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Abstract

In order to cope with an environment, a robot needs to
know where things are located, about the size and shape
of objects, and ultimately what the objects are. This pa-
per is about computing such information and presents an
overview of our current work in building geometric de-
scriptions of objects from sensor data. Its particular fo-
cus is a computational methodology which addresses the
constituent problems of reconstruction and parts decompo-
sition.

1. Introduction

In order to cope with an environment, a robot needs to
know where things are located, about the size and shape
of objects, and ultimately what objects are. This paper is
about computing such information and presents an overview
of our current work in building geometric descriptions of ob-
jects from sensor data. The kinds of descriptions we seek
are volumetric and part oriented. Objects are represented
as conjunctions of volumetric elements, where each element
is used to approximate the shape of its corresponding part
[Ferrie 86; Ferrie & Levine 85,88; Pentland 86]. The idea
is to proceed in bottom-up fashion using only general con-
straints about the structure of objects in computing these
descriptions. Differential geometry can provide these con-
straints as well as serve as a unifying framework within
which to address the constituent problems of reconstruc-
tion [Blake & Zisserman 87, inference [Ferrie & Levine 88]
and multiple view integration [Ferrie & Levine 87].

In contrast, the current trend in the literature seems to
be towards so-called model-based vision where information
extracted from sensor data is used to index into a database
of object descriptions [Grimson & Lozano-Perez 84; Bhanu
84; Bhanu 87; Bhanu & Ho 87; Bolles & Cain 82]. Presum-
a.bly, once a descrxptlon is matched to invariant features of
sensor data, the necessary attributes of an object can be
found by look-up. But there are some shortcomings with
this approach, primarily the difficulty in creating generic
object models [Biederman 85] and the complexity incurred
by explicitly representing each instance of an object in the
domain of observation [Grimson & Lozano-Perez 84]. While
model-based vision does indeed work, we believe that there
is more to be gained in the long run, both in terms of gener-
ality and insight into the larger vision task, by investigating
the problem of how basic structure and shape information
can be inferred from sensor data.

Our previous work focused on the problem of comput-
ing coarse descriptions of objects from intensity and range

data [Ferrie & Levine 88]. By trading off loss of fine de-
tail against smoothing, it was shown that it is possible to
obtain coarse, but stable descriptions of the form shown
in Figure 1b from the data shown in Figure 1la. While
adequate for certain tasks, the earlier approach was lim-
ited in that it had no provision for evolving descriptions
from coarse to fine, and was also limited to measurements
from a single sensor. This paper describes an evolution of
the earlier methodology which extends the computational
framework to remove these limitations. By augmenting the
local representation and applying minimization techniques,
it is possible to reliably estimate features at finer resolution
and combine estimates from different sensors. Recent work
by Zucker and his co-workers [Zucker et al. 88] suggests
that a similar approach can also be used in the aggregation
of local features.

—
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Figure 1a & 1b (a) Image of a stone owl sculpture
(b) Rendition computed from (a) using simple volumet-
ric primitives

We begin in Section 2 by outlining a paradigm devel-
oped earlier for deriving volumetric descriptions of objects
from sensor data [Ferrie & Levine 88]. This is followed in
Section 3 by a brief review of the mathematical tools used
for computation as well as the representations we use for ob-
jects. The principal contribution of this paper follows next
in Section 4 and describes the computational approach used
to extract surface features and determine the parts decom-
position. The testbed used for implementing our models
and performing experiments is briefly described in Section 5
with the results of some experiments shown in Section 6.

2. Images to Surfaces to Objects: A
Paradigm

Objects can be described at many different levels of
abstraction, depending on what properties need to be made
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explicit. For example, one might be interested in coarse
geometric properties of the form shown in Figure 1, which
make basic features of size and shape explicit [Ferrie &
Levine 88]. The basis for this representation is the notion
of a parts decomposition, in which the surfaces of an object
are partitioned into regions corresponding to natural parts
[Hoffman & Richards 84]. If such a partitioning of a surface
can be found, then the task remains as to how to infer
the more global geometric properties from each of these
regions. Differential geometry plays a dual role here. Local
properties such as surface curvature can provide cues about
how to partition a surface along natural part boundaries
[Hoffman & Richards 84; Ferrie & Levine 88|. Inferences
about the more global properties of a region on a surface
can be drawn by applying principles of differential geometry
in the large [Hilbert & Cohn-Vossen 52.

