Finite Element Techniques for
Fitting a Deformable Model to 3D Data

Tim Mclnerney

Demetri Terzopoulos!

Department of Computer Science
University of Toronto

Toronto, ON, Canada, M5S 1A4

Abstract

This paper presenls a physics-based approach tlo
surface reconstruction using an elasticall dzf)zformable
“sheet” model. The model 1s based on a thin-plate un-
der tension spline which deforms to fit visual data ac-
cording to internal forces stemming from the elastic
properties of the surface and external forces which are
produced from the data. We employ the finite element
method to represent the model as a continuous sur-
face. We implement two versions of the sheet using
two different finite elements. The Iﬁrst 15 a triangular,
quintic finite element whose nodal variables comprise
the position of the surface plus its first and second
partial derivatives. This element is “natural” in the
sense that the nodal variables reflect each of the par-
tial derivatives that occur in the spline’s strain energy
functional. The partial derivatives are useful in mea-
suring the differential geomeiric properties of the fitted
surface. The second element 1s a rectangular, bicubic
finite element whose nodal variables also include some
07{ the partial derivatives of the surface. We apply the
sheet model to the reconsiruction of various gﬁ data
sets generated by several different sensing technologies
related to CAGD and terrain mapping.

1 Introduction

General purpose shape reconstruction in low-level
visual processing requires models with the ability to as-
sume a wide range of shapes. The models must extract
meaningful information from noisy sensor data while
making the weakest possible assumptions about ob-
served shapes. Deformable models can stretch, bend,
and twist to assume complex freeform shapes; hence,
they seem ideally suited to this task. These models in-
tegrate, regularize, and approximate the data to pro-
duce a globally consistent interpretation.

Surface reconstruction techniques based on splines
have attracted significant interest for many years be-
cause of their versatility. However, the dynamic form
of this type of surface reconstruction was introduced
fairly recently by Terzopoulos et al. [13]. They
proposed a dynamic deformable cylinder model con-
structed from generalized splines and developed force
field techniques to fit the model to image data. The
dynamic model fitting approach is being pursued by
several researchers [6, 9, 2, 3, 14, 5, 15], as it is in this
pa}grer: ;

his paper presents a physics-based approach to
surface reconstruction using an elastically deformable
“sheet” model. The model 1s based on physically mo-
tivated multi-dimensional generalizations of classical
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splines. The model is dynamic, and its deformation is
governed by the laws of nonrigid motion. The formula-
tion of the motion equations includes strain energies,
simulated forces, ang other physical quantities. The
strain energy stems from a thin-plate under tension
spline, and deformation results from the action of in-
ternal forces which describe continuity constraints and
external forces which describe data compatibility con-
straints.

We employ the finite element method to discretize
our deformable sheet into a set of connected element
domains. The finite element method provides an an-
alytic surface representation and it generally requires
fewer discretization points than finite difference tech-
niques for the same degree of accuracy. We implement
two versions of the sheet model using two different fi-
nite elements. The first is a triangular, quintic finite
element whose nodal variables reflect the derivative
terms found in the thin-plate under tension energy ex-
pression. That is, the nodal degrees of freedom include
not only the nodal positions, but all of the first and
second order partial derivatives of the surface as well.
These quantities are useful in the analysis of the fitted
model surface. The second element is a rectangular,
bicubic finite element whose nodal variables also in-
clude some of the partial derivatives of the surface.

Finite element representations for variational prob-
lems in vision were first explored in [11]. Our formula-
tion applies the finite element method to the thin-plate
under tension spline proposed in [12] in order to de-
rive discrete nonrigid dynamics equations. Our work
is related to that of [1] who also develop a deformable

surface model which is based on the thin-plate under
tension spline.

2 Dynamic Deformable Surface Model

The deformable sheet is a rectangular open surface
represented as a single-valued scalar function z(z,y)
defined on a bounded domain in the (z,y) image
plane, where z represents the lateral displacement of
the sheet. We construct the sheet using a simulated
thin-plate material under tension. The deformation
energy of this material serves as a smoothness con-
straint which compels the sheet to vary smoothly al-
most everywhere. The data constraints apply forces
which pull the sheet laterally from its nominally pla-
nar state to the data points.

