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Abstract

CAD-Based Computer Vision: Modeling and Recognition Strategies

By
Patrick Joseph Flynn

In this thesis we develop a computer vision system for recognizing and locating
three-dimensional objects in an industrial setting, where the objects have been de-
signed on a commercial solid modeler (CAD system). Such a vision system can aid
in automating labor-intensive manufacturing tasks such as inspection, classification,
and packaging for shipment. The problem to be attacked is stated as follows: given a
depth map containing one or more 3D objects which are piecewise-planar, piecewise-
quadric, or piecewise-surface-of-revolution, identify and locate those objects which
are instances of predefined 3D models stored in an object database.

Of particular importance to an object recognition system is the representation
of 3D objects. The representations produced by present-day CAD systems are not
organized efficiently for object recognition, and some salient features are not stored
explicitly. One major contribution of this work is the development of a novel ap-
proach to object representation. We link a 3D boundary representation with powerful
viewpoint-dependent features to produce augmented relational graph representations
of objects.

One of the popular computational models for object recognition is interpretation-
tree search. We have implemented a search-based recognition module which itera-
tively proposes identity and pose hypotheses for combinations of scene surfaces, and
then discards hypotheses not in agreement with the scene content. Several hypoth-

esis verification steps are used to prune the search space being explored; these steps



involve comparison of the scene entities in the hypothesis and model features, and
tests are based on intuitive geometric constraints such as proximity, visibility, and
relative orientation.

This object recognition system is evaluated with both synthetically-generated
depth data from CAD models of twenty objects and depth data acquired from a
triangulation-based 3D range finder. An input image is segmented into connected
surface patches using a region-based local-feature clustering technique, followed by
patch merging at domain-independent and domain-dependent levels. Surface patches
are classified using regression and surface curvature estimates. Classified patches,
their parameters, edge positions, and edge lengths serve as input to the identifica-
tion/localization module. This system is implemented on a graphics workstation in

the C and Common LISP languages, and tested on a variety of 3D objects.
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Chapter 1

Introduction

This thesis describes an object recognition system employing geometric models of 3D
objects constructed on a computer-aided design (CAD) system and range (depth)
imagery; given these two inputs, it identifies instances of the object models present in
the scene and estimates their location and orientation. Such a system can be used suc-
cessfully in automated manufacturing environments to perform inspection, assembly,
sorting, bin-picking, and classification tasks with the aid of a robotic manipulator. In
this chapter, we motivate the object recognition and localization problem, the role of
CAD models, and the use of range imagery. An outline of the remainder of the thesis

concludes the chapter.

1.1 Manufacturing and Computer Vision

Modern manufacturing enterprises are becoming increasingly automated. Computer
technology is present in one form or another in almost every manufacturing plant,
regardless of the products produced, the quantity produced, or the intended consumer.

The primary goals of automation are

e improved product quality,
e reduced manufacturing cost, and

e reduced lead time.

Benefits derived from automation can include increased production rates and im-
proved consistency. The primary requirement for successful automation in manu-
facturing is the integration of information between design, fabrication, testing, and
inspection. Integration allows design integrity to be maintained throughout this se-
quence. The most important information involved in this integration is geometric
(specifically, solid models of the objects to be fabricated).

One of the most successful applications of computers in manufacturing has been
the use of CAD software to design mechanical parts. Over the past decade, many

1



draftsmen have been replaced by engineers with desktop workstations; product speci-
fications are converted to mathematical descriptions of the parts to be manufactured,
and these descriptions are stored ‘on-line’, without resorting to paper copies. In sit-
uations where the mechanical parts can undergo stresses, finite-element techniques
and simulation studies can validate a design against specifications, often eliminating
or reducing the fabrication and destructive testing of prototypes. Finally, when a
design is found to meet all manufacturing requirements, the geometric model of the
object residing in the computer can be translated into process plans and programs
for computer-driven numerical control machines which fabricate the part from stock
materials.

The scenario described above is being carried out at many manufacturing facilities.
However, the usefulness of geometric models in automated manufacturing certainly
does not end there. The last decade has seen much progress in computer vision
techniques and their applications in industrial environments. Vision systems are used
in the factory for a number of tasks [68]:

e Metrology: verification of dimensioning tolerances;

e Surface Inspection: examination for proper finish and absence of other surface

flaws;

o Integrity and Placement Verification: checking for presence and proper posi-

tioning of subparts;

e Model Acquisition: construction of an object description from an image or a

series of images;

o Navigation: provide information about the environment to a teleoperated or

autonomous vehicle;

o Feature Localization: identify and locate a particular feature (such as a hole or
corner) on an object, without finding the overall position and orientation of the
object; teleoperated or autonomous vehicle;

o Recognition: identification of a part as one of several that might be seen by the

sensor; and



e Object localization: estimation of the position and orientation of the part in the

sensor’s field of view.

In many of these vision applications, geometric information about the manufac-
tured part(s) is useful or even essential. For example, to verify that a given dimension
of the part being viewed is within a specified tolerance of the design value, one needs
to know the design and tolerance values. Clearly, the geometric model produced by
the part designer can provide much, if not all of the object information required by an
industrial vision system. Paradoxically, though, the integration of CAD information
into industrial vision systems has only recently been attacked in its own right [11]. As
computer vision research matures and industrial applications of vision assume more
importance in manufacturing, this issue of integration is becoming an area of serious
research.

Part of the contribution of this thesis is a method of integrating geometric models
designed on a mechanical CAD system into a model-based 3D object recognition and
localization system.

Of the several industrial vision problems outlined above, the latter two (recog-
nition and object localization) have received much attention from computer vision
researchers but they remain difficult and challenging problems. Computer vision re-
search has recognized that two fundamental problems underlie the recognition and
localization task: representation of 3D objects, and matching of stored representa-
tions to the sensed image of the scene. The representation problem has been studied
by researchers in computer graphics, CAD, and vision; computer vision systems can
benefit from the prior work done by others. However, the matching problem has
only recently been addressed in sufficient generality to be of interest in automated
manufacturing. In the sequel, we will refer to the tasks of recognition and localiza-
tion jointly as the recognition problem; in Chapter 5, recognition and localization are
attacked as a single unified task. The second major contribution of this thesis is the
implementation of a 3D object recognition system which takes as its input a range
image (depth map) of a scene with one or more objects, possibly in self-occluding or
mutually-occluding positions, and produces as its output a listing of (known) objects

in the scene along with their locations and orientations.



1.2 Three-Dimensional Sensing

The discussion above has motivated the usefulness of computer vision in the man-
ufacturing environment, and suggested a multifaceted role for object geometry in
applications involving sensing of the manufactured parts. However, the actual ex-
traction of surface geometry is a difficult problem. Many prior vision systems have
employed intensity sensors such as CCD (charge-coupled device) cameras to obtain
images. The resulting images contain information about surface finish, ambient and
active lighting, and other extraneous information as well as the desired information
about the scene geometry. The scene geometry is present in implicit form, and the
difficult task is to extract it explicitly. Computer vision researchers continue to attack
the problem of extracting depth information from intensity images using a variety of
‘shape-from-X’ approaches such as shape from shading [59), shape from texture [121],
and shape from occluding contours [115]*.

Recent years have seen the development of a variety of techniques for sensing depth
(range) information directly. A survey of such techniques appears in Chapter 3; here,

we broadly classify range sensors into one of four types [7]:
e Radar sensors: time-of-flight, AM, and FM detectors;
e Structured light sensors: triangulation-based techniques;
o Stereo: methods using multiple cameras or light sources; and

e Miscellaneous methods: Moire fringe analysis, holographic interferometry, and

depth-from-focus.

Structured light sensors obtain depth information by projecting a line, grid, or
other pattern on the scene, which is sensed by an intensity sensor at a known lo-
cation. Knowledge of the pattern’s geometry and the camera’s position allows the
depth to be derived from the distorted pattern seen by the intensity sensor. In this
dissertation, images of 3D parts are obtained from a structured light scanner [113]
in our laboratory; images from other sensors (e.g. radar range finders) could also be

used.

1Many of these approaches are supported by biological evidence; human beings do quite well at
recovering shape from intensity imagery. Some animals use different sensing strategies to find the
‘shape’ of their environment (e.g., bats use a radar-like sense).




1.3 3D Object Recognition

A 3D object recognition system employs data from two sources to interpret a scene:

o A model database, containing representations of the objects to be recognized,
and

e A scene representation, which summarizes the scene content extracted from the

sensed image(s).

The process of identifying a model object which is present in the scene is referred to
as matching, interpretation, recognition, or identification. Many systems, including
the one developed in this dissertation, also perform localization, the estimation of a
rigid rotation and translation required to bring the coordinate system of the identified
model into correspondence with the scene coordinate system.

We will defer a survey of existing object recognition systems to Chapter 5 and
limit our discussion to a taxonomy of recognition techniques. Figure 1.1 illustrates
two design dichotomies in object recognition systems. Designers must choose a repre-
sentation strategy for their object models; the primary distinction deals with dimen-
sionality. Are models represented internally as a series of 2D views (e.g. silhouettes),
or are model curves and surfaces expressed geometrically in a common 3D coordinate
system? Additionally, the nature of the sensed image affects the recognition strategy.
The two major types of imagery in use today are intensity (or 2D) imagery, and range
(or 3D) imagery?. The choice of object representation strategy and image type results

in the following four types of object recognition systems:

e 2D-2D (2D image, 2D model) matching strategies are often practical in con-

strained recognition environments.

e 2D-8D (2D image, 3D model) strategies have been popular topics of research
because they combine the descriptive power of 3D models with inexpensive and

fast 2D sensing strategies.

e 3D-2D (3D image, 2D model) techniques have not been studied in any depth.
Matching a 3D image against a 2D model is wasteful of the image data. For

2Not all researchers would agree with this classification. Some point to work in shape-from-
shading as an argument that intensity imagery is ‘more than 2D’; some view range imagery as 24D
because data from the ‘underside’ of the object is not obtained, and reserve the 3D label for stacks
of density maps (e.g. MRI images) from which data on all surfaces of an object can be obtained.
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Figure 1.1: Design dichotomies in object recognition systems.

example, we would be discarding almost all of the range data in a system which

Type of image

2D 3D
2D-2D 3D-2D
2D-3D 3p-3D

matches 2D silhouette models to 3D images.

e 8D-3D (3D image, 3D model) methods have received much attention recently;
our system falls in this category. An additional point of departure in this area
is the source of object models. One contribution of our work is the use of
CAD models in the recognition system; many prior systems use hand-designed
models, incomplete or coarse models, or models learned from multiple images.