However, in order to be able to apply these tools, one
requires a stable representation of the surfaces of an object
in a form suitable for analysis. Whether initial surface es-
timates are recovered indirectly from the properties of an
image, or else acquired by direct surface measurement (e.g.
a laser rangefinder), such estimates are only samples of a
surface as well as being subject to noise and quantization
error. Thus, there is a considerable gap between sensor
measurements and the stable analytic forms required for
analysis. We refer to this as the problem of reconstruc-
tion [Blake & Zisserman 87]. Other factors that must be
considered in deriving object models are the availability of
measurements from different kinds of sensors as well as the
fact that scenes are rarely static, i.e. the observer and/or
the object being viewed can move [Ferrie & Levine 87].

The above considerations lead to the following paradigm
for deriving object models:

1. Reconstruction: The surfaces of an object are recov-
ered from samples estimated from sensor data. Im-
portant properties of a surface such as the location of
discontinuities and features of the differential geometry
are computed as by-products of the reconstruction pro-
cess. The reconstruction process may also encompass
the integration of information from different viewpoints
and/or sensors.

2. Parts Decomposition: A correspondence is determined
between naturally defined parts of an object and regions
of the reconstructed surface. We refer to these regions
as surface patches.

3. Inference: Given a repertoire of basic shapes for repre-
senting the 3-D geometry of parts (i.e. volumetric prim-
itives), the one that most closely resembles the struc-
ture of a particular patch is selected. This selection is
made by inferring the larger structure of the patch from
its local properties. The parameters of the selected part
model are determined by fitting it to the corresponding
patch.

3. Representation

The paradigm for deriving object models is based on
computing three distinct representations: the local neigh-
bourhood of a point described by its augmented Darboux
frame &p, the sets of frames S; which describe the surfaces
of each part (known collectively as the parts decomposi-
tion), and the volumetric elements V; corresponding to each
part.

3.1 Mathematical Preliminaries

The representation for surfaces makes use of some basic
concepts from differential geometry. An important prop-
erty of a surface S in this regard is normal curvature k.
Let T, be defined as the plane tangent to a point P € S,
and Np as the unit normal vector to S at P (Figure 2).
Now let Iy be a plane containing Np and notice that for
any particular direction v € Ty, Il intersects S in a con-
tour called a normal section. The normal curvature &, at a
point P in the given direction is defined to be the curvature
of its normal section with its value given by

Kn = — (dNp(v),v) = Op(v) , (1)

where v is a unit vector that defines the orientation of Iy,
and ITp(v) is the second fundamental form [do Carmo 1976].
As Il is rotated about Np, &, can take on maximum and
minimum values corresponding to the principal curvatures
kp and Ky respectively. The directions associated with
each are referred to as the principal directions M and M.

Figure 2 A surface and its tangent plane

One can estimate these quantities with a local approxima-
tion of S of the form z(u,v) = (u,v,h(u,v)), where z(u,v)
is approximated using points sampled from S. Methods for
local estimation have been described elsewhere, e.g. [Besl
& Jain 86; Fan et al. 86; Ferrie & Levine 88; Sander 88| to
name but a few.

