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Abstract

One weakness within computer integrated manufac-
turing is an inability to effectively and efficiently
model, reason, and make inferences about three-
dimensional space. In this paper, we propose a quali-
tative model of x component ~ccording to its features
to overcome this weakness. This model consists of two
key ideas: CiJ the model treats features qualitatively
i.e. independent of size, orientation, and global posi-
tion, and CiiJ the model mathematically represents the
spatial relationships among the features. The advan-
tage of such a model will be its ability to reason about
sp~ce in order to solve problems within the manufac-
turing processes. In addition to presenting the model,
in this paper we will provide an example reasoning
task of the model to find the multiple interpretations
of a component.
keywords: spatial reasoning, qualitative reasoning,
multiple interpretations, features

Introduction
Recently the integration of intelligence into the manu-
facturing environment has become increasingly impor-
tant. The need for increased productivity and flexibil-
ity has led to advanced computer-aided design (CAD)
tools and intelligent computer-aided process planning
(CAPP) tools. From all of these needs, research has
begun to focus on computer-integrated manufactur-
ing (CIM) tools, which have proven successful in mak-
ing the manufacturing processes integrated, intelligent,
and flexible.

We have identified one common weakness with the
CIM processes: an inability to effectively and ef-
ficiently model, reason, and make inferences about
three-dimensional (3D) space. We propose a qualita-
tive model of a component based on its features to
overcome this weakness. This model consists of two
key ideas:

¯ the model treats features qualitatively i.e. indepen-
dent of size, orientation, and global position, and

¯ the model mathematically represents the spatial re-
lationships among the features.

Invalid features

Figure 1: An example component from the manufac-
turing domain and a typical (valid) decomposition 
the component’s A volume into features. The bottom
right shows similar features, but the decomposition is
not considered intuitive (or valid). The difference be-
tween the two decompositions is based on the spatial
locations of the features and their interactions.

As an example of this weakness, consider the simple
component in Figure 1. Many of the planning tasks
(process, inspection, assembly) within the CIM pro-
cesses work with a description of the component based
on a set of features. However, the input to the entire
process is often a solid model (geometric description)
and therefore needs translation into an equivalent set
of features. At the heart of this translation process
(often called feature recognition) is the need to rea-
son about the spatial relationships amongst the faces
of the component. Figure I shows several of the fea-
tures within a component, and several features that
do not intuitively belong within the component. The
key to distinguishing the difference between the two
types of features lies in spatially reasoning about the
relative location and interactions of the faces in the
component. To foreshadow the paper, Figure 4 shows
our qualitative model for this component. Notice that
both the features (vertices in the graph) and spatial
relationships between the features (edges) are stored.
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Finally notice that the problem of describing a com-
ponent according to its features is ambiguous. It is
possible (and likely) that there will be several valid i~-
terpretations of a component according to its features.
Given the features within a component, the multiple
interpretations can be found by testing for spatial in-
teractions amongst the features. Our model will sup-
port reasoning tasks such as finding multiple interpre-
tations. Figure 5 shows the multiple interpretations
found for the component in Figure 1. These interpre-
tations are directly extracted by searching our model
for certain spatial relationships.

The contributions of the this work are summarized

¯ the introduction of a qualitative model of a compo-
nent based on its features,

¯ development of mathematical definitions (a system-
atic extensible vocabulary) for spatial relationships
between two features, and

¯ an application of this model for describing the nec-
essary steps in finding multiple interpretations and
feature extraction.

Feature model and general definitions
In this section we provide a brief treatment of what we
mean by a feature. This requires several notions per-
taining to the half-spaces within a component as well as
linear sweeps of 2D lamina. Due to space constraints,
only the essential definitions are provided, however
they will suffice to understand the rest of the ideas in
this paper. For the scope of this paper, we will consider
the common manufacturing features: prismatic pock-
ets and holes, through and blind steps, through and
blind slots, and cylindrical holes and pockets. How-
ever, the methodology is not strictly dependent upon
such features. In the conclusion we will discuss the ex-
tension of this paper to arbitrarily defined linear sweep
features. For the scope of the objects that we consider
in this paper, we require that they have only planar
and round (i.e. cylindrical) faces, and although these
faces do not need to interact in a strictly orthogonal
(or parallel) nature, we do require the object to 
well behaved. That is, no dangling faces, disconnected
objects, etc. Finally, for practical purposes, since we
do not check for the manufacturability of the object,
we restrict the objects to those which can be manufac-
tured, although this is not a theoretical limitation.