3D representations are studied in detail in Chapter 2. We should note, however,
that the issue of power in object representation has historically been a barrier to
the use of 3D vision systems in industrial applications. Most of the early systems
employing 3D models were limited to either polyhedral or generalized cylinder repre-
sentations for ob jects. Neither approach captures enough variation in 3D geometry to
adequately and unambiguously represent a large class of manufactured parts. A versa-
tile vision system using 3D models should allow objects constructed using constructive
solid geometry (primitive shapes and Boolean combinations), sweeps, profiling, and
extrusion methods to be represented exactly. Our system is an improvement over
polyhedral representations, but does not attempt to represent objects with complex

sculptured surfaces.




1.4 Synthesis: CAD-Based 3D Vision

In previous sections we have identified problems. in the manufacturing domain that
can be addressed using computer vision techniques. We have also highlighted the
central role of object geometry in these applications. Range sensors can provide a
computer with a dense sampling of 3D points on an object’s surface.

This thesis describes a vision system which recognizes and locates three-dimen-
sional objects in an image of a scene obtained by a range sensor. Models of the
objects to be recognized are constructed using a commercial CAD system (GEO-
MOD [110]), and stored in a database. Each object is described in the database as
a list of surfaces (planes, cylinders, and spheres) and bounding curves (lines, circular
arcs, and parametric curves). Higher-level view-dependent and view-independent ge-
ometric features are inferred from the geometric model produced by the CAD system,
producing a vision model used during the matching stage. A block diagram of the
system appears in Figure 1.2.

One important contribution of this thesis is its approach to creation of the object
models against which the scene description is matched. Rather than creating models
by hand, or building models by merging information from several views of the object,
our models are constructed automatically from a CAD database. A number of geo-
metric inferencing steps are performed on the CAD descriptions in order to extract
object features that are useful in matching. The end result of the inferencing system
is a relational graph model that contains a large amount of ezplicit geometric infor-
mation about the objects. This information is necessary in building efficient object
recognition strategies.3

The scene information to be processed is in the form of a range image, which
contains explicit measurements of distance between the sensor and objects in the
scene. This image is segmented to extract homogeneous (smooth) surface regions.
From regions, geometric features (principal surface curvatures and directions), which
characterize the ‘local’ shape of the surface at each point, are calculated. These

3 Automatic construction of vision models from CAD models is useful in environments where new
objects are being designed. In some environments, however, one might wish to create vision models
for objects which already exist. If so, the construction of models from multiple views [91, 116] might
be preferable to the effort of measuring the object, entering the measurements into the CAD system,
and building a vision model using our approach. In a sense, model-building from multiple views
and model-building from CAD models are complementary operations, and each has its place in 3D
vision systems for industrial object recognition.



Model Database

—) Geometric

i

CAD system
4 Inference
Chapter 2

Matching
Module

Segmentation

and

Classification

o

3D Sensor§

O

Chapter 3

A Chapter 4

Scene interpretation
-Object Identity(s)
-Object Position(s)

Chapter 5

Figure 1.2: Block diagram of the CAD-based computer vision system




features are used to classify surfaces (e.g. planar, spherical) and estimate their pa-
rameters (e.g. the radius and orientation of a cylindrical patch). The extraction of
smooth surfaces and their parameters from the image is done in the segmentation and
classification module in Figure 1.2.

The output of the segmentation step is a list of classified surfaces in the image.
The recognition module (named BONSAI) takes this information and attempts to
match it against objects in the model database. The strategy used for recognition
is the interpretation-tree search paradigm. BONSAI makes tentative hypotheses of
identity for scene surfaces and model surfaces, attempts to extend these hypotheses to
include additional scene and model surfaces, and rejects those hypotheses which are
inconsistent with respect to the model under consideration. A number of constraints
are used to reject hypotheses so that the search tree can be pruned. The second major
contribution of this work is a detailed examination of the constraints on interpretation
provided by object models and scene geometry. These constraints allow inconsistent
hypotheses of object identity and pose to be rejected early in the recognition process,
allowing a larger model database to be examined efficiently.

1.5 Outline of the Dissertation

The remainder of this dissertation is organized as follows. In Chapter 2, we survey
three-dimensional object representation, describe the integration of geometric models
constructed on a CAD system into our vision system (with particular emphasis on
geometric inference), and describe our model database. Chapter 3 outlines the prin-
ciples of 3D range sensing, describes the Technical Arts 100X sensor used to obtain
our range images, and contains example images of the objects used in testing of the
BONSAI system. Chapter 4 describes the segmentation and classification procedures
used to obtain a symbolic scene description from an input depth map. Chapter 5
describes our search-based recognition system. Experiments using a variety of object
models and sensed scenes appear in Chapter 6. Finally, Chapter 7 summarizes our
results and recommends future directions for research in 3D object recognition.



Chapter 2

Representation: Formalism, CAD
Models, and Vision Models

2.1 Introduction

In Chapter 1, we motivated the commonality of geometric knowledge between de-
sign, fabrication, and visual tasks such as 3D object recognition and localization.
In essence, we wish to have one logical (not necessarily physical) geometric knowl-
edge base for the entire manufacturing cycle, with representational modifications as
necessary, driven by the requirements of the processes involved. While a complete
discussion of such representations and modifications is beyond the scope of this dis-
sertation, it is important to discuss in some detail popular geometric representations
and describe those used in this thesis.

In this chapter, an outline of the mathematical properties of solid models is fol-
lowed by descriptions of the popular methods for representing three-dimensional ob-
jects in commercial CAD systems. Then, we focus on the geometric modeling system
(GEOMOD) [110] used in this research to create CAD models. A survey of repre-
sentations used in computer vision research follows. The remainder of the chapter
describes our CAD-to-vision model inferencing system, including examples of the

model construction process for a few typical 3D objects used in this thesis.

2.2 Formal Properties of Geometric Representa-
tions

In this section, we discuss the mathematical formalism of 3D solid representations.
Excellent surveys of solid modeling appear in Requicha [95], Requicha and Voel-
cker [93, 94], and Brown [23].

A representation method [95] M is a relation involving sets containing solid objects

10
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Cube

Dangling 2D surface

Figure 2.1: A ‘nonsense’ object.

and representations of solid objects. A member m; € M is an ordered pair (o;, s;),
where o; € O is an object (or a collection of objects) drawn from a set of objects and
s; € S is a representation (a model) of o; drawn from the set of syntactically-correct
representations (Requicha observes that S is a language generated by a grammar
using a finite alphabet). Let D C O and R C S be the domain and range of M.
Elements o € (O — D) are not representable by M, and elements s € (S — R) are
syntactically-correct representations with no corresponding physical object (they are
often called invalid representations).

Once the concept of representation has been expressed mathematically, we can

ask some standard questions about the relation M:

o How large is the set D? This allows us to judge the power of the representation
scheme. A representation M, admitting only polyhedra is less powerful than a
scheme M; admitting natural quadrics, because the domain of M, is a proper
subset of the domain of M.

o How large is R? If R = S, the representation scheme does not admit ‘nonsense’
objects (e.g. an object with a ‘dangling’ surface; see Figure 2.1). While it
is difficult to imagine a human designer intentionally creating such ‘nonsense’
objects, a procedure for automatically detecting and flagging such models would

be useful in situations where they are generated by a computer.
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%

Figure 2.2: A 3D object. Various representations for this part appear in the text.

¢ Are representations complete (unambiguous)? A representation s is unambigu-
ous if
(61,3) EM A(02,8) EM = 0 = 0.

The method M is unambiguous (formally, left unique) if
(01,8) € M A(02,8) EM = 0, = 0; Vor,0, € DVs € R.

If M is ambiguous, representations do not contain enough information to re-
construct the 3D object. In 3D vision, complete models are desirable for a
pragmatic reason: they can allow synthetic images (intensity and range) to be

produced from the model.

o Are representations unique? Unique (formally, right unique) schemes are func-

tions from O to S; they satisfy
(0,81) € M A(0,52) EM = s, =3,Yo€ DVsy,8, €R.

If not, more than one representation in R corresponds to a single physical object.
In commercial CAD systems, this situation can easily arise, since different design

methodologies can produce the same object.

The ‘ideal’ 3D representation method produces only valid representations, is unique
and unambiguous (and hence one-to-one), and also has a rich domain of representable
objects. Most 3D representation methods fail one of these criteria; this partially
explains the variety of approaches used by researchers to represent 3D solids.

To some degree, the particular representation strategy used in model-building
can be ‘hidden’ from the end user of the modeling software. Most commercial solid
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modelers allow the user to build objects using constructive solid geometry (CSG)
techniques (primitives and Boolean operations; see below). However, the internal
representation of the solid so constructed need not be a CSG representation. Indeed,
some solid modelers maintain multiple representations of objects under construction,
in order to offer the user flexibility of design, speed of display, and representational
power. For example, the GEOMOD software used in this research contains three
distinct representations of each object.

