the conrol
vertex positions during subdivision, but no provision is made for propagating the covariance ma-
trices which are neededonly in a Kalman estimation process.Hence,we derive suc a propagation
stheme below.

According to the Oslo's algorithm [19], cortrol vertices at a ner level (P(f)) are a linear
conmbination of those at the precedingcoarserlevel (P (9). Supposethat we have a B-spline curve
c{x), de ned on a knot vector (x3;x9; x% ;) of length m (> n) using a set of cortrol vertices
P or

K 1
Ax) = PN (x) : (14)
j=0
In order for c{x) to possesghe sameshape as ¢(x) de ned in Equation 1, Pjo and P; are related
by:

K 1
PP= P (15)
i=0
where I‘J is given by a recursive formula:
k — on+k 1 X k 1, Xi+k on+k 1 k1. (16)
T Xiek 1 % Xiek Xigz D7
and f o
1 0f Xj XxP <X
1 - ' J i+1
bl 0 otherwise : (17)
The covariance matrix propagation can also be expressedas such. In 1D, we have
O = gyp® pHyE® plnHT)
P P P
=l 1t PO Tt @) (gt PO T k()T
P
= e[ gt kPO PO (gt kPO PO)T] (18)

P
= Lt [ FELPE PP P

where P denotesthe true (unknown) state vector.

Secondly when the image constraints are applied to one patch but not the adjacert ones,the
shape of the particular patch, but not those of its neighbors, is modi ed by the constraints. Hence,
the continuity of surface position and derivatives acrosspatch boundaries might be lost and even
arti cial holes may start to appear. Patch boundaries are adjusted to restore cortinuity before
display. Again, provision must be made for this nonstandard basis spline operation.
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@ Control vertices

Figure 1: Spline curve subdivision

The boundary adjustment processinvolvesadijusting the locations of control vertices which are
sharedby adjacert patchesand updating the covariance matrices. We illustrate this processusing
a simple 1D example. Referring to Figure 1, if a spline curve c is broken up into seeral pieces,
Co;C1;  ;Cn 1, then to insure a smooth transition betweentwo adjacert segmes ¢; and ¢ (i.e.,
the function value, rst, and secondderivativesare cortinuous), adjacert segmeis must sharesome
cortrol vertices, which we denote as Pj; in Figure 1.

Supposenow that the shape of segmen ¢; is modi ed by the image constraints but not that of
segmen ¢, then the position of P reported from ¢; (denotedas Pifi) and ¢ (denotedas Pijcj ) might
dier and shape cortinuity acrossthe boundary of ¢; and ¢; will be lost. To restore cortinuity, we
partition vertices P in segmen ¢; into two groups: those are sharedwith ¢; (Pj ) and those appear
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only in ¢ (P;i). Then we can partition the covariance matrix of ¢; as

Ci

EI(Pi PP P)T]

2 3
QE[(PH Pi)(Pi Pi)"] i E[(Pi Pj)(Pi Pij)T]g

E[(Pi Py)Pi Pi)']l i E[Py Pyj)Pj Pyj)T] (19)
_ g ﬁ'n j ﬁ'u '

i )i
and similar partition canbe madeof ©.

Positions of the vertices which belongto only one segmen neednot be updated. New positions
of the shared vertices PijO are obtained by averaging those reported from ¢; and ¢, weighted by
their respective con dence measure:

0_ G i Gj 1pCi i i G 1p¢G .
Pr= iy Ci * ) Pr+ dy Cig + iy ) Py (20)
Once the shared vertex positions are updated, their covariance matrices are updated next. Note

that the covariance matrix in Equation 19 is always symmetrical, hence,only three out of the four
it

Of the three independert submatrices( i ; i »and i ), i doesnot involve sharedvertices
i iy are updated using the following equations:

submatricesare independert ( appearstwicein ¢ at the upper right and lower left corners).

and neednot be updated. and
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(21)

In the above derivation, we usethe fact that covariance matrices are symmetric to simplify the
equation. We alsoassumethat the crosscorrelation betweenPC' and P 7 is small comparing to the
auto correlations, hencethe crosscorrelation terms are neglectedin the above derivation. Similarly,
one can show that

0
C: G

_ Ci 1
g = i oam C g o )
(22)
0 c ! ! c
i - i Ci G j 1.
i = o o Cap toam )

C

% and 1 can then be assenbled using Equations 19, 21, and 22. Equations 20, 21, and 22
represert what is usually called the maximum likelihood estimate, or the weighted least-square
estimate [33]. Under the assumptionsthat the noise processis white and Gaussian,the weighted
least-squareestimator givesthe \b est” estimation, in the sensethat its variance is lessthan that
of any other linear unbiasedestimator [33]. Interested readersare referredto [16],[33] for the proof
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of the above claim.