3.2 Local Representation of a Surface

Sander [88] introduced a local representation for sur-
faces that offers a number of advantages with respect to
problems of surface reconstruction and parts decomposi-
tion. The local structure of a surface at a point P is repre-
sented by its augmented Darboux frame, £€p = (P, &M, KM,
Mp,Mp, Np), where kpr and ky are the principal curva-
tures, Mp and Mp the principal direction vectors, and
Np the unit normal vector respectively at point P € S.
We use this representation in two ways. First, it deter-
mines a parabolic quadric surface Z(u,v) in local coordi-
nates at each point P € S. This is used in a constrained
least-squares minimization process which results in a sta-
ble interpretation of the surface and its features [Sander
88]. Second, as a result of this minimization process, the
frames make explicit the principal curvatures and direc-
tions at each point on the quantized surface. Local minima
in the principal curvatures provide important cues for parts
decomposition [Hoffman & Richards 84].
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3.3 The Parts Decomposition

A parts decomposition is a segmentation of a surface
into regions that correspond to different parts of an ob-
ject. The criteria we use in forming the parts decomposi-
tion is based on the Hoffman & Richards [84] theory. More
formally, Let S € R® define a set of augmented Darboux
frames corresponding to the surfaces of an object O. We
define a surface patch S; as a partition of S such that

n
5=|Js;,st.(5) Sics
=1
by Y= el i)
)
where

m
S;= | ép,.s:t. (445) €p, C S;
k=1
() ép ()€, =0, ki=1,m; k#L

(2)

That is, we seek to partition the set of frames defining S

into non-overlapping subsets where each corresponds to the

surface of one and only one part. Given a single observation

of an object represented by a surface of the form Z(u, v), this

translates to finding the part boundaries manifest in discon-

tinuities, negative local minima of curvature, and occluding

contours. The problem is significantly more complex for an

object observed from more than a single viewpoint and is

discussed in more detail in [Ferrie & Levine 87,88].

3.4 The Parts Description

Each part is described at two different levels of abstrac-
tion, first by a set of frames S; at the surface level, and
second by a volumetric primitive V; at t%le level of part ge-
ometry. The computational task is to infer the appropriate
representation V; for each S; and determine the associated
parameters, i.e. given some object O,

oxV=Jv, Vel (3)

Any shape descriptor can be used to represent a part pro-
vided that (i) there is a mechanism for selecting a particular
V €T where more than one choice exists, (ii) that its pa-
rameters can be computed from a given surface description,
and (iii) that it ultimately reflects the features of interest
[Pentland 86; Ferrie & Levine 88].

4. Computational Aspects

The computational problems that have to be solved fol-
low directly from the representations just outlined, i.e. es-
timation of £p from sensor data to describe the surface S,
the partitioning of S into |J; S; to identify part surfaces,
and the inference of V; from S; to describe part geometry.
In previous work each of these problems was solved by lo-
cal analysis based on differential geometry [Ferrie & Levine
88]. To make this analysis work reliably, averaging was in-
troduced that smoothed out fine details but preserved the

essential structure of objects at coarse scales. In this paper
we show how reconstruction based on curvature consistency
[Sander 88] can be be used to reliably estimate local fea-
tures without loss of detail. This approach has been suc-
cessfully applied to computing the first two components of
the representation described above.

4.1 Estimating the Initial Frame

Most approaches to estimating £p VP € S are based on
a local least-squares approximation of the local neighbour-

“hood of P [Besl & Jain 86; Fan et al. 86]. This approach

can work provided that the neighbourhood is void of dis-
continuities, adequately sampled, and that noise and quan-
tization error is sufficiently limited. But these constraints
are difficult to maintain with real data. For example one
can try to improve least-squares approximation by draw-
ing on a larger sample size, but this results in a smoothing
of local features and possibly the inclusion of discontinu-
ities. A number of approaches have been proposed to adapt
the sampling neighbourhood to minimize these effects, e.g.
[Ferrie & Levine 88|, but remain largely data dependent.

Instead we choose to view local least-squares as a means
of obtaining initial estimates of ¢(p. Using this approach
one can compute the parameters of a parabolic quadric
f(u,v) = au?+buv+cv? and determine N, kpr, £y, M, and
M using standard methods [do Carmo 76]. The size of the
least-squares approximation neighbourhood is selected to
be large enough to provide reasonable estimates, yet small
enough to minimize smoothing. In addition, the placement
of the sampling neighbourhood is set to avoid possible dis-
continuities [Ferrie & Levine 88]. The problem now is to
refine these local estimates into a correct interpretation of
the underlying surface.