¢ A boundary representation (B-rep), where curves and surfaces are nonuniform

rational B-splines.

o A ‘CSG-like’ tree describing the design history in terms of primitives and oper-

ations.

o A polyhedral approximation to the object’s boundary (which is useful for dis-

playing the object during the design cycle).

Hoffmann briefly discusses the issues of abstraction in solid modeling, and the use-
fulness of multiple representations [58, pp. 6-14]. Of course, the use of multiple
internal representations introduces a coherency problem. How does the modeler en-
sure that all of the internal representations describe identical objects? Discussions of

this problem are beyond the scope of this dissertation.

2.3 Representation Schemes

This section describes the dominant 3D object representation methods in use today:
CSG, B-rep, volumetric techniques, sweep representations, and view-centered ap-
proaches. Most of these representation schemes has been used by vision researchers
for the representation of 3D shapes. Besl and Jain [9] have examined 3D modeling
from the vision perspective. Samet [98] gives detailed explorations of data structures
suitable for internal representations of 2D and 3D solids. The model-building system
developed in this thesis combines the representational power of B-reps with view-
centered information to produce a relational object model; to our knowledge, such a
combination of approaches is unique.

For reasons of clarity, a common mathematical notation for models produced by

different representation schemes is adopted. All representations will be denoted by
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R with a subscript specifying the type; e.g. Rcsg will represent a CSG model of a
given object. In addition, we will give an example of most representation schemes for
the object shown in Figure 2.2.

2.3.1 Representations used in CAD Systems

Here, we discuss representation methods used in many CAD systems. Computer
vision research employing these representations is noted in the descriptions.
Wire-frames

A wire-frame object representation is a graph

RWF = {vWF’ gWF}v

where the vertices are 3D points on the object surface (typically corners or other
distinguished points), and the graph edges represent a physical edge on the object.
These representations do not contain surface information and are therefore not com-
plete, since the ‘solid’ portion of the wire frame is not defined in the graph structure.

Few 3D vision systems have employed wire-frame representations.

Constructive Solid Geometry (CSG)

In CSG-based modeling, a finite set of primitive shapes (often simple shapes such as
right circular cylinders, spheres, and boxes, but occasionally more general shapes or
halfspaces) are combined using regularized Boolean operations to produce the desired
solid. A CSG model is stored as a tree

Rese = {Vese,€cscls

with vertex set Vcsg and edge set Ecsg. Edges of the tree enforce precedence among
the Boolean operations used to construct the object. If the vertex set is partitioned

into subsets containing leaf and interior vertices,
Vese = vlecj le'nteﬂ'on
then V,e,s’s members are ordered pairs of the form

Vieas = (type, parameters)
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where type denotes the type of primitive (i.e. cylinder, cone, box), and parameters
gives both the intrinsic parameters of the primitive (e.g. the cylinder’s radius.and
length) and the location and orientation of the primitive in 3D. Each member of
Vinterior 18 one of the (regularized) Boolean operations UNION (Ux), INTERSEC-
TION (Nx), and DIFFERENCE (—x).! A CSG tree for the object in Figure 2.2
appears in Figure 2.3. The intrinsic and location parameters of the primitives at the
leaves are not shown. Lin and Chen [77] developed a 3D vision system which extracts
CSG object representations from range data and matches them against a CSG model

database.

Surface Models (B-reps)

A more powerful alternative to the CSG representation is the boundary representa-

tion. A B-rep can be viewed (conceptually) as a triple

RBrep = {SBreps IBrepa gBrep}o

with Sp,p the set of surfaces of the object, Ig,., a set of space curves describing the

intersections between the surfaces in Sp,p, and

gBrep = {vBrepa gBrcp},

a graph describing the surface connectivity. Vertices in Vp,., represent the surfaces
in Sprep, and edges express connectivity. Care must be taken to resolve any possible
ambiguities in representation due to the sense (or polarity) of neighboring surfaces.
Consider the two objects in Figure 2.4. The only difference between these two objects
is the sense of the top cylindrical patch (convex on the left, and concave on the
right). This difference could be expressed in the connectivity graphs Gp,p (although
the difference in sense might also be expressed via different parametrizations of the
cylinders or the cylinder-plane creases).

Figure 2.5 shows a portion of the B-rep model for the object in Figure 2.2 (the
entire representation would be difficult to draw in a legible way on paper). Note the
presence of individual surfaces and connectivity information (the small arcs).

Surfaces (i.e., elements of Spg,.p) can be represented in a variety of ways [8]. Three

of the most popular approaches are

1A regularized Boolean operation will produce a resultant object without dangling 2D or 1D
artifacts. Regularized operations are conventionally denoted with a star following the logical operand

(e.9. Us).
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Figure 2.3: A CSG tree for the example object of Figure 2.2.
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Convex cylinder Concave cylinder

—

Figure 2.4: Possible ambiguities in boundary representations.

Figure 2.5: A portion of the B-rep for the example object.
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e the implicit surface form
S = {(z’y’z) : f(x’y’z) = 0}’
o the general parametric form

S = {(z,y,2) : = fi(u,v),y = fa(u,v), z = f3(u,v),(u,v) € D C R*},and

o the graph surface form
S= {(zsy’z) 2= f(z’y)a (.‘L’,y) €EDC Rz}’

Clearly, the graph surface is just a special case of the general parametric surface; we
highlight it because range data is usually viewed as samples from a graph surface (the
range value z is a function of a point in the zy plane). The problem of fitting surfaces
to range data can be tackled using regression techniques [39] when the graph surface
representation is used.

Polyhedral models (in which the elements of S are planes and elements of T are
lines) are the simplest boundary representations. Polyhedra are also very compact
descriptions, requiring four scalars per surface. The primary drawback of polyhe-
dral models is their representational power; objects with curved surfaces cannot be
represented exactly, and polyhedral approximations to curved objects are not unique.

The next ‘simplest’ surface representation is the quadric surface. Implicit quadrics,
defined by

S ={(z,y,2): a12° + agy® + a3z® + a4zy + aszz + agyz + a7z + agy + agz + a;0 = 0},

can represent many of the surface types encountered in manufacturing, such as
splieres, cylinders, planes, and cones. If the implicit quadric is represented in gen-
eral form, ten parameters are required per surface patch. However, Goldman [44)
has noted that if the quadric type and its geometric parameters are stored instead,
as few as five parameters are required. This ‘geometric’ representation for quadric
primitives enjoys other advantages over the implicit equation when the problem of
fitting quadrics to sensed data is considered. If one knows the surface type a priori,
one can employ nonlinear optimization to get the best approximating quadric of that
type, whereas traditional least-squares techniques pay no attention to surface type
in fitting the surface. In [39] we explored the nonlinear fitting method as part of a
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surface classification strategy; one of the techniques developed there will be used in
Chapter 4 for surface classification.

Most B-rep CAD systems use the general parametric form to represent surfaces;
in particular, GEOMOD uses nonuniform rational B-spline surfaces of the form

S= {(.‘L‘,y, z) ‘T = fl(u’ v)vy = fa(u, v)az = fa(u, v),where

_ Xt Xje Bik(u) Bn(v)his Py
U fa Bl = S e ) Ba(o)hy

Here, n and m are the number of 3D control points P;; = [pz;; pyi; pzi;] in the u and

(2.1)

v parameter directions (for a total of nm points {P;;}), k and [ are the orders of the
B-spline curves along the u and v directions, and the B;x(u) and Bj;(v) are the values
of the ith B-spline basis polynomial of degree k at u (respectively, the jth degree-l
basis polynomial at v), and the h;; are control point weights associated with the P;;,
specifying their relative contribution to the surface shape.

B-rep surface models have been slow to gain acceptance among vision researchers;
two reasons for this can be cited. First, few of the true three-dimensional model-based
recognition systems have required the functionality that can be expressed through
the CAD methods. For example, recognition systems which work exclusively with
polyhedral objects have no need to employ curved surface patches and bounding
curves. Secondly, the popular surface representations in CAD (tensor-product splines)
often convey little intuition about the object surface being modeled. In this respect
natural surfaces like quadrics and planes have greater utility as modeling primitives.
The difficulties of fitting more complicated surfaces to image data, and employing
the power of those descriptions for higher-level tasks have also hindered their use by

vision researchers.

Volumetric Models

One way to represent an object is to place it in some reference coordinate system
and subdivide the volume it occupies into small ‘primitive’ volume elements (often
called vozels). Most volumetric descriptions employ box-shaped primitives (cubes
or parallelepipeds) as voxels. If only one size of box is used such descriptions can
occupy a large amount of space, since a large number of boxes might be required to
approximate a large object with a complicated boundary. This volumetric model can
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Figure 2.6: Volumetric approximation of the example object.
be represented internally as

Rvozel = {(Ix’ Iy) Iz)a P1,P2,... pﬂ}v“’here

l;,1,, and I, are the dimensions of the primitive box, and each p; fixes the location of
one of the boxes. Figure 2.6 shows a voxel representation of the example object. A
more accurate representation could be obtained (at the cost of storage and processing
time) by shrinking the box primitives. Some compression in size can be achieved by
encoding the occupied volume in octree format [98]. Other representations based on
volumetric primitives (such as spheres) have been proposed [88].

A fairly recent addition to the set of modeling primitives are the family of su-
perquadric (or superellipsoidal) solids. The canonical superquadric’s shape is con-
trolled by two parameters ¢; and €;; the expression for a point on a canonical su-

perquadric at latitude n and longitude w is given by
(z,y,2) = (cos® n - cos® w, cos” 7 - 8in*? w, sin* n),

and the entire closed solid is obtained by varying 5 through the domain [0, ], and
w through the domain [0,27]. These volumetric primitives can then be deformed
by bending, twisting, and tapering [4] to create a wide variety of curved primitives.
Boolean combinations can be used to represent arbitrarily complicated shapes. Most
‘interesting’ 3D objects would be composed of a number of superquadric primitives
placed in a common coordinate system. Figure 2.7 shows a shaded image of a double-
pyramid superquadric (€; = €2 = 2) which has been twisted about one axis. To our
knowledge there is no commercial CAD system employing superquadric primitives



Figure A twisted superquadric.
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internally. Since most interest in superquadrics has come from vision researchers,
this is not surprising [103]). Most existing work with superquadric primitives has dealt
with fitting problems rather than the development of recognition systems employing

superquadrics as an object representation scheme.