For a spline surface patch, the above procedure hasto be applied to the patch's boundaries
with all its neighbors. Basically, we divide the control vertices of a patch into nine classes:those
belongingonly to the patch, those sharedwith the north, south, east,and west neighbors, and those
also shared with the northeast, northwest, southeast, and southwest neighbors. The boundaries
adjustment proceduresare then applied to all sharedvertices using appropriate neighbors.

3.3 State Propagation

One can notice from Equation 2 that we de ne an imaged surfacestructure as a function of both
spaceand time, which implies that the underlying cortrol vertex structure is also spatially and
temporally variant. Propagation of the surface structure in both spatial and temporal domains
are therefore possible. Again, we useKalman Iter formulation to make predictions on the imaged
surfacestructure at alocation at a certain time instancefrom that at the sameor a di erent location
at the sameor an earlier time instance. Sudc structure prediction may be necessarybecause:

If the union of the elds of view of all sensorsdoes not cover the whole viewing universe,
portions of the imaged object may not be represeried (or hidden from all sensors). As
the goal is to construct a complete 3D surface description, the structure parameters of the
hidden surface, i.e., its cortrol vertex positions, needto be estimated. Suc prediction can
be basedon speci ¢ domain knowledge (for example, the imaged object is symmetrical about
an axis) or on certain reasonably general shape assumptions (for example, the smoothness
assumption). If a prediction framework can be translated into shape constraints|with an
assaiated con dence measure|on the hidden surface structure, then Kalman Iter can be
usedto incorporate suc predictions in building a complete 3D model.

If the imagedobiject is exible oris moving, temporal changesof the surfacestructure do occur.
It is not feasibleto reconstruct a 3D description from scratch ead time the imaged object
moves or deforms. A more e cien t structure update is to track the motion and deformation
of the imaged object over time by propagating the state vector of the spline represeration.

In the terminology of Kalman Itering, the state vector at a spatial location at onetime instant
can berelated to that at the sameor a neighboring location at the sameor a later time instant. We
will assumethat such a state propagation is linear and is described by a state transition equation
in a matrix form with an assaiated con dence measure,

Puovo(t) = M (u® Ve t%u; v )Py (1) (23)

Then the knowledgeof P ., (t) (e.g., the cortrol verticesof a sensedsurfacepatch at time t) can be
usedto estimate P ,o,0(t%9 (e.g., the cortrol vertices of a hidden surfacepatch at a later time t9.
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Spatial Propagation of the State Vector In our formulation, the state transition equation is
kept linear by restricting sud transition to be composedof translation and rotation (i.e., an a ne
transform). It is well known that the B-spline patchesare invariant under the a ne transformation
[37], i.e., translating and rotating the polygon net composed of the cortrol vertices result in the
identical transformation being applied to the spline surface. Hence, a linear a ne transform is
basically a \similarit y" transform.

Currently, we allow the state transition equation to be designedbasedon (1) the symmetry
assumption and (2) the smoothnessassumption, both of which can be represented in the matrix
form showvn in Equation 23. The state transition basedon symmetry requires the speci cation
of a symmetry relation in the parameter plane (u;v). For example, supposethat the object is
symmetrical about the v axis in the parameter plane, and the u dimension rangesfrom 0 to 2 .
Then a point S and its image S'|created by rotating S through an angle around an axis of
direction S, and passingthough the certroid O of the object|should both be on or not on the
surface. Hence,if S is on a sensedsurfacepatch, then S' should also be on the object

Sz + (1 SZ )cos Sv, Sv, (1 cos) + Sy,sin Sv,Sv, (1 cos) Sy, sin
0= s, Sv, (1 cos)  Sy,sin Sf, + (1 S§,)cos Svy Sv, (1 €os) + Sy, sin (S 0)+0:
Sv, Sv, (1 cos) + Sy, sin SvySv, (1 cos) Sy, sin Sz, + (1 S2))cos -

(24)
Coordinates of S° can be treated as a depth measure|just like an obsenation from an external
position sensorin Equation 3|and are Itered down the structure tree to propagatethe symmetry
constraint.