4.2 Iterative Refinement of the Darboux Frame

Estimates of ép VP € S can be improved by applying
minimization procedures that incorporate additional infor-
mation about surface properties. One approach, character-
ized by methods of variational calculus [Courant & Hilbert
53; Blake & Zisserman 87|, employs constraints derived
from global properties in the minimization. Another, based
on differential geometry, approaches the problem from the
opposite viewpoint by employing local constraints [Sander
88; Parent & Zucker 85]. We have adopted the latter ap-
proach in our work largely for two reasons. First, the mini-
mization problem can be completely specified in terms of lo-
cal properties, resulting in a single interpretation of the sur-
face. Second, the computational formulation of the prob-
lem results in an efficient iterative algorithm that converges
rapidly [Sander 88].

Sander [88] applied the notion of curvature consistency
[Parent & Zucker 85] to the problem of inferring differen-
tial structure from three-dimensional images. The essential
ideas of Sander’s algorithm can be explained with the aid
of Figure 3. Let {p and g, be two adjacent frames on
a surface S, and Sp and Sg, their associated parabolic
quadrics respectively. If £p and £g, are assumed to lie in
the same neighbourhood of S, then an estimate of £p in
terms of £Qq, £pPa, can be derived from g, by transport-

ing g, along Sg, to £p [Sander 88]. Now let R(fg), E('.L)
be a measure of mismatch between £p and £p,, 0 GNP at
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iteration step ¢, where N defines the local support (neigh-

bourhood) of ¢p. The algorithm minimizes R(Eg), fg‘),) by

(i+1)

updating {p" ’ with the least mean square error fit to N.

Figure 3 Extrapolating from €Qa to £pq

What curvature consistency means in this context is
that the least mean square error fit is subject to constraints
defined on N. These constraints fall out of assumptions
about the local structure of N, i.e. that N can be char-
acterized by a C? surface. This assumption implies the
following constraints which must be formulated as part of
the minimization procedure:

(VD -NP) =1 (MO .MP) =1 (MP-N®) =0

' (4)
Sander’s algorithm decomposes the minimization into two
components corresponding to refinement of the local sur-

face normal Ng and principal direction vector M}(,’) respec-

tively!. Sander used the method of Lagrange multipliers to
realize the following minimization functional:

J=E+E,

n
By =) |INp — Npall® + (kar — £aapa)? + (Kx — Kypa)?

a=1

+A((Np - Np) - 1)

n
Ey =) |Mp—Mpq|® + (M2 — 1) + X3(Mp - Np) (5)

a=1

where superscripts (z) have been omitted for clarity.

However, E; as formulated is dependent on the direc-
tion of Mp, which can lead to ambiguities in the resulting
minimization. We avoid these difficulties by re-formulating
E; as follows. Express M in tangent plane coordinates as

Mp = b; cosd + by sin ¥, (0,27) s.t. 1) b, €Tp
2) lBy]l = [[Baf| = 1-
3) (b1-5)=0

1 Since Ms;) is orthogonal to MI(;), it need not be considered.

Then -
Ey = mainaz:1 [1— (Mp(6) - Mpo)?] . (1)

The technical details relating to the determination of Epa
and the minimization of E; and E; are beyond the scope
of this paper, but are discussed at length in [Sander 88]
and [Ferrie & Lagarde 88]. However we do summarize the
resulting updating rules for Np, karp, & Mp:

Bt eI L e

(i+1)
VZa M)+ (S N + (T N, )
(8
n n
9 K 1 K
,cglﬂ) = Z %ﬂ ,C(MH) = Z % 9)
a=1 a=1

The updating rule for M. }(,H'l) is obtained indirectly in terms

of 8 in (8), which is the orientation of M I(,Hl) in Tp coordi-
nates, i.e.,

(A22 = All) + \/(Au — A22)2 + 4A¥2

(++1) _ tanl
[/} an AL

n

Aij =) (Mpq - b;)(Mpq - B), (10)

a=1
where 0 is chosen as the solution that minimizes (10). The
solution for M}(;'H) is obtained by substitution in (6).