Feature-based Models

The solid modeling approaches discussed above describe objects in terms of primitives
(primitive surfaces, curves, or volumes). While such descriptions capture the shape
of an object, they do not explicitly describe design features such as holes, grooves, or
notches. Recent research in CAD has led to the development of feature-based model-
ers [19, 5], which allow engineers to design objects at the feature level, avoiding the
use of geometric primitives where possible. In addition, these modelers can maintain

the semantics associated with features, such as

e atypical set of machining instructions to fabricate the feature (drilling, reaming,

etc.),

e the local relationships among feature components (which part of the hole is
hollow?), and

e constraints on manufacturability in terms of feature parameters (for example,
we may only wish to allow ‘hole’ features with certain radius values, because

our selection of drill sizes is limited).

Feature-based models will make downstream processing of mechanical designs (such
as milling and assemblability analyses) less time-consuming; the inferences performed
for those tasks are less complicated, as the reasoning starts at the feature level, rather
than the local geometry level.

Feature-based models often employ B-reps as an internal representation. The
explicit organization of local geometry into design features may allow vision systems
to match on the features themselves, rather than their component entities. Park and
Mitchell [89]) developed a visual inspection system employing feature-based CAD

models.
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GEOMOD Solid Modeler

In this section we describe GEOMOD (110], the solid modeler used in this disserta-
tion to create 3-D models for our vision system. We also discuss the Initial Graphics
Exchange Specification (IGES), the industry-standard format for interchange of ge-
ometric data. Comprehensive surveys of the state of the art in mechanical CAD are
given in [93, 94, 95].

GEOMOD is a versatile solid modeling system using boundary representations.

1. Geometric primitives can be combined in a CSG-like fashion,
2. A 2-D profile can be extruded along a space curve or revolved around an axis,

3. A series of cross-sections can be assembled and a surface grown (‘skinned’)

between them,

4. 3D points may be specified, linked into facets, and curved surfaces fit to the

facets.

GEOMOD also offers deformation capabilities, including operations such as bend,
blend, stretch, and tweak, to modify existing object geometry and produce different
objects.

If the CSG-like assembly route is taken, the following primitives are available to
the user: blocks, cones, cylinders, spheres, tubes, and quadrilaterals. The normal
Boolean operations are available for aggregation of these primitives. The interface
between CSG operations and sweeping, skinning, and faceting operations is seamless,
because all surfaces are represented internally as nonuniform rational B-spline surfaces
(NURBS) [114). The NURBS surface form was given in Equation (2.1).

NURBS are quite powerful in terms of their representational capability. Unlike
nonrational B-splines and most other parametric surfaces, they can represent quadric
surfaces ezactly. The complexity of obtaining intersection curves between these sur-
faces is simplified because of the uniform representation. These intersection curves are
not necessarily exact, however; for example, the intersection between two quadrics is
a fourth-degree algebraic curve [76], and may not admit an exact parametric represen-
tation. However, an approximating parametric spline curve of any desired accuracy

can be easily obtained.
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CAD Output: The IGES standard The CAD user community has largely
agreed on a data interchange format for CAD systems, allowing designs created on
one CAD system to be used by others. This format, known as the IGES standard [85],
defines standard design entities for 2D drawings and 3D objects, as well as electrical
diagrams, finite-element definitions, and other manufacturing quantities. We concen-
trate our attention on that portion of the IGES standard devoted to the description
of 3D geometry.

Within IGES, 3D solids are specified as lists of the following geometric primitives:

e Lines, circular arcs, conic sections, parametric cubic spline curves, and NURBS

curves.

o Planes, ruled surfaces, tabulated cylinders, surfaces of revolution, bicubic para-

metric spline surfaces, and NURBS surfaces.

Several of these primitives will be described in detail in Section 2.4.1.

Many CAD software products advertising ‘IGES compatibility’ actually imple-
ment only a subset of the IGES specification. For example, GEOMOD will write
IGES files, but it only describes objects in terms of a subset of the available primi-
tives. An IGES file can also be read by GEOMOD, but some primitive types are not
accepted by the system.

Alternative Representations in IGES; Invisible Primitives The IGES format
can often specify objects in two different ways. Lines, circular arcs, parametric cubic
curves, planes, natural quadrics, and surfaces of revolution can be expressed either as
special cases (called the analytic form by GEOMOD), or as NURBS (the GEOMOD
rational form). A NURBS description is more powerful (i.e. not all objects composed
of piecewise-NURBS surfaces bounded by NURBS curves can be represented exactly
using only planes, natural quadrics, and surfaces of revolution), but intuitive geomet-
ric information about the object (e.g. symmetry axes, radii, and surface type) is not
explicit in the NURBS forms.

For example, consider a cone C, of height 1, with its axis coincident with the
y-axis, its vertex located at (0,1,0), and a radius of 1.0 at the base (the zz-plane).
How can this curved surface be represented within the IGES specification?

One representation for this surface is the NURBS form, which, in the context of
Equation (2.1), has
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en=8m=2,

eighteen control points P;;,

eighteen control point weights A;;,

twelve knot values in one parameter, and

four knot values in the other parameter.

Given this information, how do we decide that the parametric surface is a right
circular cone? Once we have decided that it is conical, how do we obtain the geo-
metric parameters (namely, the coordinates of the vertex, the vertex angle, and the
orientation of the axis)?

In addition to the complicated NURBS description, we can also describe the cone

as a surface of revolution: a linear generatriz

G=pp2, P1=(1,0,0), p2=(0,1,0),
revolved about a linear axis

A=psps, P3=(0,0,0), ps=(0,1,0).

Note that the axis of the cone is not uniquely determined; either endpoint (or both)
could be ‘extended’ to lengthen the axis without changing the revolved surface. This
representation of the cone surface is called the analytic representation by GEOMOD.

In the analytic form of this cone, G and A are geometric primitives but are not
visible edges on the object; they are referred to as invisible entities in the IGES
specification. Despite the fact that they cannot be sensed (and therefore should not
be matched to scene entities during the object recognition process), these invisible
entities convey valuable information about surface shape (i.e. the axis of symmetry,

the vertex location and vertex angle, etc.).

Analytic IGES: Motivation In constructing our object representation, we start
with the analytic IGES output from the CAD software. Lines, circular arcs, planes,
and surfaces of revolution are described explicitly in terms of their geometric param-
eters (see Section 2.4.1). This representation allows us to easily extract important at-
tributes and relations from the CAD model. More general surface types (i.e. NURBS
surfaces) are not handled by our current modeling system.
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Our use of the analytic IGES form rather than the rational form (in which all
primitives are expressed as NURBS curves or surfaces) is motivated primarily by
some computational considerations. It is possible (in principle, at least), to recover
the surface iype and geometric parameters from the NURBS description. Let us
examine the recovery process associated with the case of a NURBS description of a
quadric surface. The implicit equation of a quadric surface is

fovadric(Z,¥, 2) = a12® + a2y® + a3z® + 047y + a572 + agyz + a7z + agy + apz + a3 = 0.

Given a set of points {(z;,¥i,2i),i = 1,...,n} (which can be obtained by sampling
the parametric NURBS form), a quadric can be fit (if n = 10) by solving a system
of ten equations in ten unknowns. However, the finite precision of the floating-point
numbers can adversely affect the quality of a solution to the system. The traditional
method for overcoming this difficulty is to perform regression: insist n > 10 and
obtain the estimate f,y.4ric Which minimizes
n
E’= 21 ‘qzuadric‘

Invariant-based methods for classifying quadrics from the set of coefficients obtained
via regression have been published [49], but planar, cylindrical, and conical surfaces
require that an invariant of the parameter vector be tested against zero. When
the sensor data are contaminated by noise, these tests will always fail unless some
thresholds are established. The behavior of these invariants with respect to noise has

not been studied, making the choice of such a threshold an open problem.

IGES as a representation We wish to stress the following point: IGES was
intended to be used as a data interchange standard, not an object representation
method. In our work, we are treating the IGES information as a description of the
3D object, and limit our attention to a subset of the IGES 3D curves and surfaces.
One of the shortcomings in the IGES standard deals with the completeness of
representations for solid objects [120). The mathematical notion of completeness is
given in Section 2.2; briefly, a representation is complete if it corresponds to only
one physical object. While the latest revision of the IGES standard (version 4.0)
allows 3D objects to be specified as CSG trees (which are complete) [85], the descrip-
tions employing curve and surface primitives alone are not complete. The primary

shortcoming is the lack of explicit connectivity information. In most solid modelers,
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connectivity [25] is expressed in a graph on the set of surfaces, edges, and vertices.
Since we are limited in our work to the ‘partial’ B-rep produced by IGES, the Jack
of connectivity is a concern. 3D object recognition strategies make extensive use of
surface and edge connectivity during the matching process. Once a range or intensity
image has been segmented into regions, we know that adjacent image regions shar-
ing a crease edge are connected. Many object recognition systems in the literature
perform matching by establishing a correspondence between a ‘kernel’ image feature
(such as a long dihedral edge or a large region) and a model feature, and then ‘grow’
the match to adjacent model and image features to which the kernel is connected. If
connectivity is not explicitly represented in the model, it must be re-inferred when
the vision models are being constructed. While we have made some attempts in this
direction [40], our need for viewpoint-dependent information provided an opportunity
to extract topological information reliably using additional information provided by

the solid modeler. This process is described later, in Section 2.4.5.