State transition equation can also be writtened basedon the smoothnessassumption. If the
imaged surface structure is smooth and of a low order over a small neighborhood, then the local
surface structure can be faithfully approximated by a planar, a spheric, or a cylindrical patch. It
can be easily showvn that the transition of cortrol vertices on sud simple surfacesis ane. For
example,transition of cortrol verticeson a planar surfaceinvolvesa simple translation of the cortrol
vertices, while that on a spheric surfaceinvolves a simple rotation. Transition of cortrol vertices
on a cylindrical surfaceinvolvesboth translation and rotation.

Hence,we rst identify the primitiv e surfacetype a B-spline patch most resenbles. We then
compute the shape parameters(the normal to a plane, the certer and radius of a sphere,the axis of
a cylinder, etc.) of the patch. Basedon the computed shape parameters, we compute the surface
locations adjacert to the patch under consideration. The computed surface point locations can
again be treated as external depth measuresand are Itered down the structure tree to propagate
the smoothnessconstraints.

The surfacetype classi cation is basedon the principal surface curvatures and Gaussiancur-
vature computed during the state subdivision. It is well known [21],[4]] that for planar surface
1 = 2 = 0, for spherical surface 1 = , 6 0, and for cylindrical surface ; 6 0 and , = 0.
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Hence, patches are classi ed into the three primitiv e typesusing their curvature signatures. Only
those patcheswhich bear a large degreeof resenblance to a primitiv e surface (i.e., they have the
curvature signatures discussedabove with a small curvature variation) are usedto propagate the
smoothnessconstraints.

Shape parametersare then computed. For example, if a B-spline patch is classi ed as cylindri-
cal, the radius (1= 1) and the axis direction (the direction of ) are computed during the state
subdivision. To compute the location of the axis, we obsene that the axis of the cylinder is at a
distance R = 1= i, in the direction of S, Sy, from a surfacepoint S. Therefore, eath surface
point S votes for a point on the axis by

S (Su SV jSu Svj): (25)

Ideally, the cylinder's axis should passthrough all thesepoints and hasthe direction of ». Hence,
a least-squareestimation determinesthe location of the axis. With the shape parameters of the
cylinder computed, surfacepoints adjacert to the cylindrical patch can be generatedto propagate
the smoothnessconstraint.

A word of caution on the state propagation: eventhough generaldomain knowledgesud asthe
symmetry assumption and smoothnessconstraint can be helpful in building a complete model, its
validity must be taken with a few grains of salt. If it is discoveredthat the imaged object doesnot
possess& symmetrical structure after the constraints imposingthe symmetry assumptionhave been
applied, the e ect may not be undone. On the other hand, if the object doespossess symmetrical
structure, the state propagation will enforcethe symmetry constraint and may ewven correct errors
in the sensordata which make the structure deviating from a symmetrical one. As the e ect
a shape constraint has on the nal structure is weighted by its error covariance, the constraints
derived from the domain-speci ¢ assumptionsshould be given a large error covariance. Hence,the
structure imposedby the domain-speci ¢ assumptionswill prevail only if no other, more reliable
sensorinformation is available. When sensordata are made available, the image constraints should
be weighed more heavily to update the structure. To summarize,the state propagation schemeis
a cornveniert tool provided with the algorithm, whether such a tool is applicable (e.g., whether the
imaged object possessea symmetrical structure for the state propagation basedon symmetry to
be valid) is left to the decisionof the user.

4 Exp erimen tal Results
4.1 Computer Simulation

To gain a better understanding of the accuracy and applicability of the proposedalgorithm, com-
puter simulation was conducted using synthetic data. Purpose of the simulation was to obtain
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a statistical ewaluation of the performance of the modeling algorithm and to test the recursive
Kalman Itering and state subdivision processes.

A simulation was conducted to model the structure of a sphere. The modeling program was
supplied with the position and orientation measuremets at random sampling locations on the
surface of a sphere. The 3D shape measuremets were perturbed by random noise to simulate
the uncertainty in the real image data. The modeling program started with an initial surface
represertation shown in Figure 6lwhic h was a B-spline patch with 7 7 cortrol vertices and
happenedto be the sameinitial structure usedin the experiments with the real image sequences
(in Section4.2). The 3D shape measuremets wereincorporated iterativ ely to estimate the surface
structure using the Kalman lter formulation preseried in Section 3. Further, the program was
allowed to employ the state subdivision process(Section 3.2) to introduce more patchesinto the
represertation to verify if a more faithful represenation could be achieved.