The deformation energy is given by the functional
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Figure 1: Sheet fitted to nine data points.
(a) Sheet with a;j = 0.8, B = 0.0. (b) ;= i =
i () 0y = 0.0, 6, =08,

&) = [ [arolaal? + oy +

B20 |202|” + B11 |22y |* + Boz l2yy|? de dy,

(1)

where the z and y subscripts denote derivatives in the
z and y directions respectively. &p is a controlled-
continuity spline defined in [12]. The nonnegative

weighting functions ;;(z,y) and Bi; (x,y) control the
elasticity of the material. The a1 and ag; functions
control the tensions in the z and y directions, respec-
tively. The By; and B2 functions control the bending
rigidities in the ancf y directions, respectively. The
f function controls the twisting rigidity. Increasing
the @;; has a tendency to decrease tﬁe surface area of
the material, while increasing the Bi; tends to make
it more rigid. In general, the weighting function may
be used to introduce depth and orientation discontinu-
ities in the material. In this paper, however, we do not
pursue this topic and we set the functions to constant
values a;j(z,y) = ay; and Bjj(z,y) = B

The expression for the total emergy of the de-
formable sﬁeet is

gsheet(z) = gp(z) s gezt(z): (2)

where
gezt:*//zf(x>y)dwdy (3)

is a data energy derived from the data forces f(z,y).
We fit the model to the data by minimizing this energy.

Figure 1 illustrates the surface reconstruction prob-
lem using the sheet model. The figure shows the sheet
fitted to several data points using different values for
a;j(2,y) and f;;(z,y).

In keeping with the physical nature of our recon-
struction technique, we fit the deformable sheet model
to data by making it dynamic. A dynamic formula-
tlon naturally supports model visualization during the
data fitting process, and, if needed, allows a user to
infroduce constraint forces to pull the model out of
local minima towards a good solution.

In a dynamic formulation, the positions of material
points becomes a time-dependent function 2(z,y,t)
and the simulated material is imbued with mass and
damping densities. Using Lagrangian dynamics the
energies yield forces and Epeet(2) is minimized when
the forces equilibrate and the model becomes station-

Wz /0t = 0%2/812 = 0.

. The dynamic behavior of the model during the fit-
ting process is governed by

0%z (

0z
I— — 4+ 0,& = f(z,y,1). 4
Po T 6 f(z,y,t) (4)
where the first term represents the inertial forces due
to the mass density p(z,y), the second term represents
the damping forces due to the damping density (@, y),
the third term represents the elastic force which resist

deformation, and finally f(z,y,t) represents the data
forces.

3 Finite Element Representation

To apply the finite element method, we tessellate
the continuous image domain (z,y) into a mesh of el-
ement subdomains F;. We approximate the continu-

ous z as a weighted sum of piecewise polynomial basis
functions N;:

N

i(w, yt)y= ZNi(z, V)q(t) = 2(x,y,t), (5)

=1

where q; is a vector of nodal variables associated with
mesh node i. We define q = [q],...,q],.. R

Substituting (5) into (4) yields the discrete equa-
tions of motion

where the mass matrix M, damping matrix C, and
stiffness matrix K are sparse, symmetric matrices and
f, are nodal data forces. These global matrices and

nodal data forces may be assembled from their asso-
ciated local element matrices, M/, C7, K/ and nodal
forces f3, by expanding each element matrix appro-

priatelil into a ¢ X ¢ matrix and then summing. For
example:

M
K:ZK;Xqv (7)
Fr=1

where K7 is the element stiffness matrix associated
with element E;, j=1,...,.M

- We now derive expressions for M7, C/, K/, and
f] from element kinetic and potential energy function-

als. Let zj(a:,y,t) be the position of material point
z,y within E;, and let ¢/ denote the concatenation
of nodal variables for all the nodes of E;. Following
equation (5), we write the element trial function

F(z,y,t) =Nz, 9)d () » 7 (a,0,), (8)

where N’ are known as element shape functions. Note
that the basis functions N; are obtained by superpos-
ing the shape functions associated with node . The
element velocity is 027 /0t = N7q/, where ¢/ (t) is the
rate of change of the nodal variables.
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The kinetic energy associated with element E; be
expressed as

1 037 9% ek

= g G U )

2/ B 50 o dzx dy ‘ 54 M! ¢, (9)
E;

where the element mass matrix is given by
M = // I Dy (10)
E;

We introduce simple \{elocity—}l)lropgrtjona,l kinetic
gnergly dissipation according to the dissipation func-
iona