2.3.2 Representations Used in Vision Systems

The following representations have been used primarily by researchers in computer

vision.

Sweep Representations

One popular method for shape representation which is suitable for objects whose
volumes are swept by generating curves with respect to one or more axes. We will
concentrate on objects which are representable as a single such swept volume, and
stipulate that several such volumes are required to represent ‘interesting’ objects such
as industrial parts. In the vision community, sweep representations have been well-
known as Generalized Cylinder (GC) representations [1, 86, 22]2.

A single swept volume is characterized by

e an axis (which may be straight or curved); and

e a cross-sectional area which sweeps out the volume as it travels along the axis.

2Many CAD systems offer sweeping as a mechanical design option, but few systems employ it as
an internal representation.
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2D profile

Extrusion
Direction

Figure 2.8: A sweep representation of the example object.

The cross-section need not contain the axis, and it may undergo translation, rotation,
scaling, or all three as it is being swept. Most researchers, however, assume that the
cross-section is planar and that its plane is perpendicular to the axis curve at all
times. Figure 2.8 shows that the example object can be represented as a linear
extrusion of a 2D profile. Here, the cross-section is indeed planar, and the axis is
straight. It is interesting to note that some sweep operations correspond closely to
industrial fabrication operations. The example above showed linear extrusion. If the
cross-section was also rotating, we would obtain a twisted object (e.g. a gear). If the
shape is constant but the scale changes monotonically, the result is a constant-taper
object.

An object with n swept subparts might be represented as follows:
Riweer = {51, 52,...,5n},
with each of the S; being a pair
Si = {a;, A;}, where

a; is an expression (parametric or otherwise) for the axis, and A; is the area as a

function of position on the axis.
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Geons: Qualitative Representations

Most solid representations used in CAD or vision systems are guantitative in nature;
primitive surfaces (or volumes, etc.) are specified in terms of numerical parameters.
Such detailed descriptions are necessary in fabrication, simulation, and some vision
tasks (such as metrology). However, if we are performing a visual recognition task
and the objects to be recognized can be distinguished by examining some qualita-
tive features of the segmented primitives, representations which capture only those
variations might offer advantages in processing 3. The idea of qualitative representa-
tion was proposed by Biederman [12], who developed a catalog of 36 geons (geometric

ions) with each member of the catalog having a unique set of four qualitative features:
e Edge: straight or curved;
o Symmetry: rotational/reflective, reflective, asymmetric;
e Size Variation: constant, expanding, expanding/contracting;
e Arzis: straight or curved.

Figure 2.9 shows three geons with their qualitative features. Most interesting 3D
objects would be composed of a number of connected geons. Biederman proposes
an edge-based procedure for segmenting images into their geon components, using
nonaccidental alignments and concavities to locate the places where geons join. Over
154 million qualitatively different objects can be constructed from three geons and
inter-geon relationships, considering all possible relative sizes, arrangements, and af-
fixments of the three components [12]. Therefore, the geon models are a very versatile
coarse description of 3D objects. Bergevin and Levine [6] have developed a model-
building system which attempts to form geon models from 2D line drawings.

While the geon representation has intuitive appeal, the lack of quantitative infor-
mation limits its usefulness in environments where discrimination between qualita-
tively similar, but quantitatively different objects is performed. If an assembly line is
making a ‘family’ of parts which differ only in scale, they would have identical geon
representations, making discrimination between the different sized items impossible
without additional (quantitative) information.

SHowever, a qualitative representation cannot (in general) be used to synthesize an image of the
object.
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= )

Edge: straight Edge: curved

Symmetry: rotational & Symmetry: rotational &
reflective reflective

Size: constant Size: constant

Axis: straight Axis: straight

Edge: straight
Symmetry: reflective
Size: expanding
Axis: straight

Figure 2.9: Three geons and their qualitative features

Multi-View Representations and Aspect Graphs

One method for describing a 3D object is to describe some or all of its possible
2D projections. These projections are often known as 2D or view-centered models.
In some applications, the number of stable positions the object can assume on a
supporting surface is small. Suitable features calculated from those views can be used
in recognition via statistical, syntactic, or graph-theoretic approaches [31]. In most of
these systems, separate views of the same object are stored separately, as if they were
actually different objects. Dudani et al. [34] developed one of the earliest recognition
systems employing multiple views. The model set consisted of 132 images of six
different aircraft. Each view was represented by fourteen numerical features, which
were invariant moments calculated from the boundary and silhouette of the object in
the given view. The matching module considered each database view independently
of the others.

Other representation methods attempt to combine all these viewpoint-specific
models into a single data structure. There has been a recent burst of activity among
several computer vision researchers seeking algorithms which compute the aspect
graph of both polyhedral and nonpolyhedral objects [35, 104]. The aspect graph
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(a) (b) (c)
Figure 2.10: Qualitative changes in the line drawing of a cube.

summarizes the qualitative appearance of an object from every possible viewpoint.
The meaning of ‘qualitative’ differs from researcher to researcher; often, the quali-
tative appearance involves the relative positions of junctions between creases on the
object surface and its silhouette (i.e. the ‘line-drawing’ topology). Figure 2.10 shows
three qualitatively different line drawings of a cube. Figure 2.10(a) shows a ‘general’
view, in which three surfaces are visible, along with seven vertices. When the cube is
rotated so as to obscure one of the faces (Figure 2.10(b)), one vertex disappears along
with the edges incident on it. A further rotation eliminates an additional face and
two vertices (Figure 2.10(c)). In this discussion, we will define a ‘qualitative’ change
as a topological change in the line-drawing of the object 4.

Discussion of a representation based on views of an object requires a definition of
‘view’ along with the number and type of parameters which define it. In the context
of intensity images, the type of projection assumed in the image formation process
must be specified. Under the perspective imaging model, the absolute distance (the
standoff) between the object and the sensor distorts the position and orientation of
objects in the image. Many authors avoid the problems of perspective distortion
by assuming an orthographic projection model. Perspective distortion is most pro-
nounced when the sensor is very close to the object being sensed; if we can guarantee
that the standoff is fairly large in relation to the size of the object being viewed,
the orthographic assumption is not unreasonable to make. Figure 2.11 illustrates the
difference between orthographic and perspective projections in terms of visible sides
of a 2D object. The sides of the object are labeled 1 through 6 and are drawn with
wide dark lines. The sensor can be positioned anywhere outside the object. The gray

4An alternative notion of qualitative appearance was proposed by Ikeuchi and Kanade [62]; they
define two views as qualitatively identical if the same faces are visible in both.
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Figure 2.11: Effects of standoff on visibility of a 2D object

lines divide the plane into regions; each region is labeled with the visible faces of the
object in that region. Notice five small triangular regions associated with faces 1, 2,
3, 4, and 5. If the (1D) sensor is placed within those regions, only the associated
face will be visible. At larger standoffs, these effects diminish and the orthographic
projection is a reasonable assumption.

Unlike intensity images, range images are not projections; therefore, the image-
plane positions of image artifacts will not undergo perspective distortion. In a prac-
tical sense, this means that we need not worry about a change in standoff producing
a change in the image. The set of parameters defining a view has three members,
namely the three components of a rigid rotation that we impose on the object to
orient it in the field of view of the sensor. Most researchers ignore rotations about
the viewing direction, since such rotations will not affect its qualitative appearance.
Therefore, a view is specified by two angles, or (alternatively) a ‘viewing direction’
expressed as a unit vector. The space of view directions lies on a sphere of unit radius
called the viewsphere.

With the constraints specified above, we are now in a position to define the aspect
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graph structure. The aspect graph of an object has the form

Raapect = {vupccta £¢tpect } .

Vertices v € Vipect Tepresent open connected subsets of the viewsphere from which
the qualitative appearance of the object is the same. Edges e € &,,pet between
vertices represent so-called visual events, changes of viewpoint in which the qualitative
appearance changes. Visual events occur at viewpoints on the boundary of two or
more regions of the viewsphere associated with vertices. When the object is viewed
from viewpoints lying on these boundaries, the object’s qualitative appearance is
undergoing a transition; these viewpoints are called accidental. Figure 2.12 shows an
aspect graph for a cube. The labeling of the cube’s faces is also shown in the figure.
At each node in the graph, between one and three faces are visible. Traversing an
arc between nodes corresponds to a change in viewpoint that either occludes a face
or makes one visible.

Formal approaches to aspect graph construction seek an exact partitioning of the
view sphere. Such techniques analyze some form of geometric model for the object
and obtain the transition boundaries mentioned above using a ‘catalog’ of allowable
visual events for the particular object. A thorough exploration of the competing
techniques is beyond the scope of the present discussion. However, the two major

drawbacks of the formal techniques for aspect graph construction are

e Large time and space complexity (for a non-convex polyhedron with n sides and
assuming orthographic projection, one existing algorithm [43] requires O(n®)

time and O(n®) storage to compute the aspect graph)®; and

o A lack of implemented algorithms for computing the aspect graphs of non-
polyhedral objects. Recent work has highlighted some formidable numerical
problems that must be solved before reliable implementations will become avail-

able [104).

Additionally, the current work on ‘formal’ aspect graphs has emphasized their con-
struction from geometric models, rather than their use in recognition. Once the

SThe construction of aspect graphs would typically be performed off-line (not during recognition).
Searching (at recognition time) the data structure produced by these algorithms might be time-
consuming, however.



34

Figure 2.12: The aspect graph for a cube.



35

difficult problems of actually building the aspect graph are solved, the important
work on recognition must take place. .