The simulation was carried out in the following manner: Sewral input parameterswhich de-
termined the conditions of the simulation were speci ed. These parameters were the number of
position measuremers, the number of orientation measuremets, the maximum perturbation in
these shape measuremets, and the maximum depth of subdivision. In the caseof the position
measuremets, a sampledpoint wasrandomly perturb ed by a distance which was a small percert-
age of the sphere'sradius along the surface normal direction, and in the caseof the orientation
measuremets, the surfacenormal at a sampledpoint was displaced by a small angular error.

The accuracyof the algorithm wasestablishedunder a variety of simulation conditions|with (i)
di erent amounts of error in surfacemeasuremets and (i) di erent numbersof patchesusedin the
represenation|b y averaging the results from di erent runs of the simulation. In our simulation,
the number of shape measuremets usedin ead data set ranged from 50 to 150, the magnitude
of the additive position noise ranged from 0% to 12% of the sphere'sradius, and the magnitude
of the additiv e orientation noiseranged from 0° to 5°. For ead simulation run, we computed the
spline surface position basedon the estimated cortrol vertex positions, and comparedit with the
true position of the sphere. An averagestructural error, asa percertage of the sphere'sradius, was
computed for ead data set. For ead error magnitude setting, we tested the algorithm on ten to
twenty data setsand averagedthe results. The simulation results are shown in Figures 2 and 3.

In Figure 2, we shawv the simulation results using the positional measuremets alone. As ex-
pected, the average structural error increasedas the perturbation in the simulated image data
increased. The slow rate of increaseof the structural error may be attributed to the smoothing
e ect of the spline functions. An interesting thing to note wasthat when re nment was allowed|
hencemore patcheswere used|more faithful represenations were obtained. As obsenedin Figure
2, the error curvescorresponding to larger numbers of state divisions dipped lower in the plot. For
a simple structure like a sphere,very ne subdivisions might be excessie. As shown in Figure 2,
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curve D, with 17 patchesand ead patch de ned ona 7 7 grid, wassimilar in shape and position
to curvesB and C. When the synthetic error increased,a 17-patd represenation (curve D) did
perform better, though not signi cantly, than a 5-patch represenation (curve B), which lead us to
suspect that a point of diminishing return was reaced. Howeer, the re nment scheme de nitely
helped when complicated real-world objects were used (e.g., those shown in Figures 4 and 9).

In Figure 3, we shav how additional shape measuremeks can improve an existing represeta-
tion. Basically, we cortinued with the simulation by incorporating the orientation measuremets
(with a 2° maximum angular deviation) for the structural update. Hence,we rst estimated the
imaged structure using the positional measuremets, (the results were depicted in Figure 2), then
updated the surfacestructure by incorporating additional orientation measuremeis using Kalman
Itering. As can be seenby comparing plots in Figures 2 and 3, improvemerts were made in the
averagestructural error by fusing heterogeneoussensordata.

4.2 Experiments with Real Image Sequences

We alsoconductedse\eral experiments using real image sequencesWe usedtwo di erent sensors|

visual sensorsand structured light sensors. These sensorswere positioned at up to three di erent
directions around the imaged objects. Depth constraints derived from stereopsis,and orientation
and curvature constraints derived from structured lighting were usedin the 3D modeling process.

The imaging con guration is described belon: The imaged objects were placedon a table which
was about 50" in front of the camera. To generatethe stereoimage pairs, we slid the cameraon an
optical rail by about 4" and took two snapshotsof the objects. The objects were then rotated to
reveal di erent viewsto the camera. To generatethe structured light images,we useda projector
to project a regular grid pattern marked on a 35mm slide. The grid pattern consistedof two sets
of parallel stripes: ead stripe set made a 45° angle with respect to the ground and they were
mutually orthogonal. The slide projector was placed at about 60" from the objects. The distance
from the camerato the projector (or the baseline separation) was about 24". The focal axes of
both the cameraand the projector were parallel to the ground and made a 30° angle.

Figures 4 (a) through 4 (f) show the stereo image pairs taken from three dierent viewing
directions around a ceramic pen holder in the shape of a bird. Figures 5 (a) through 5 (c) show
the structured light imagestaken from the sameviewing directions asthosein the stereoimaging,
with the structured light imagesregisteredto the left imagesin the stereo pairs.