1 921 9zl el iy
s Seie Py = il GG
2//7& 5 dedy=54"Cd, (1)
E;
where the element damping matrix is given by

s // YN TN de dy. (12)
E;

According to (1) the element deformation matrix
may be expressed as

£i(2) = //ajTej dz dy (13)
E;

where the strain vector is

g [09 0 @d @ )T
dz " Oy Ox?’ 9xdy’ Oy

and the stress vector is

e |
: O sl S5 Bih e
o’ = 0 0 BJZ() 0 0 ¢ = DJCJ,
@7 pptiogio th Bag
0, i e s i

(15)

Using (8), we can write
¢ =Bq, (16)

where B/ is the element strain matrix. Inserting the
expressions for € and 67 into (13) yields

E)=d K¢ (17)

where the element stiffness matrix is given by

Figure 2: C! continuous triangular element. The three
nodes are numbered.

Finally, according to (3), the potential energy in
element E; due to data forces fi(z,y,t)is

_//ij"(w\y)dxdy=—qﬂf3’ (19)
Ej

where the nodal data forces are given by

i / / N’ £ dz dy. (20)
Ej

3.1 Triangular C' Finite Element

The first version of the sheet model uses a fifth-
order triangular finite element[4]. The nodal variables
of this element are z, along with its first and second

partial derivatives evaluated at each node i. The nodal
variable vector for the sheet is therefore

v

Qi(t) —= [2i> ( zw)z :( Zy)i v( Z-‘b‘l')i ’( zz‘y)i )( Zyy)i] g

(21)

These nodal variables reflect each of the partial deriva-

tives that occur in the thin-plate under tension energy
(1) functional.

Figure 2 shows the C'! continuous element defined
locally in the dimensionless oblique coordinates (&,n).
In this local coordinate system, the global coordinates
(z,y) can be expressed as

= (I1=-€&—=n)zs+Ez1 4z (22)
= (I'=tc=aqits LY tnUs

where (z;, ;) are the global coordinates at the nodes
of the triangular element (as numbered in the figure),
and the local nodal variable vector becomes

a (1) = [zi> (26);, (2n); > (22¢); » (2¢n); » (Znn),']T .
(23)

The transformation from global to local coordinates is

q; = Tiq;, (24)
y S B
K’ = // B’ D’B dz dy. (18) where the transformation matrix T; is specified in [4]
5, (pp. 100-101).
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Concatenating the q;, at each of the three nodes
of element j, we obtain the 18-dimensional element

nodal vector q} = laf,,q,, 93] According to (8),
we can write the local trial function as 27(¢,9,t) =
N’(€,m)qz(t). The nodal shape functions N;(€, )

which are contained in the 18 x 18 matrix N7/ are spec-
ified in [4] (pp. 100-101). Note that the polynomial
basis of the element is complete up to fourth-order
terms and contains three fifth-order terms. The trial
functions are C'*° within elements and they ensure C'!
continuity between elements. Since (1) contains up to
second order derivatives, the element 1s conforming.

The shape functions are expressed in terms of the
local coordinates (£,7) and it is convenient to work
with these coordinates. Thus, the required derivatives
of the shape functions in the strain matrix B are com-
puted using repeated applications of the chain rule and
equation (23). Also, a function f(z,y) may be inte-
grated over E; by transforming to the local coordinate
system:

f/f@n@dzdy:y//f@i&n%%&n»dﬂJdﬁmr
B; E;

(25)

where
oz
- 8] ()

is the Jacobian matrix. These integrals are approxi-
mated using Gauss-Legendre quadrature rules.

3.2 Rectangular C! Finite Element

Since the image domain is rectangular, it is natu-
ral to use rectangular finite elements. Consequently,
we also implemented the sheet model using a four-
noded rectangular bicubic Hermitian element with
nodal variables z, along with its first derivatives and
second cross-derivative evaluated at each node :. The
nodal variable vector for this version of the sheet is

Thus there are sixteen degrees of freedom per element.
Although the nodal variables of this element do not
contain the full set of nodal derivatives, the uniform
tessellation of the image domain along with the ele-
ment nodal first derivatives can be used to compute
the remaining second derivatives.