4.3 Analysis of Surface Features

The point of the minimization strategy is to obtain a
description of the surface S that is stable with respect to
further interpretation [Blake & Zisserman 87]. This allows
for a more direct interpretation of features and specifically
avoids having to deal with the problem at the level of fea-
ture interpretation, e.g. [Boulanger 87]. Determination of
features related to obtaining the surface partition is a case
in point.

Hoffman & Richards [84] argue that a natural basis for
surface decomposition is the principle of transversality reg-
ularity. Simply stated, the interpenetration of two arbitrar-
ily shaped surfaces (i.e. corresponding to different parts)
results in a contour of concave discontinuity of their tangent
planes. In the context of smooth surfaces, our principal fo-
cus, this translates into the partitioning of S into parts at
loci of negative minima of each principal curvature along its
associated family of lines of curvature [Hoffman & Richards
84]. We will refer to such loci as critical points. Thus, it
is important to have stable estimates of the principal cur-
vatures and directions at each point on S. The following
procedure is used to determine the loci of critical points.

Let £ps(z,y) and &y (z,y) represent stable estimates of the
principal curvatures corresponding to S sampled on the dis-
crete grid (z,y), i.e. S(z,y), with corresponding principal
directions M(z,y) and M (z,y). The directional derivatives
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in these directions are K(z,y)|m and &'y (2,y)|m Tespec-
tively. Then a point P 1s deemed to be a critical point
iff

khe(z,y)lM =0 AND kp(z,y) <O

OR

&y(z,y)|]M =0 AND «kn(z,y) <O. (11)

Another important feature of a surface is Gaussian cur-
vature Kp = kapp X k£ Mp, Which relates to the generic form
of a surface in the vicinity of P. Table 1 below shows some
of the inferences that may be drawn from an examination
of Gaussian curvature.

Model Signs (kM,Km) Ratios (kpr,km)
Sphere (+,+)5(-) 1
Ellipsoid (+,4),(-) o eccentricity
Cylinder (+,0),(-,0) 00,0
Hyperboloid (+) o eccentricity
Planar (0,0) undefined
Figure 5 Generic Surface Classification

Of particular interest are points of inflection on S where
the sign of Gaussian curvature changes. Critical points
and points of inflection are important features in surface
inference and reconstruction [Ferrie & Levine 87,88]. In
practice, application of (11) in the identification of critical
points, and the localization of inflection points in K (z,v)
are problems of finding the zero-crossings on a discrete
grid. This is easily accomplished by local approximation
of the near-neighbourhood of each point by a planar sur-
face f(u,v) = au+bv + c and the analytic verification that
f(u,v) = 0 for some element in this neighbourhood [Fer-
rie & Levine 88]. Again, it is important to emphasize that
the relatively straightforward determination of critical and
inflection points is made possible by having a stable repre-
sentation of S in terms of &p.

The same is true for occluding contours of S, points
of which can be identified by the angle between the surface
normal N and view vector V. Furthermore, if S is assumed
to be smooth and in orthographic projection to the viewer,
then the Z component of N will roll off to zero along the
occluding contour. It is this latter property that we use in
identifying the trace points of the occluding contour.

One surface feature that is conspicuous by its absence
is the surface discontinuity, which can be thought of as the
limiting case of a critical point. The problem of locating
surface discontinuities is a topic of considerable research,
particularly as it relates to surface reconstruction [Blake
& Zisserman 87; Leclerc 89]. We are currently pursuing
this problem in the context of the curvature consistency
algorithm used to reconstruct the surface. For the purposes
of the present discussion, however, it is assumed that either
the locations of such points can either be found by alternate
means, or that surface measurements introduce sufficient
smoothing such that a discontinuity can be treated as a
critical point.