Depth constraint was derived from the stereoanalysis of Figures 4 (a) through 4 (f). We used
the stereomatching algorithm deweloped in [27] for the stereoanalysis. Featuresusedweredi erent
zero-crossingpatterns in a 3 3 neighborhood. Multiple matches were resolved by a corporative
relaxation processwhich imposed additional disparity and gural continuity requiremerts. 3D
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surface positions were then derived through triangulation.

The structured-light imagesin Figures 5 (a) through 5 (c) were analyzed to infer the orien-
tation and curvature of the imaged surfaceat ead strip e junction. Intuitiv ely speaking, when a
regular grid pattern was projected onto a curved surface structure, the perceived image pattern
was distorted (e.g., seeFigures 5 (a) to (c) and Figures 10 (a) to (c)). The distortion wasinduced
by the underlying surface structure, hence,it should be possibleto relate the pattern distortion
to the structure of the imaged object. In [46],[49], we developed methods for inferring 3D surface
orientation and curvature from 2D image pattern orientation and curvature. Such technigues made
available orientation and curvature constraints for 3D shape modeling.

In more details, we preseried a technique for computing surface orientation using structured
lighting in [46]. The technique computed surfaceorientation by taking crossproduct of the direction
cosinesof the projected strip eson the imagedobject's surface. The direction cosinesof the projected
strip eswere computed using the strip e orientations in the image and the grid projection planes. To
compute principal surface curvatures and their directions using the structured lighting, we again
projected a pattern to encade the imaged object surfacefor analysis. At a grid junction, curvatures
of the projected strip eson the imaged object's surfaceswere computed. The computed curvatures
were then related to those of the normal sectionswhich shared the sametangertial direction as
the projected curvesusing the Meusnier's theorem in di erential geometry [21],[41]. The principal
curvatures and their directions at the grid junction under consideration were then recovered using
Euler's theorem [21],[41]. Details can be found in [49].

We started with a B-spline surfacede ned ona 7 7 grid showvn in Figure 6. We iterativ ely
incorporated shape cuesfrom all sensorsand all viewing directions to re ne the surfacestructure.
If the variance of Gaussiancurvature of a patch wasabove a presetthreshold, the patch wasre ned
by breaking it into four componernt patches. The cortrol vertex positions and error covariance
matrices of componert patcheswere computed from those of the original patch using the technique
introducedin Section 3.2. A hierarchical quadtree data structure was constructed this way. Each
time sensordata were made available, the data were Itered down the tree and picked up by the
patch where the constraints applied.

This structure construction and update processfor the ceramic bird is illustrated in Figure 8.
The rst row in Figure 8 ((a), (d), and (g)) shaws the structures after the shape cuesfrom the rst
view were incorporated, and the secondrow ((b), (e), and (h)) and the third row ((c), (f), and (i))
shaow the structures after the shape cuesfrom the secondand the third views were incorporated.
The rst columnin Figure 8 ((a), (b), and (c)) show the structures without subdivision (i.e., only
the initial 7 7 patch was used), while the secondand third columns shaw the structures with
subdivision. By comparing the rst column with the other two columnsin Figure 8, we seethat
much more faithful approximations to the imaged structure were obtained using re nement. By
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comparing the rst row with the secondand third rows in Figure 8, we obsene how additional

structures were captured and represenied by processingadditional views. For example, Figures 8
(d) and (g), which show the structures after the information from the rst view was incorporated,
do not shaw the tail structure. This was becausethe tail was not visible from the rst viewing

direction. Also, the structures of the nedk and head which were not visible from the rst view were
not updated (hence,the bad side of the model stayed in the original cylindrical shape). After the

secondview was processedthe tail structure started to appear. Howewer, by comparing Figures
8 (e) and (f), one seethat the tail structure was not faithfully modeled in Figure 8 (e) because
the width of the tail was not determined unlessthe third view was processed.Also, Figure 8 (e)

doesnot shav the concave structure of the nedk as viewed from the third direction (Howewer, the

structure of the nedk visible from the rst and secondviews was correctly modeled, seeFigure

8 (h)). Finally, as depicted in Figures 8 (f) and (i), the shapes of the tail and nedk were better

approximated when the third view was processed.