For the rectangular Hermitian bicubic element, the
local coordinates

£=2( - 20),

Slesie

2
n=2(-%), ()
are used ((z.,y.) are the coordinates of the element
center). Using this element, the trial function Z can
be written as

S DAL oL v s
20z,Yy) = 1123 21 61' 32 ay 44 axay,

(29)

=1

5 i J
& A
4:(-1,1) ":\IL 3:3,1)
7
E-c1 :
(x.y) E b
1:(-1,-1) 2:(1,-1\
E=1
ni-1

X

Figure 3: Hermitian rectangular element. The four
nodes are numbered.

where
Mi = No(©)Noi(n), Nai = Noi(€)Ni(n)
Nsi = Nu(€)Noi(n), Nai = Nii(§)Nis(n)(30)

The nodal shape functions N;; are specified in [8]
(pp. 206). Note that the trial function (29) is an in-
complete sixth-order polynomial in terms of ¢ and 7
and possesses continuity in both the function and its
first derivatives. As the energy functional &, contains
2nd order partial derivatives, the Hermitian bicubic el-
ement ensures continuity of the trial function and its
first derivatives at element interfaces, hence this ele-
ment 1s also conforming.

3.3 Numerical Integration

In computer vision and geometric design applica-
tions involving the fitting of models to data, we can
simplify the equations of motion (6) while preserving
useful dynamics by setting the mass density u(z,y)
to zero to obtain Cq + Kq = f;. This first-order dy-
namic system governs a model which has no inertia

and comes to rest as soon as all the applied forces
vanish or equilibrate.

We integrate equation (3.3) forward through time
using an explicit first-order Euler method. This
method approximates the temporal derivatives with
forward finite differences. It updates the degrees of
freedom q of the model from time ¢ to time ¢t + At
according to the formula

qmﬂw:¢ﬂ+Audm*(Qﬂ_K¢ﬂ. (31)

The time step At must be selected carefully, since
small time steps slow down the computation while ex-
cessively large time steps result in numerical instabil-
1ty.

In our implementation, we do not explicitly assem-
ble and factorize a global stiffness matrix K as is com-
mon practice in applied finite element analysis. In-

stead, we update the nodal vectors qgt‘“\‘t) iteratively
by computing the product K/q’ on an element-by-
element basis using the element stiffness matrices K.
This approach makes the model fitting process easily
parallelizable.
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4 Applied Forces

Our dynamic surface reconstruction paradigm ap-
plies data constraints to the model as external force
distributions f(z,y,t).

For laser range data or digital terrain maps, we use
forces based on distances between data points and a
model’s surface, and the continuous force distribution
becomes a discrete, vector of forces. That is, we define
long-range spring-like “point” forces

f(2,9) = #|lp — 2(p, )| (32)

proportional to the separation between a data point
p in space and the point of influence z(z,,y,) of the
force on the model’s surface.

For the sheet model, the data point p(z,y) is pro-
jected onto the surface parallel to the 2z axis. Equation
(20) can then be applied to transform this force into

an equivalent set of nodal forces .

5 3D Generalization

The deformable sheet model is represented as
a single-valued scalar function z(z,y) defined on a
bounded domain in the (z, y) plane as described above.

We have also implemented a deformable “balloon”
model, using a more general, multi-valued parametric
representation

x(u,v) = [a(u,v), y(u, ), 2(w, 0)] T (33)

where vector x represents the positions of material
points (u,v) relative to a reference frame ¢ in Eu-
clidean 3-space. Note that the single-valued sheet
model representation can be considered as a special
case of the multi-valued representation: x(u,v) =
[u,v, z(u,v)] .

The deformation energy of the thin plate material

u??fi‘ tension for the multi—valued case 1s an extension
0

S = //ﬂlo I%u|” + o1 %o |‘2 + |

2 2 2
B0 [Xuul” + Bi1 [¥uv|” + Boz [Xuu|” dudv,
(34)
where the u and v subscripts denote parametric deriva-
tives.

6 Surface Analysis

Once a surface has been extracted and recon-
structed from the data, a logical next step is to char-
acterize the surface structure for use in analysis, visu-
alization, and recognition tasks. For example, surface
curvature extrema often correspond to signiﬁcant in-
trinsic features of an object [7]. Consequently, it is
desirable for a surface model to not only extract accu-
rate and meaningful information from the data, but to
provide the extracted information in a convenient and
useful form.