4.4 Determining the Surface Partition

Critical points, points on the occluding contour and
points where the surface is discontinuous are important
cues as to where to partition a surface into its constituent
parts. We refer to these as trace points. Figure 4 shows
how a dense covering of trace points leads to the parti-
tioning of a surface into two parts. Reconstruction algo-
rithms provide for the reliable identification of such trace
points, but the task remains of finding the integral curves
vi(s) = (zi(s),i(s),2(s)), &= (1, no. parts ) that parti-
tion the surface S. Given the frames £p corresponding to
a dense covering of trace points, v;(s) can readily be found
by interpolation [Ferrie & Levine 88]. However in the case
where the covering is sparse, e.g. the “virtual” partitioning
edge in Figure 5, v;(s) is underdetermined.

» : Occluding contour
= : Part intersection

Figure 4 The partition of a surface determined by trace

points
physical virtual
edge edge
- o = ol

Figure 5 Partitions determined by “dense” and “sparse”
coverings of trace points

In such a case one must introduce new constraints that
relate to the expected structure of v;(s). We are currently
investigating the application of energy-minimizing spline
fitting in the inference of these curves [Kass et al. 88; Ter-
zopoulos 87a,87b; Zucker et al. 88]. Our problem formu-
lation is directly analogous to that described in Zucker et
al., [88], where the task is to find a global covering of plane
curves through a 2-D tangent field. The difference is that
we seek a covering of space curves through a 3-D tangent
vector field. Let v(s,t) = (z(s,t),y(s,t),2(s,t)), 0<s<
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1 represent a deformable curve with kinetic energy func-
tional T'(v) defined as

! 1
T(s) =2 /0 ulur[*ds, (12)

where p is the (constant) mass density, and the potential
energy functional U(v) defined as

ik
UM:%A(M@MF+WMMM+w@MM2

+ I(v) + S(v))ds,

(13)

where
- wy(s)vs controls the tension of the curve;
- wz(s)vss controls the rigidity of the curve;

- w3(8)vess controls both the rigidity and twisting force
(torsion) of the curve;

- I(v) is the potential field coming from the tangent field
information (£p);

- S(v) is a force between neighbouring curves that oper-
ates when they are in close proximity.

The space curves that we seek are described by those func-
tions z(s,t),y(s,t) and z(s,t) for which

&
/: T(v) - U(v) dt (14)

0

is a minimum. Zucker et al. [88] describe solution methods
obtained from the calculus of variations as well as how to
obtain the various parameters and potential fields for the
2D case. We are currently investigating an extension of
their methodology to the 3D case.

4.5 Fitting Part Models

The set of contours, {v;(s)}, effectively partition S into
U; Si. For each i = 1, no. parts, we now seek to infer a
corresponding volumetric element V; that best character-
izes its 3-D shape. Different subscripts are used to signify
the fact that one or more surface patches S; can map to
a single volumetric element V;, e.g. where a surface is oc-
cluded or where multiple viewpoints are involved [Ferrie &
Levine 88]. This really does not pose a problem as multi-
ple instantiations can be resolved at the level of volumetric
description using the “same space” assumption [Ferrie &
Levine 88]. That is, if two or more parts with similar para-
metric descriptions occupy the same positions and orienta-
tions in 3-D, then they are treated as multiple instantiations
of the same part. This reduces the problem of fitting part
models to (1) finding the V; € T that best characterizes a
particular S;, and (2) determining the parameters of V; by

minimizing
I‘Ij(z) Y, Z) L S':(I, Y, z)l' (15)

There are a number of different approaches to solving
this problem. Pentland [86], for example, used a single su-
perquadric model to represent all parts, reducing the prob-
lem to a single minimization. Ferrie & Levine [88] used the
largest elliptical or cylindrical sub-region of S; to character-
ize the geometry of the part according to Table 1, and took

advantage of model symmetries in reducing the complex-
ity of the minimization where possible. For example, Fig-
ures 6a & 6b show how the centers of curvature, which are
easily determined from {£p}g;, project into points and axes
of symmetry for spheres and cylinders. The same holds true
for symmetric ellipsoids, reducing the complexity of the
minimization problem that has to be solved. Where such
symmetries do not exist, we use a conventional least-squares
approach to determine model parameters. The weakness of
our present method, however, is that it does not make use
of {€p}s: in the least-squares minimization, i.e., it uses the
initial raw data sampled from S;. A better approach, cur-
rently under investigation, is the parameterization of model
primitives in terms of ¢p.