Another example, using a soap dispenser,is shovn in Figures 9 through 11. We started with
the sameinitial structure in Figure 6 and graduately re ned the structure. As canbe seenin Figure
11, most of the structure re nement occurred at the area around the sprout where the structure
was most complicated. The state re nement processwas again useful as can be seenin Figure 11
(a), the original patch was not able to represert the sprout structure faithfully .

The nal example demonstratesthe use of the state propagation. Figure 12 (a) shows the
image of a wine glass, which possesses symmetrical structure about its vertical axis. Since
the structure was known to be symmetrical, it should be possibleto construct a complete 3D
description with a minimum amount of image constraints. Hence,instead of taking pictures from
three di erent directions asin the previous examples,we took only one pair of stereoimages,and
the left image of the stereo pair is shown in Figure 12 (a). The depth constraints obtained from
the stereoanalysiswere duplicated using Equation 24, and the occluded structure was predicted by
propagating the state vector of the visible structure. The structures before state propagation and
after state propagation are shown in Figures 12(b) and (c), respectively. As canbe seenthat Figure
12 (b) captured the visible structure well, but the occluded structure was not updated. In Figure
12 (c), we obsene that by propagating the state vector, we were able to construct a complete 3D
description, even when part of the surfaceswas occluded. These experimertal results demonstrate
the potential of our algorithm in 3D modeling using heterogeneousensordata.

5 The Concluding Remarks

To summarize,the useof Kalman ltering on hierarchical B-spline surfaceprovidesa newframework
for integrating multiple sensorydata. The ability to adaptto di erent imagedstructure complexity,
to maintain high-order surfacesmoothness,to propagatethe structure in the spatial domain, and to
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integrate the least-squareestimation with the spline theory are powerful metanismswhich should
prove useful in 3D shape modeling.

Currently, we are investigating how the state vector can be propagatedthrough time. Sud prop-
agation is necessarywhen the imaged object either moves or deforms. For propagating a B-spline
surface'sstate vector over time, it is important that certain internal constraint on the propagation
be formulated. That is, it is not sucient just to predict the possible motion or deformation of
the imaged object basedon the current and previous motion and deformation parameters. (Cer-
tainly, such prediction should be performed using the sameKalman ltering technique.) It is also
neededthat certain integrity constraints be imposedon the temporal propagation. For example, if
the object is known to be rigid, propagation of the state vector must maintain the rigidity of the
resulting structure. If the object is known to be exible but not stretchable (e.g., a pieceof paper),
propagation of the state vector must maintain the resulting Gaussiancurvature.

Our future researt plan also includes investigating methods for generating realistic anima-
tion sequenceof a dynamic modeling process. We conjecture that deforming a B-spline surface
is equivalert to deforming the de ning polygon net. Sincethe de ning polygon net is a rectan-
gular grid structure, the reconstruction equation developed in [48]|whic h also operateson a grid
structurelis readily applicable. Hence,realistic animation sequencesan be simulated.
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Synthetic Data Analysis: position measurements
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Figure 2: Simulation results: shape construction using position measuremets

Synthetic Data Analysis: orientation measurements
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Figure 3: Simulation results:

structural update using orientation measuremerts




(a) left image: frame 1 (b) right image: frame 1

(c) left image: frame 2 (d) right image: frame 2

(e) left image: frame 3 (f) right image: frame 3

Figure 4. Stereoimage pairs of a ceramic bird.
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(a) structured light image: frame 1 (b) structured light image: frame 2

(c) structured light image: frame 3

Figure 5: Structured light imagesof the ceramic bird.
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Figure 6: Initial surfacestructure of the ceramic bird.
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(a) (d)

(b) (e)

() (f)

Figure 7: Reconstruction sequenceof the ceramic bird.
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(9)

(h)

(i)
Figure 8: Reconstruction sequenceof the ceramic bird.
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(a) left image: frame 1 (b) right image: frame 1

(c) left image: frame 2 (d) right image: frame 2

(e) left image: frame 3 (f) right image: frame 3

Figure 9: Stereoimage pairs of a soap dispenser.
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(a) structured light image: frame 1 (b) structured light image: frame 2

(c) structured light image: frame 3

Figure 10: Structured light imagesof the soapdispenser.
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(a) root-patch structure

(b) structure with subdivision

Figure 11: Reconstruction surfacestructure of the soapdispenser.
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(a) input image

(b) structure before state propagation (c) structure after state propagation

Figure 12: Reconstructed surfacestructure of the wine glass.
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