Some researchers have taken a pragmatic approach to view-centered representa-
tion [62, 72, 26, 67). Rather than obtaining an exact partitioning of the viewing sphere
for each object, a discrete sampling of the viewsphere is taken, images of the object
are synthesized for each sample point, and some appropriate features are computed
from each image (see Section 2.4.5). Optionally, sets of viewpoints producing similar
feature lists are merged into a view class and a representative image is stored with that
class. The pragmatic approach to viewpoint-dependent representation was adopted
in this dissertation; our modeling system incorporates such view-dependent features
as sensed area and simultaneous visibility into a viewpoint-independent model, pro-
viding additional information that has proven useful to the recognition procedures.

Chen and Stockman [29] have introduced a new object representation scheme
which associates surface type with contour information. This model is built from
several range images of the object. Each edge pixel in the image is analyzed to extract
its type (silhouette edge, interior jump edge, or crease edge), and the edge points are
grouped into contours of the same type. The label for each contour segment is then
augmented with information about the surfaces on either side of the edge (unknown,
planar, convex, concave, or saddle). Hence, each contour is identified by a triple of
attributes, and is called an object wing. Figure 2.13 shows the contour and surface
types for three objects which have identical line drawings: a bowl, a half grapefruit,
and a clam. The combination of line and surface labelings produces a different wing
description of each object. Chen and Stockman show that with five surface types
(null, planar, concave, convex, saddle) and four contour types (silhouette, jump,
convex crease, concave crease), only 34 of the 100 triples containing two surfaces
and one contour correspond to realizable wings. One important feature of the wing
representation is that it is designed to accommodate errors in segmentation. This is
a very desirable property, because the extraction of edges (especially crease edges)
from range imagery is quite difficult.

In our object modeling system, relational graphs constructed from B-reps are
augmented with some §urface-type-speciﬁc information from a uniform viewsphere

sampling. No grouping of views into view classes is performed.
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+
v v (+]
bowl half grapefruit clam
Edge Types:

« Limb (tangent edge)

{ occluding contour (jump edge)

+ convex crease

- Concave crease

Surface Types:
P planar

Cc concave

v convex

Figure 2.13: Contour and surface types for three objects with identical line drawings.
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2.4 CAD Models to Relational Graphs

What information is ezplicitly stored in the IGES object description, and what addi-
tional information about the object should be stored explicitly to improve and speed
up the object recognition process? How is this information arranged? In this section,
we describe the geometric primitives produced by our CAD system and the attributes
of binary relations between primitives that we derive. The transformation applied to
object descriptions expressed in the IGES form produces our vision model, stored as
an attributed relational graph
G =<V,€>,

with vertex set V, containing geometric primitives and attributes:
V= {(v,ai)|i =1,...,n},

v; € {circular-arc, line, parametric-spline-curve, plane, surface-of-revolution},

where a; is an attribute set associated with v;; here, attributes are the geometric
parameters of the particular curve or surface.

The edge set £ contains attributed binary relations between nodes. Binary rela-
tions can be both unidirectional (e.g. the inheritance relation between a surface of
revolution and its linear axis) and bidirectional (e.g. the angle between two lines).

Our relational graph contains redundant information. The computational burden
of relational graph construction is not incurred at object recognition time, however;
the transformation of IGES models to relational graphs need only be applied when a
new object definition is created and the corresponding vision model is needed. Each
object is handled separately. So, addition of an object to the database does not
change the representations of existing models.

Our choice of geometric features (attributes and relations) is motivated by sensory
comsiderations. We attempt to preserve explicitly the geometric information which
most concisely describes the objects in the database: orientation vectors, radii, and
suxface type labels. Additionally, these quantities can be computed directly from
range data: radii and orientation vectors can be found from the principal curvatures
and their directions (see Chapter 4). The vision models we construct contain both
viewpoint-independent features such as surface intrinsics (radii) and relative quanti-

ties (inter-patch orientations), and viewpoint-dependent features (e.g. patch areas).
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The geometric inferencing performed here first examines every IGES entity (in-
cluding visible entities) in the CAD model individually to calculate node attributes.
Then, all pairs of visible entities are processed, and binary relations are produced.
Finally, the set of synthetic views is generated and analyzed to produce the view-
dependent features for each model surface. In terms of processing time, the view-
dependent feature calculations dominate the time needed for vision model construc-

tion.

2.4.1 Node Attributes

In this section we define attributes for geometric primitives used in the relational
graph. These attributes are either stored explicitly in the analytic IGES representa-

tion or calculated by our inference system.

Lines and Curves

A. Line segments. In the IGES specification, a line segment £ is characterized by

a starting point and an ending point.
L = pipz
The segment’s length
L1l = llp2 — pull

is also computed and stored as a node attribute for £. Henceforth, we will refer to line
segments as lines (with the implicit understanding that we actually mean segments).
B. Circular Arcs. In IGES, a circular arc A is specified in its own (arc-centered) co-
ordinate system (4, ¥a, 22), in which the plane of the arc is parallel to the z,y,-plane,
and displaced from it along the z, axis. This ‘canonical’ curve is then transformed
into model-centered coordinates by a 3 x 4 transformation (rotation and translation)

matrix. The five quantities in the IGES description of the arc are:
o the parallel distance z; along the z, axis between A and the z,y.-plane;
e the location (z4c,yac) of A’s center in arc-centered coordinates;
@ the location (z,,,¥..) of A’s starting point in arc-centered coordinates;

@ the location (z,e, yae) of A’s ending point in arc-centered coordinates; and
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e a transformation matrix R4 mapping arc-centered coordinates to model-cen-

tered coordinates.

Our system computes the following additional attributes for each circular arc primi-

tive:
o the starting and ending angles of rotation in the (z,y,)-plane;
o the fraction of a circle produced by the rotation;
o the coefficients of the plane (in model-centered coordinates) containing the arc;

e the radius of the arc; and
e the location of the arc’s center in model coordinates.

C. Parametric Spline Curves. In the analytic IGES files produced by GEOMOD,
any model curve which is not linear or circular is expressed as a parametric cubic
spline curve C, possibly with multiple segments. The range of parameter values is
divided into subsets by break points, and a different parametric cubic curve applies
in each segment (curves whose parameter ranges are adjacent are required to join,

however). These curves have many parameters. The ones of interest to us are:
e a ‘planarity’ flag (curves with this flag set lie in a plane);
e the number n of curve segments;
e the n + 1 breakpoints {t,,...,2,41} in parameter space; and

o coefficients of n+1 vector-valued univariate polynomials, describing the (z,y, z)

coordinates of the n segments defined by the breakpoints.

The curve parameter t lies in the interval [t,?,41]. One additional parameter is
present when C is planar. In that case, the IGES specification requires that the z
porlynomial must be constant-valued. The curve thus defined needs to be transformed
into the model-centered coordinate system using a 3 x 4 transformation matrix. In
fact, such a transformation can be supplied even for nonplanar curves; however, the
GEOMOD software does not produce transformations for other than planar curves.

D. Composite Curves. The IGES specification allows for a hierarchical represen-
tataon of object curves. A composite curve entity is simply a list of subcurves, each of
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which can be any IGES curve type, such as the three mentioned above. The curves
are required to ‘join’, i.e. the endpoint of the first subcurve is the beginning of the
second, etc. In our models, composite curves are used only as the ‘bounding’ curve of
a planar surface (discussed below). We compute no additional attributes for compos-
ite curves at present. Much of the geometric information about the curve is embodied

in the subcurves, and can easily be retrieved from them if required.

Surfaces
A. Planes. An IGES planar entity P contains the following information:

o Coefficients: four scalars a, b, ¢, and d, such that points in P satisfy
ar+ by +cz =d.

We choose the signs of the coefficients so that (a,d,c) is normal to the plane

and points out of the solid object bring described.

e Bounding curve: a pointer to another IGES entity which describes a closed

curve that encloses P.

It is important to note that the bounding curve does not (in general) coincide with
the object edges which bound the planar surface under consideration. For example,
consider one of the two planar end patches on a right circular cylinder. The ‘physical’
bounding curve for this planar patch is a circular arc, but the IGES specification
allows the bounding curve to be piecewise-linear (e.g. a rectangle), or even a closed
parametric curve. In other words, the bounding curve need not correspond to any
object edges; it suffices that the bounding curve enclose the ‘valid’ portion of the
plane.

It is often useful to reduce the dimensionality of geometric computations to 2D
when planes are involved (for example, it is easier to decide that a point lies in the
bounded portion of the plane if the point and bounding curve are transformed into
2D than to do the computations in 3D directly). For this reason, we calculate two
at tributes for each model plane. First, we find a 4 x 4 homogeneous transformation
matrix Rp which maps 3D points into a ‘plane-centered’ coordinate system (z, yp, zp),
with 2z, = 0 on the model plane. This transformation is obtained from the four
coefficients a, b, ¢, and d. A bounding box for the valid region of the plane in the plane-
cen tered coordinates is also calculated. The IGES bounding curve is transformed into
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(2p, Yp, 2p) coordinates and sampled. The bounding box of this sampled curve is stored
in the vision model.

Finally, each IGES plane has a list of areas corresponding to the viewpoints on the
uniformly sampled viewsphere. The methods for synthesizing images and estimating
the visible area appear in Section 2.4.5.

B. Surfaces of Revolution. For a surface of revolution S, the following properties

are given explicitly in the IGES description:
¢ a pointer to the axis of revolution Lz (a line entity),

e a pointer to the generatriz Gz (the line or curve which is revolved about the

axis to ‘sweep’ out the surface), and
o the starting and ending angles of rotation for the sweeping operation.
Additional attributes calculated for the vision model include

e a more precise surface classification:

[—
.

cylindrical if G is linear and parallel to Lg;
2. conical if Gg is linear and not parallel to Lx;

3. spherical if Gr is a circular arc and Lr passes through the center of the
arc;
4. toroidal if Gr is a circular arc and Lz does not pass through the center;
5. generic if Gg is nonlinear and noncircular.
o if the surface is cylindrical, the radius;
o if the surface is conical, the vertex location and vertex angle;
o if the surface is spherical, the radius and center location;

e the orientation of the axis.