Figure 6a & 6b (a) Center of symmetry and (b) axis of
symmetry determined from the loci of centers of curvature

5. The ShapeBench Environment

Part of our efforts have also been directed at the devel-
opment of a flexible testbed in which the different aspects
of the modeling problem can be investigated in a uniform
environment. We believe that such tools are an essential
part of the research effort.

5.1 A Directed Grap}l Representation — Arcs, Nodes
and Sockets

Our paradigm has a repetitive processing pattern. Al-
gorithms take data and produce new data which is used
by other algorithms. We can think of a process flow along
the arcs of a directed graph connected between alternating
nodes of algorithm and data. A directed graph is a useful
representation. When presented visually it gives the user
a good overview of the organization of the paradigm and
if we can arrange to manipulate the configuration graphi-
cally, say with a mouse, then we have a useful and intuitive
“programming” method.

Figure 7 shows a Symbolics Lisp machine window in
which is displayed the directed graph used to calculate cur-
vature regions [Besl & Jain 86]. There are three basic struc-
tures on the graph: nodes, arcs, and sockets. The nodes are
the rectangles, the arcs are the lines connecting the nodes,
and the sockets are indicated by the three letter tags in-
side the input and output edges of the nodes. The sockets
provide us with a mechanism to ensure that the arc con-
nections between nodes are compatible.

All of the graphic objects are mouse sensitive. When
the mouse cursor is positioned over an object it is high-
lighted to indicate that the right mouse button will display
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Geometric Inferencing Tool

Figure 7 Directed graph display of the process used to
calculate curvature regions [Besl & Jain 86].

a menu of operations available for the object. For exam-
ple node menus always contain operations that can move
or delete a node, the sockets menus have an operation to
connect an arc, and the arcs an operation to delete the
arc. The other mouse buttons, in combination with modify
keys, provide shortcuts to the more frequently used opera-
tions from the menu. When the mouse cursor is not over
an object the right button will display a list of commands.
Some examples are commands to create new types of nodes,
to save the graph to file, and to clear the graph.

5.2 Function Nodes

The function? nodes are indicated by the large rectan-
gles in Figure 7 and are the structures responsible for ex-
ecuting the algorithms in our paradigm. They define node
menu operations that permit the value of function param-
eters to be edited.

The sockets are considered to be part of the function
node. The mouse sensitivity of the sockets changes accord-
ing to context. For example and input will not be sensi-
tive when connecting an arc with an input socket at the
other end, or if the tags at the other end is not compat-
ible. Thus we can restrict the kinds of connections made
between nodes.

ShapeBench provides a Lisp macro to add new types of
function nodes. The specification allows the user to define
the inputs, the outputs, and parameters, followed by the
code that implements the algorithm. For each input and
output the user assigns a symbol, and a map data type. The
symbol can be referred to in the algorithm code. Inputs and
outputs may be declared as optional. Similarly parameters

2 A function in the computational, not the mathematical sense.
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are also referred to by symbols, and a given a system data
type and a default value. A mechanism is provided that
allows the user to edit the parameter values.

5.3 Map Nodes

The map® nodes are indicated on the directed graph by
the smaller square nodes. They are the structures which
manage the data used by the algorithms. The map nodes
are responsible for allocating, and deallocating the data
structures produced by the function nodes. They also de-
fine addition node menu operations which can produce a
graphic display of the data, for example as a two dimen-
sional intensity image, or as a projected three dimensional
image.

Lisp macros allow the user can define new map types.
Map types are added to a data base from which is con-
structed a menu of choices when the command to create a
new map node is invoked.