We briefly digress to describe the input to, and
the assumptions about, our system. As input to our
methodology we require a solid model, and in particu-
lar we will use the notion of a boundary representation
(Brep) for our solid model. Furthermore, we assume
that we have the stock that the component came from,
which effectively provides us with the delta volume
(A volume) of the component. We represent features
through linear sweepsI similar to (Gupta et al. 1993~

: Or just sweeps

Feature FI:
Type: "Blind alot"

weep face: vertlees-((O.l .I), (-2.1.I), (-2.1.3), (0.1.3))
Sweep direction: (0, 1, O)
Sweep interval: [0, 2]

F~tu~ F2:
Type: "Poc]~"
Sweep face: vextiee~-((-2.1.1). (-2.3.1). (-3.3,1). (-3.1.1))
Sweep direction: (0.0.I)
Sweep interval: [0,2]

Figure 2: Two example representations for swept fea-
tures from Figure 1.

Nau et al., 1993). We do so because a growing stan-
dard (STEP and MRSEVs) for the representation of
features in manufacturing (Kramer, 1992) has its basis
in swept features.

We define a feature as:

Definition 1 A feature is a ~-tuple, (T, F, D, 1),
where T is the type or label (e.g. slot), F is the su:ecp
face, D is the sweep direction (either parallel or an-
tiparallei to the sweep face normal) and I is the (closed)
sweep interval.

In Figure 2, two of the features from Figure 1 are
shown along with their symbolic representations.

One problem with representing features through
sweeps is that we can create an infinite number of fea-
tures simply by varying the sweep intervals. This of
course is undesirable, so we define families of features
which allow us to take an infinite number of features,
and talk about them as simply one group of features.

Definition 2 A family of features is a set of fea-
tures all with the same label (T) and sweep face (F).2

We need only one more essential definition and that
is of a canonical feature. Our motivation for defining
a family of features was to eliminate the possibility of
having an infinite number of features within a compo-
nent. Notice however, that a family of features only
meets half of the definition for a feature (i.e. only the
label (T) and sweep face (F)). A canonical feature 
therefore add on the direction (D) a~id interval (1) 
a family of features. It will be canonical features that
we desire to extract and model.

Before we define a canonical feature, we must in-
formally define a partitioning. A partitioning of a A
volume is similar to cutting the A volume according
to its half-spaces (see (Tseng &~ Joshi, 1994)). As 
example, see Figure 3 (a). These cuts will form both

2Two sweep faces axe the "same= if, for some length d,
one face translated along its normal a distance of d is equal
to the second face.
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the faces of the canonical features and the intervals for
the sweep lengths. Finally then:

Definition 3 For a given component, let P =
{fl,f2,’",fn} be a partitioning of the A volume.
Then a family of features with sweep face F, along with
a sweep direction D and a given sweep length interval,
ILl, L2], define a canonical feature if:

1. F is the same as fi for some 1 < i < n, and
~. F + DLxa and F + DL2 are both subfaces of some

support face4 of the A volume.

All of the features we will show throughout the rest
of this paper meet the definition of a canonical fea-
ture. The importance of spending time to define such
features is so that we can limit the number of features
within a component to a finite number.

Building the qualitative feature model

Our qualitative feature model (QFM) is derived based
on the metric diagram / place vocabulary (MD/PV)
concepts of (Forbus, Nielsen, & Faltings, 1991). Be-
cause symbolically (i.e. qualitatively)reasoning about
3D space is often computationally expensive, the
MD/PV model combines both quantitative knowledge
(the MD) and qualitative knowledge (the PV) in 
effort to ease the computational burden without sacri-
ricing the qualitative inferencing power. The quantita-
tive model, the MD, builds directly off of the input to
our system, (i.e. a solid model), and provides a knowl-
edge source which is queried for the construction of the
place vocabulary. The place vocabulary is a completely
qualitative model of the component, building directly
from the metric diagram.