From differential geometry, 3D smooth surfaces are
uniquely characterized by their first and second fun-
damental forms. The parametric surface form of the

sheet model (ie. x(u,v) = [u,v,z(u,v)]T), along
with the finite element approximation, provides us

with an analytical description of the reconstructed sur-
face that is directly amenable to a differential analy-
sis. Furthermore, since the nodal variables of our fi-
nite elements contain not only the nodal position but

the nodal derivatives (i.e. Xy, Xy, Xyu, Xuv, Xuy Where
Xy = 10:22) and x, ={0,1; Z—;) etc.) as well, all the

information needed to compute the first and second
fundamental forms of the surface is generated auto-
matically. The intrinsic differential characteristics of
the surface, such as the unit normal and the principal
curvatures, can be conveniently computed from this
information.

7 Applications

We have applied our surface fitting technique using
the deformable sheet model on sampled laser range
data and a 3D digital terrain map. Our experiments
run at interactive rates on a Silicon Graphics Indigo
workstation.

7.1 Fitting Surfaces to 3D Range Data

This section demonstrates the reconstruction of sur-
faces from regularly sampled laser range data. Range
data based surface reconstruction has practical apph-
cations in the areas of visualization and CAD based
manufacturing. The range data used in the experi-

ments are from the NRCC 3D image database [10].

In the first set of experiments we fit a 50x 50 element
deformable sheet to the following range images

e 5000 range data points randomly sampled from a
128 x 128 pixel range image of a statuette (Fig.
4(a)) (NRCC image database CAT §155).

e 2599 range data points randomly samgled from a
range image of the upper “hemisphere” of an egg

(Fig. 4(d)) (NRCC image database CAT #233).

e 7696 range data points randomly sampled from a
range image of the upper part of a mug with a
pitted surface (Fig. 4(g)) (NRCC image database
CAT §251).

For this set of experiments, the weights «;; and f;;
were set to 0.8 and 0.01 respectively, the force gain pa-
rameter k was set to 30.0 and the time step A{ was set
to 0.002. The fitting process required approximately
80 seconds, 40 seconds, and 80 seconds to complete
for each of the three data sets respectively on a Silicon
Graphics Indigo workstation. Both implementations
of the sheet model were fitted to the range images
listed above, with similar results. Figure 4(c) shows
the result of the rectangular finite element version of
the sheet, while figures 4(f) and 4(i) show the result of
the triangular element version.

7.2 Digital Terrain Mapping

We used the deformable sheet to reconstruct 3D
terrain models from cartographic data. For this ex-
periment we extracted isoelevation contours from a

256 x 256 digital terrain map. Figure 5(a) shows a
rendering of the digital terrain map. We subsampled
the terrain map using 8 contour lines at 200m inter-

vals(Fig. 5(b)) and then fit the sheet to the resulting
sparse contour data. Figure 5(c) shows the final fitted
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(8) (i)
Figure 4: (a)(d)(g) Range data images. (b)(e)(h) Sheet deforming to data. (c)(f)(i) Final reconstructions.

(b)

Figure 5: (a) Original digital terrain map. (b) Rendered contour data. (c) Reconstructed terrain.
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surface using 30 x 30 square elements. The fitting pro-
cess takes on the the order of 20 minutes to compﬁate,
primarily due to the sparseness of the data; in areas
where there is little or no data the model takes more
time to “fill in”.

8 Conclusions

We have developed two finite element implemen-
tations of a dynamic deformable sheet model based
on a thin-plate under tension spline. The behavior of
the dynamic model is governed by equations of mo-
tion, which make the model responsive to forces de-
rived from the 3D data and cause the model to con-
form to the data. The dynamic formulation naturally
supports model visualization during the data fitting
process. We use the most “natural” finite elements
to represent the model as a continuous surface. The

triangular element is a conforming C! element whose
nodal degrees of freedom reflect the derivative terms
found in the energy expression the thin-plate under
tension spline and they can be used in the analysis
of the surface properties of the fitted surface. The
rectangular element is also a conforming C! element
whose nodal degrees of freedom include useful deriva-
tive terms. We have demonstrated the usefulness of
our sheet model for reconstruction of surfaces with ir-
regular shape features by applying them to laser range
data and digital terrain data. We are currently exper-
imenting with local subdivision techniques and adap-
tive meshes to increase the efficiency, accuracy, and
flexibility of our model.
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