5.4 Updating the Graph

As it stands the graph is only a definition of the algo-
rithm we are investigating. In order to run the algorithms
we say that the graph has to be updated. Node menu items
are provided that allow the user to update any given node,
and a command menu item allows the user to update the
entire graph. A node is updated by recursively updating
nodes feeding it’s inputs. When a node is updated it is
time stamped. The time stamp is used by future updates
to avoid unnecessary calculations. If a node is modified, for
example the value of a parameter is changed, or the con-
nections to it are changed, then the time stamp is changed
to show that an update is required.

6. Experimental Results

Figure 8a shows the surfaces of the owl image shown
earlier in Figure 1a that were reconstructed using a shape-
from-shading algorithm [Ferrie & Levine 86]. Local anal-
ysis of curvature (i.e. without applying the minimization
algorithm) and contour interpolation resulted in the crit-
ical points shown in Figure 8b. In spite of the fact that
principal curvatures and directions are computed locally,
the results are quite stable. This is largely due to the fact
that sufficient smoothing is applied to reduce noise, and the
shape of the object is such that the effects of smoothing are
minimal. As will be seen in the following example with di-
rectly acquired range data, local methods are insufficient to
produce stable estimates for interpretation. Once critical
points and occluding contours are located, the parts decom-
position is determined (Figure 8c), resulting in six surface
patches. Two of these correspond to the wings of the owl,
another two to the eyes, one to the head, and the remain-
ing patch to the torso. The largest elliptical or cylindrical
region of each patch is then used to select a corresponding
model primitive according to Table 1. For the case of the
owl, a cylinder was automatically selected to represent each
surface as shown in Figure 8d. Although this rendition is

3 Historical roots from FORTRAN days when data was stored in two
dimensional arrays.
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rather coarse, it does describe the basic shape properties of
the object without relying on any contextual knowledge. A
more faithful rendition could be obtained by using a more
flexible part model (e.g. a superquadric), but at the cost of
increased computation.
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Figure 8a & 8b (a) Surfaces reconstructed from the owl
image (b) Critical points on the reconstructed surface

Figure 8¢ & 8d (c) Parts decomposition of the owl sur-
face (d) Coarse geometric representation computed from
the parts decomposition

The next example underscores the need for reconstruc-
tion prior to interpretation. Figure 9a shows the image of
an Indian mask acquired with a laser rangefinder, and Fig-
ure 9b the corresponding surfaces. Local estimates of cur-
vature and orientation tend to be unstable due to noise. For
example, Besl and Jain [86] attempted to classify surfaces
based on such local estimates using the signs of Gaussian,
K = Kp X £ ), and mean curvature, H = SMTEN Figures
9c and 9d show the results of applying Besl and Jain’s clas-
sification to estimates of curvature before and after appli-
cation of the minimization algorithm respectively. Notice a
considerable improvement in the results. A further demon-
stration of the stability of the surface representation after
reconstruction can be seen in the identification of critical
points on the surface of the mask. Figures 9e and 9f show
the before and after results of applying the algorithm; again
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Figure 9a & 9b (2) Image of the Indian mask (b) Cor-
responding surface acquired by laser rangefinder

Figure 9¢ & 9d K-H decomposition before (c) and after
(d) application of the minimization algorithm

Figure 9e & 9f Critical points detected (e) before and
(f) after application of the minimization algorithm

there is a considerable improvement. Observe how the con-
tours formed by these points serve to partition the surface
into its constituent parts.

7. Conclusions

In this paper we have described a bottom-up approach
to obtaining descriptions of shape from sensor data. The
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method was based on the analysis of the differential geome-
try of surfaces from the points of view of surface reconstruc-
tion, parts decomposition, and the inference of part geome-
try. In reconstruction, the concept of curvature consistency
was used as the basis for a minimization scheme that com-
puted the best interpretation of the surface in light of a local
model of curvature continuity. We showed how the result-
ing algorithm could be used to accurately determine the
differential geometry of range data. We also described an
implementation of the resulting paradigm in ShapeBench,
an interactive computer vision system for experimenting
with sensor-derived shape descriptions. Together, these fa-
cilities provide a rich environment for studying shape and
its associated computational problems.
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