This section will describe the construction of our
QFM in two stages: (i) First, the qualitative model
without spatial relationships is described. (it) Second,
spatial relationships are defined.

In order to foreshadow this section, the overall con-
struction of the QFM for a component is given as fol-
lows:

1. Partition the faces of the A volume of the
component into sweep faces according to the
A volume’s half spaces.
2. for each pair of distinct sweep faces within the A
volume do:

2.1 Construct the metric diagram for these two
sweep faces by forming a mathematical plot
describing their intersection

3. for each metric diagram do:
3.1 Query the MD for the intervals in which the
sweep faces do and do not intersect

3The notation F + DL is defined as the new face, F’
found by translating the face F by distance L in direction
D.

4The support faces of the A volume of a component are
defined by the half spaces of the A volume.
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3.2 for each of these intervals do:
3.2.1 Form new features from these sweep faces
and sweep intervals, and add these features
into the place vocabulary
3.2.2 Use the half spaces of these features to
derive their qualitative spatial relationships
3.3.3 Add the derived qualitative spatial
relationships into the place vocabulary

Metric diagrams

We begin then with the general characteristics of a
metric diagram. The metric diagram should be built
directly from the input to the system, (i.e. the solid
model), and begins the conversion front the strictly
quantitative input to the qualitative place vocabulary
model.

Several MDs will be constructed for any given com-
ponent and each MD will elicit information about tam-
flies of features by providing the sweep intervals for
which different families exist. The net effect is that the
MDs will (i) provide a set of families of features suffi-
cient to find all canonical features for a given compo-
nent, and (ii) provide interaction information for each
pair of intersecting feature families.

Definition 4 A metric diagram between two linear
sweeps is a gD-plot such that:

1. The axes each represent the length of one of the
sweeps. A negative value represents a sweep length
in the opposite direction of the sweep direction.

2. All points of intersection between the two leading
faces of the sweeps are on the plot.

3. The maximum (minimum) value of either axis is thc
length at which the forward (reverse) sweep kaoes
the stock or intersects the part.

Figure 3 (b) shows several example MDs. To in-
terpret these diagrams, take for example the first MD
between the faces Pl and P3. Each tick on the graph
indicates one unit of length. The solid dark line in-
dicates the intersection points of the faces Px and Pa
swept at a given length. For example, while Pl is in the
interval [0, 2] and P3 is in the interval [1,3] the faces
are intersecting.

To understand the significance of the dashed lines
shown on many of the MDs, we observe the following:

Observation 1 If either azis in a MD is divided into
intervals based on the first and last points of inter-
section, these intervals correspond to the intervals oJ"
canonical features.

This observation is one of the most important uses
of the MDs. The dashed lines indicate the first and last
points of intersection. Again referring to Figure 3 (b)
and (c), notice that if we sweep face p: in the interval
[0, 2] we form the canonical feature FI. Furthermore,
if we sweep Pl in the intervals [0, 5] and [2, 5] we form
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(a) Shows a component along with the cut
faces of its A volume. (b) Shows several of the MDs
created for the component. (c) Shows the canonical
features found for the component.

Cut faces:
1. Let F = {It, fs,’", f~} be the set of planar faces

of the A volume, Pl be the support plane of fi,
P = {Pl,P2,’" ",Pn}, and, E’ = $.