The radius of a cylinder is given by the perpendicular distance between Gz and
Lx. The vertex angle of a conical surface of revolution is obtained from the scalar
Product of the orientation vectors of Gr and L. The cone’s vertex is located at the
im tersection of Lr and Gr. If S is spherical, the center and the radius are inherited
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Table 2.1: IGES representation and inferred quantities for vision models

Entity Analytic IGES representation | Additional Features in Vision Model
| Line starting and ending points length
Circular Arc canonical representation angles

transformation fraction of circle
plane coefficients
| radius, location
Parametric Spline Curve | planarity flag -
number of segments
breakpoints
polynomials

Composite Curve
Plane

pointers to subcurves

coefficients
bounding curve

canonical transformation
canonical bounding box
visible area list

Surface of Revolution

axis

type

orientation of axis
type-specific attributes
visible area list

generatrix
angles of rotation

from Gr. In addition, the visible area of S, indexed by viewpoint number, is calculated
for each point on the uniformly sampled viewsphere.

The radii of spherical and cylindrical surfaces of revolution are often highly infor-
mative features for object recognition. In addition to storing these radii along with
the corresponding nodes in the relational graph, we also compute a global list of radii
for each model. Examination of this when processing an input image allows models
with dissimilar curved surfaces to be rejected by the object recognition module.

Table 2.1 summarizes the geometric primitives provided in the IGES description
and inferred by our system. In many manufacturing environments, additional at-
tributes not dealing with the geometry of the object surfaces (such as surface finish,
Paint color, a fabrication script, or material type) accompany the geometric attributes.

If these features were considered useful for object recognition, they could also be ex-

pressed as node attributes.

Z.4.2 Binary Features

In this section we describe the binary features derived from examinations of pairs
of IGES geometric primitives. These features are stored as attributed arcs between
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Table 2.2: Geometric Primitives and Orientation Attributes

| Primitive | Orientation Parameter
| Line Direction vector
Circular Arc Normal to plane of arc
Parametric Spline Curve | none
Plane Normal Vector
Surface of Revolution Axis Direction

thhe attributed nodes in the relational graph representation. These binary relations

fa.l1 into three categories: orientation relations, prozimity relations, and miscellaneous

re=dations.

O rientation Relations

(O me local, intrinsic object property that has been used extensively in 3D object recog-
m 1 tion systems is orientation; specifically, the relative orientation of object faces. One
o> the reasons we have focused on a subset of the IGES representation containing only
c—<Ttain geometric primitives is that most of those primitives contain an orientation
&t tribute of some sort. Table 2.2 lists the orientation attributes for each of the IGES
e=mtities in our system.

An orientation relation is produced by our geometric inference engine for each
I>air of geometric primitives for which an orientation attribute exists. In other words,
<mntity pairs containing one or two parametric spline curves produce no relation. The

orxientation relation for two distinct primitives prim; and prim; has the form
6;; = angle(prim;, prim,),

Where 6;; is the angle between their orientation attributes. Thus, the orientation
relation between two lines £; and £; is simply the angle between them. A less
intvitive example is the angle relation between a plane and a surface of revolution. If

the normal to the plane is parallel to the axis of the surface, then 6 = 0.
In the section on node attributes, we discussed a global feature list constructed

Txr o the radii of curved patches. A similar list is constructed from the orientation

T'e1lations. As above, the purpose of this list is to provide evidence for a certain model’s
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Plausibility at recognition time. For example, an angle between two planar surfaces
observed in the scene can be used to select models for matching in the recognition
module. An observed angle of 45° might cause us to include in the model subset
being searched all models with such an angle between two patches. Unfortunately,
not all orientation relations are equally salient for recognition. Some of our models
contain a large number of 90° and 0° angles between faces. Observation of such an
angle in the scene is not especially informative, as it implies that we should search
all models with such an angle. The extraction of salient features (unary and binary)

from models is an area of future research.

P> x-oximity Relations
P xoximity relations summarize the distance between entities. For pairs of curves

(13 mes, circular arcs, and parametric spline curves), we instantiate a
d 3 stance-interval relation and fill its two slots with the maximum and minimum

dl 3 sstances between the curves. The only proximity relation between a curve and
a surface primitive is coincident: this relation is added if the curve lies entirely
v 3 thin the finite surface primitive. If two model surfaces are adjacent (i.e. they share
am visible curve), an attributed adjacent relation is added between the two surfaces,
w7 3 th the shared edge appearing as an attribute in the relation.

It is possible, in principle, to calculate distance-interval relations for edge-
= wa rface and surface-surface pairs as well as edge-edge pairs. Sampling of the primitives
is not an appropriate strategy because of the large amount of computation time that
wwould be consumed in just evaluating distances. Analytic techniques can be applied,
&t least in theory; the minimum and maximum distance between two points can be
<a.lculated by finding the minimum distance using a direct solution to a least-squares
distance criterion [82]. Implementation of this solution presents practical difficulties,

&s mmentioned below.
Consider the process of finding the minimum and maximum distance between two

Pauxrametric cubic spline curves
ay(u) = (z1(u), y1(u), 21(u))

and
a;(v) = (z2(v), y2(v), 22(v))-
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The squared Euclidean distance between the curves (as a function of u and v) is given
by
D(u,v) = (z1(u) — z2(v))* + (11 (1) = y2(v))* + (21(u) = 22(v))?,

which is a sixth-order function of two variables. Finding the minimum and maximum
values of D involves locating values (u;,v;) where % and %? are zero, and the deter-
minant of the Jacobian is positive. There will typically be several such values. Since
closed-form solutions for roots of fifth-order polynomials do not exist, some numerical
techniques must be employed. Each value must be checked against the domains for
the parameters u and v to discard distance measurements made outside the ‘valid’
portion of the curves. The analogous situation for a parametric curve and a para-
metric surface adds an additional parameter. If the distance between two parametric
surfaces is to be minimized, the minimum and maximum of a sizth-order function of
four parameters has to be found. In our present work, we felt that sampling provided
reasonable results for curve-curve pairs, and coincidence and adjacency relations for

curve-surface and surface-surface pairs were sufficient.

Miscellaneous Relations

There are a few binary relations between geometric primitives which we categorize
as either identity, containment, or correspondence. One example of a containment
relation is coincidence between a pair of planes. Suppose our model contains a visible
circular arc and a visible plane which is coincident with the arc (we do not require

the bounded plane to contain the plane of the arc). The
coincident-with (plane;, plane;)

relation between these two primitives means that they have the same geometric pa-
rameters, but the physical surfaces on the model are disjoint. If a model curve
lies within the two-dimensional bounding box calculated for a planar primitive, a
in-plane-bbox relation is present. Identity relations express either inheritance of
geometric information (e.g. a surface of revolution inherits the orientation of the line
entity used as its axis), or a complete correspondence between curves (e.g. two line
entities with coincident endpoints have an identical relation between them). Fi-
nally, correspondence relations are used to flag similar surfaces of revolution (similar

in type, or in type and radius).
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Table 2.3: Relations produced by the geometric inference engine

Relation name Type “Description

angle orientation angle between two orientation parameters
coincident-with proximity indicates a curve lies in a surface

coplanar-with containment | indicates 2 planes are coincident
distance-interval proximity minimum and maximum distance between two curves
identical identity indicates two curves are identical

in-plane-bbox containment | indicates curve lies in a bounded plane

is-axis-of identity indicates line is axis of a surface of revolution
is-generatrix-of identity indicates curve is generatrix of a surface of revolution
member-of identity indicates curve is part of a composite curve
same-radius correspondence | indicates two primitives have identical radii
same-type correspondence | indicates two surface of revolution are the same type

2.4.3 Higher-order Relations

At present, our system computes attributes for single primitives (unary relations), and
binary relations between pairs of primitives. It is possible to define tertiary or even
higher-order feature types, especially in the case of polyhedral objects. For example,
in a ‘blocks world’ allowing trihedral objects, the tertiary corner feature type might
be quite valuable at recognition time (if one can insure that corners are accurately and
reliably detected). At present, we choose not to extend our geometric inference engine
in that direction; however, such relations could easily be added. The corner relation
for polyhedra could be detected by detecting coincident endpoints of line primitives.
‘Corners’ also exist for some curved objects. However, the utility of explicit corner
relations might be limited due to the difficulties encountered when trying to detect
such features. An underlying principle in our object recognition system is that the
more reliably a feature can be estimated, the greater the value it has for recognition.
From that viewpoint, surfaces are more valuable than edges, because they can be
extracted more easily from range data than edges. Corners are less reliable than
edges, since small changes in the locations of segmentation boundaries in an image
can change the location of a corner feature.

Table 2.3 lists each relation produced by the geometric inference engine, its type,
and a brief description.
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2.4.4 Calculating Connectivity

Earlier, we highlighted a drawback of IGES as a representation: the lack of explicit
inter-surface connectivity information. Connectivity is easily extracted from the uni-
versal file generated by GEOMOD (see Section 2.4.5), which contains point lists
making up the model surfaces. Our procedure steps through the polygonal surface
approximations for each pair of model surfaces extracting points on their common
edge. As an additional feature (used during match validation), a 3D bounding box
for the edge is calculated and stored along with the connectivity information.

2.4.5 Viewpoint-Dependent Features

In the previous section, we noted that patch areas are added to the node attributes of
model surfaces. Why are surface areas important in 3D object recognition, and how
are they calculated? Compelling arguments have been made for the use of viewpoint-
dependent quantities in model-based vision. In fact, some recognition systems classify
objects by comparing the sensed scene against ‘sample’ views stored in a database,
without referring to a model-centered description at all [37).