2. for each Pi E P do:
//Btiild the support face for each face in the A
volume
3. s = Support face (Pi, i, F)
//Use this support face to cut the other faces of
the A volume
4. for each fj E F do:

5. if(s is not parallel to fj) then:
6. e~ = the edge of intersection of s and fj
7. E’ = E’ U {(e’, j)}

9. Split faces (F, E’)

Support face (p, i, F)
1. E=$
//Compute the edges of the maximal support face
2. for each fj E F do:

3. if (fj is not parallel to p) then:
4. e = the edge of intersection between fj and p
5. E-- EUe

//Compute the maximal support face
6. m = the face formed by p and E
//Decompose the maximal support face into
maximal convex faces
7. C = Maximal convex decomposition(m)
//Eliminate convex faces that do not intersect the
original face
8. for each f E C do:

9. if(f does not intersect the interior of fi) then:
10. C=C- f

//Union of the remaining convex faces is the
support face
11. return (J Ck

Algorithm 1: Cutting the faces of the A volume.

the features Flo and F9 respectively. Clearly the moti-
vation for constructing MDs is to extract the canonical
features in this manner.

In the remaining portion of this section, an algo-
rithm for the construction of the MDs is provided and
discussed. Two questions beg attention with respect
to the construction of the MDs: (i) First, what faces
of the object will be swept? (ii) Second, what different
sweep lengths should be checked to see if two sweeps
intersect or not?

Finding the faces to sweep - (partitioning): 
answer the first question of what faces to sweep, two
issues are addressed: (i) enough faces should be swept
to insure a complete model. Specifically, these sweeps
should elicit a sufficient number of families of features
to find all canonical features. (ii) A systematic ap-
proach should be taken to avoid ad-hoc, yet appealing,
methods to find such faces.

Johnson 91
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Construct MD
1. Let S be the set of support faces for a part;

let fl and f2 be two faces from F in Cut Faces.
2. For each support face compute the distance
between it and one of the two sweeps in the MD

3. Compute the distance between the other sweep
in the MD and every other support face
4. See if the two sweeps intersect at each of these
distances
5. If so, save this information into the MD.

Algorithm 2: Finding the important sweep
lengths in a MD.

The solution is to cut the faces of the A volume (sim-
ilar to (Dave & Sakurai, 1995; Tseng & Joshi, 1994))
according to the half-spaces of the component. Algo-
rithm 1 shows the steps for finding the faces to sweep,
and Figure 3 (a) shows such a partitioning (or cutting).

Finding the sweep lengths: The second question
for the MDs is what sweep lengths will be considered
important? Kecall that each MD determines at what
points its two sweeps do and do not intersect. It is not
very intelligent, or practical, to simply start testing
every sweep length based on some small interval. Not
only would the algorithm be considerably expensive,
we run the risk of missing an important sweep length.
The solution is to use the same planes that cut the A
volume to produce potential sweep lengths to examine.
Algorithm 2 shows how to find these important sweep
lengths and build a single MD for two given faces.

We conclude this section by summarizing the impor-
tant points about the MDs:

¯ A MD is a mathematical plot relating two sweep
faces

¯ MDs elicit canonical features from the solid model
of the component. They do so by:

- Partitioning the faces of the A volume according
to the support faces in the A volume

- Using this partitioning along with the support
faces to construct plots (the actual MDs) between
pairs of sweep faces

The place vocabulary

In this section we describe the qualitative half of the
MD/PV model, the place vocabulary. The PV is our
qualitative feature model (QFM), however in this sec-
tion we neglect the spatial relationships that will be
incorporated and described in the next section.

The construction of the PV should involve the query-
ing of the MDs for spatial information. The underlying
goal is to move away from the actual size of the fea-
tures, and represent the features and their interactions
in a qualitative (symbolic) format.
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The PV is a labeled graph, in which each edge is
augmented with additional information (i. e. its label).
The PV accomplishes two tasks: (i) First, it represents
the features of the component qualitatively. Thc fea-
tures will no longer be dependent upon actual size or
orientation. (ii) Second, the PV will record which fea-
tures interact (i. e intersect), and what spatial relation-
ship exists between each pair of interacting features.

Definition 5 The place vocabulary for a giver
component is a labeled graph whose vertez set, V, con-
sists of every canonical feature in the component, and
two vertices are adjacent if and only if the correspond-
ing canonical features intersect. Each edge is labeled
with two properties:

1. The type of intersection of the two features incident
upon the edge; the type is either subsumes, internal,
face or end.

£. The qualitative spatial relationship of the two fea-
tures incident upon the edge.

For two canonical features, the intersection type .s’ub-
sumes intuitively means that one feature completely
subsumes the other; the intersection type internal
means that the two features only intersect strictly in
the interior of their sweep length intervals; the int,er-
section type end means that at least one of the two
features intersects the other at the start or end of its
sweep length interval, and the intersection type face
means the two features only intersect at a face. Note
these are not spatial relationships, rather they are de-
fined volumetric and interval comparisons. These are
defined as follows:

Given two features, 2’/and Fj, with sweep length in-
tervals [si, ei] and [85, cj] respectively. Let the interval
of intersection in their MD be [a, hi, then the spatial
relationship, 7~, where FiT~Fj, is of type:

subsumes if Fi and Fj are in the same family and
[s,, e,] [si, or [si, eA [s. ed

internal if Fi and Fj are not in the same family and
[,,, ed 3 b], [*i, eA [=, hi, and ** # e, # #
sjeejeaeb.

end if Fi and Fj are not in the same family and
[si,ei] D [a,b], [sj,ej] D [a,b], and either si = a
or ei - b and either sj - a or ej -- b.

face if Fi and Fj intersect exactly at a face.

The PV is straightforward to compute given the
MDs. Algorithm 3 shows the outline for computing
the PV for a component. The first element of this al-
gorithm is to query the MDs for the sweep faces found
and the intervals created by the intervals of intersec-
tion. These two pieces of information provide the basis
for the features within the component, and these fea-
tures become vertices within the PV. Note that the
MDs are redundant, that is, there could be several
sweep faces and intervals that create the same feature.
This situation is easily recognized however, since the
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Build PV:
1. Let S = {all of the sweeps found in the MD
generation),
2. For each sweep in the MDs, compute all of the
canonical features associated with it

3. Divide the sweep lengths for this sweep
according to the support planes of the A volume.
4. For each interval defined by these divisions

5. If the feature found is not in V then add it
to V

6. For each pair of vertices, construct an edge
between them ff they intersect and add this edge to E.
7. V is the node set of the place vocabulary, and E
the labeled edges.

Algorithm 3: Constructing the place vocabulary.

intervals of these faces must be the intervals of inter-
section within the MD. For example, in Figure 3, the
sweep face Pl in the interval [0, 2], and the sweep face
/)3 in the interval [1, 3] both create the feature Fx. But
these intervals are the intervals of intersection on the
MD between Pl and p,a. Since we do not want to add
Fx into our PV twice, we must check to see that two
sweep faces and intervals do not create the same fea-
ture. The fact that the intervals in question ([0, 2] and
[1,3]) are the intervals of intersection, tells us that it
is possible these sweep faces and intervals create the
same feature. If the two intervals were not the inter-
vals of intersection, it would not be possible for the
features to be the same.

The second element of the algorithm is to compute
the edges within the PV. These edges come about from
ilxteractions of features. Again we utilize the MDs to
tell us if an edge should be formed between two vertices
(features). If the intervals that form two features over-
lap the interval of intersection on their corresponding
MD, then there should be an edge created. For ex-
ample, the features FI and Fa in Figure 3 (c) clearly
interact. The feature FI can be formed from pl in the
interval [0, 2]. The feature F3 can be formed from p3
in the interval [0, 3]. These intervals both overlap the
interval of intersection on the MD between Pl and p~
and therefore we know to create an edge between them.

Finally Figure 4 shows the PV for our example com-
ponent. We have limited the edges to those of type
subsumes or end because it simplifies the figure, but
also because these are the only two edges of conse-
quence when constructing the multiple interpretations
of the component. The edges of type face and internal
are important for other reasoning tasks not presented
in this paper. The spatial relationship shown in the
figure will be dealt with next.

In conclusion, some important properties of the PV
are:

¯ The PV for a component is a graph whose vertices
are canonical features, and edges represent spatial

RIO I

F6

pg+plO S
left (p13)

Zrone i
top i -

R14

Figure 4: The place vocabulary for the example com-
ponent. Only the edges of type subsumes or end are
shown for simplicity.

interactions between two canonical features.