One significant drawback for the use of viewpoint-dependent description is related
to model organization. How are ‘representative’ viewpoints chosen? How are the
features calculated from each viewpoint linked? How many viewpoints are ‘enough’
for a particular object, sensor, or application? Many researchers are attacking these
questions; recent work on aspect graphs has produced interesting results, but complete
systems have not yet appeared (see Section 2.3.2).

In our work, we have found that an integration of both viewpoint-invariant and
viewpoint-dependent features in a model-based 3D object recognition system offers
powerful advantages over the use of either type of description by itself. However,
we wish to stress that the viewpoint-dependent features play a subordinate role in
object recognition. The primary source of geometric knowledge about objects is
the CAD model; surfaces in the model are augmented with the viewpoint-dependent

information.

Representative Views: The Uniform View Sphere

We take a practical view of the construction of viewpoint-dependent feature lists. A

set of viewpoints on the view sphere, which provides a near-uniform sampling of this



Rt

Gy
i

0t



48

finite space, is selected. Then, for each viewpoint in that set, a range image of the
object is generated, along with a synthetic segmentation which associates each surface
point in the synthetic range image with the corresponding surface in the CAD model.
This range image and segmentation are then used by the feature-extraction routines
to estimate the viewpoint-dependent features of interest.

A total of 320 points on the viewsphere are generated from a subdivided icosahe-
dron (the 20-sided regular polyhedron), with its vertices on the unit sphere. Ballard
and Brown (3] give an algorithm for constructing a subdivided icosahedron. Let t de-
note the golden ratio li,‘e@ Then the coordinates of the 12 vertices of the icosahedron
are given by

( 0, xa, +b)

( b, 0, %a),

( xa, b, 0)
where

t

a = ﬁ,
1

(Vtv5)

Each of the triangular faces of the icosahedron is split into 16 subtriangles by dividing

(2.2)

(2.3)

its sides into four line segments of identical length and forming triangles. The new
interior vertices are not guaranteed to lie on the unit sphere, however; they must be
‘pushed out’ to the sphere along their direction vector. After the 320 triangular faces
have been obtained, a view direction for each facet is taken as the vector normal to
the facet. Therefore, we obtain 320 viewpoints from which synthetic images of the
object are generated. Figure 2.14 shows the icosahedron, the subdivision process, and
the resulting 320-sided polyhedron.

Synthetic Range Image and Segmentation

Given a point on the viewsphere (which represents a viewing direction), we synthesize
a range image and a corresponding segmentation by using a polyhedral approximation
to the object. In addition to an IGES object description, GEOMOD can create a text
file known as a ‘universal’ file; this allows models to be exchanged between GEOMOD
software executing on different hardware platforms. The universal file contains a large
amount of information about the object, its creation history, and several geometric
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(a) (b)

(e)

Figure 2.14: Subdivision of icosahedron faces into 16 subfaces. (a) Icosahedron.
(b) Subdivision of an icosahedron face into 16 subfaces. (c) Resultant 320-sided
polyhedron. The view directions are chosen to lie at the center of the triangular

faces.
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specifications. Among these specifications is a list of 3D polygons which lie on the
object surface. During the design process, this polygonal approximation can be refined
to any desired accuracy; this allows curved surfaces to be well approximated for the
task of synthetic range image generation. The models we designed for this dissertation
had their polyhedral approximations refined so that the maximum deviation from a
polygon to its corresponding curved surface was 0.001 inch, comparable to the noise
level of our 3D sensor.

We now introduce some notation for the polyhedral approximation produced by
GEOMOD. An object O is a list

O = {M,,...,M,},where

each M; is a model surface appearing as a single surface in the IGES file. A common
point list

P ={p1,---,Pm}
contains all of the 3D points serving as vertices of the planar facets making up the

approximation. Each surface M; is further decomposed into a list of polygonal facets:

M = {fa, ..., fin},

where the fi are the facets and n; is the number of facets in model surface :. Each
facet is defined by its bounding vertices; here, the indices of the points in the point
list P are used:
fi= {kjl,...,kj”’}.

While the notation is somewhat cumbersome, it is a concise way to express the hier-
archical structure of the object (the object built from surfaces, each surface built from
a number of facets, each facet being built from 3D points). The common point list
assures that connectivity information is not lost if the object undergoes a transforma-
tion. The polygonal approximation to the object of interest is easily extracted from
the universal file produced by GEOMOD. When a synthetic range image is desired,
the point list P is transformed (rotated) according to the desired viewpoint. Then,
a process known in the computer graphics literature as ‘polygon scan conversion’ is
applied to each polygon [96]. Scan conversion of a single polygon is accomplished by
finding the subrectangle of the image which is occupied by the transformed polygon
and sequentially filling in the pixels within this box with the appropriate range in-
formation. At the same time, an auxiliary ‘label’ image is updated with the model
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surface number corresponding to the polygon being scanned. In this way, a synthetic
range image and segmentation are generated simultaneously from the polyhedral ap-
proximation to the 3D object. Contrast this approach with the ray-casting method
used by Hoffman [56]; the ray-casting approach sequentially examines rays through
the pixels in the output range image and finds those model surfaces which intersect
that ray. As the number of model surfaces (here, facets) increases, polygon scan
conversion becomes more computationally efficient than ray-casting.

Our use of the universal file and its polyhedral approximation has one disadvan-
tage. The universal file format is specialized to the GEOMOD software, and the code
which makes use of it must be modified for use with a different modeling system.
However, a polyhedral approximation to an object is usually available from CAD

systems.

Viewpoint-Dependent Features: Visible Area and Simultaneous Visibility

From the synthetic range image and its segmentation, we can produce estimates of
the area of visible patches in the image. These quantities (computed for each model
surface and view) are used to prune the interpretation tree produced during the
recognition phase. In addition, a binary feature defined on pairs of patches is also
easily calculated. Two patches are never simultaneously visible if, for all views,
their areas are never simultaneously positive. This visibility feature also provides
constraints on interpretations during the recognition procedure.

Our procedure for calculating area proceeds as follows. For each view, the syn-
thetic segmentation (the label image) is examined. Each 2 x 2 block of pixels is
examined. If all four labels for those pixels are identical, the visible area of the cor-
responding model surface is incremented by the 3D area of the 2 x 2 block. This
increment is calculated by breaking the 2 x 2 block into two triangular facets and
adding the areas of those triangles together.

While our system only calculates area and visibility features from the CAD models,
additional features might also prove useful. Ikeuchi and Kanade [62] have used EGI-
based features in their vision system. We could also augment the view-independent
edge information extracted from the universal file with visible edge characteristics cal-

culated from the sample views®. The selection of the correct ‘mix’ of view-dependent

6Such edge features might not be very useful in occluded scenes, however.
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and view-independent features for object description is still an open problem.

2.4.6 Implementation Details

The geometric inferencing system has been implemented on Sun-4 workstations in
C and Common LISP. After designing the object using the GEOMOD software, a
file containing the IGES information is translated by a C program into LISP S-
expressions. Each object is identified by a name (e.g. cube, hurdle, sundial).
Instances of object types are LISP structures, with corresponding slots and values.

Each primitive in the object description has a unique label in the graph structure.
For example, if we have an object labeled baseball-bat represented as a single
surface of revolution, the axis of the revolved surface would be associated with a
structure named baseball-bat-linen, where n is an integer that distinguishes this
line from all other baseball-bat-linem in the model, m # n (actually, n is taken
from the position of the entity in the IGES file, and is unique for all entities of any type
in the model). The structure contains slots for the parameters of the line (starting
and ending points and length). Binary relations affecting an entity are stored in a slot
labeled RELATIONS. The visible-area features calculated from the viewsphere sampling
are placed in a slot labeled AREA.

Most computations of the node attributes and binary relations are performed
in C. These attributes and relations are assembled into the graph structure within
LISP, and connectivity information is constructed. We chose to use C for numerical
processing because of its speed advantages over LISP. Once the graph is available,
however, LISP allows code which traverses the graph structure to be easily developed.
The viewpoint-independent features calculated directly from the IGES file take a few
minutes to compute. Generation of synthetic views and calculation of patch areas for
each view takes between twenty minutes and one hour per model, depending on the
complexity of the polyhedral approximation in the universal file.

2.4.7 Examples

In this section we give examples of relational graphs constructed for two of the objects
in our database. Our CAD models were constructed from physical prototypes whose
dimensions were measured by hand. In the manufacturing environment, CAD models

are often built from designs without reference to physical examples.
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(a) (b)

Figure 2.15: Images of a polyhedral object. (a): edge map. (b): range image

Polyhedron

Figure 2.15 shows an edge map and a corresponding synthetic range image of a poly-
hedral object. This object has twelve vertices (3D points) and nine faces. Table 2.4
gives the coordinates of the vertices and the list of faces, expressed as a sequence
of vertices which bound the face when traversed in order. For example, face 1 is
the plane bounded by a path through the following vertices: 1, 9, 10, 5, 6, 2, re-
turning to 1. The units of the 3D vertex coordinates are inches. A CAD model
was constructed from a prototype of this object using CSG techniques, as shown in
Figure 2.16. First, a parallelepiped of dimensions 4.37 x 3.15 x 2.87 was instantiated.
A second parallelepiped was subtracted, leaving the L-shaped block. This block was
intersected with a bounded halfspace, which removed a corner of the L-shaped object,
leaving the block in its final form. A portion of the IGES description of the object
appears in Section A.1 of the Appendix. An IGES file contains a header containing
information about the software producing the file and the machine it was executed
on, along with some global parameters. Following the header is a directory section,
which contains pointers 'to the geometric data for each model entity, along with some
flags (we are only interested in the flag indicating the visibility or invisibility of the

object). Following the directory is the parameter data section, which contains the
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Table 2.4: Vertices and facets for the polyhedral object.

Point I Coordinates |

1 (0.00,0.00,0.00)
2 (4.37,0.00,<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>