¯ Each vertex is a canonical feature, identificd by its
label. The specific sweep information for this feature
is maintained within the MDs, and hence the PV is
independent of size of features.

¯ Each edge represents a spatial relationship between
two canonical features. These spatial relationships
are relative (see the next section) and hence the 
is independent of orientation.

A qualitative spatial vocabulary
In this section we define and describe a mathematical
representation for the spatial relationship between two
features. Spatial relationships are crucial to our notion
of a qualitative feature model (QFM) and they should
possess the following properties:

¯ The relationship should be relative to the features
in question, not fixed to a global coordinate frame.
This gives our QFM (or PV), the property of inde-
pendence from orientation.

¯ The relationship should be qualitative, not so rigid
that local variations in feature size or position effect
it.

In addition, we also must avoid ad-hoc and ambiguous
descriptions of spatial relationships s,ch as "to the left
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of" and "perpendicular to."
The proposed spatial relationships are motivated by

the works of (Allen & Koomen, 1983; Allen, 1983) and
an extension of this work (Mukerjee & Joe, 1990). The
notion of a half space (Freeman, 1990) is also integral
to the relationship. Given a face, consider the plane
passing through this face, called the support plane. The
support plane divides space into two half spaces. The
half space in which the normal of the face points is
dubbed the positive half space (denoted f+) and the
other the negative half space (denoted f-).

Definition 6 Given two features, Fl and F2, such
that F1 i, bounded by the set o/faces {Pl,P~,’" ",P~},
and F~ is bounded by the set of faces {p~,p~,... ,p2m}s
the qualitative spatial relationship, denoted
FIT~F2, is an m × n matrix of characters, where

I
-I- if p~ lies on the positive side of p~
- if p21 lies on the negative side ofpJ~i,j =
s if p~ lies in the same plane as pJ
i ifp~ intersects the plane ofpJ

Figure 4 shows the spatial relationship between Fo
and Fg. To interpret the matrix, the first column rep-
resents the position of each of the six faces of Fs to
the plane passing through ps. The second column is
similar, except for it is dealing with the plane passing
through Pb. Also note that the edge between Fe and
Fg, labeled g14 is not only this spatial relationship,
but it is also of type end. It should be apparent that
F6 and F~ do indeed intersect at their "ends."

Finally now our model is complete. The important
points to notice are that this definition has our desired
properties:

¯ The use of half spaces makes the relationships invari-
ant to local variations. Since we are only checking if
a face is on one side of another face, it is not depen-
dent on exact positioning of the faces.

¯ The relationship, FlgFz, is intrinsic (Retz-Schmidt,
1988) to F1, which makes the entire relationship reb
ative, not dependent upon global orientation.

Generating multiple interpretations
Researchers have become aware of the value of mul-
tiple interpretations (Gupta, Regli, & Nau, 1994;
Gupta et al. 1994; Karinithi & Nau, 1992; Karinithi,
Nau, & Yang, 1992; Nau et al., 1993; Regli, Gupta,
& Nau, 1994; Tseng & Joshi, 1994) because they pro-
vide planners with the opportunity to explore alternate
plans, and hence, find optimal plans. In this section we
describe a systematic mechanism for the generation of
the multiple interpretations of a component using our
QFM. The proposed mechanism utilizes the PV, along
with graph theory, and the notion of envisionments (de

SFor an object with round faces, we simply place a
bounding box a~ound these faces.
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Construct envisionment:
1. Let PI/= the place vocabulary for a component.
2. Mark all vertices in PV as not yet in an
interpretation
3. For each vertex in PV not yet in an interpretation

4. Find all maximal independent sets of nodes
containing this vertex in PV.
5. Add each of these sets as a root to leaf path in
the envisionment
6. Mark every node in the envisionment as in an
interpretation

Algorithm 4: Construct the envisionment for a
component by finding maximal independent vertex

sets from the PV.

Kher, 1977) from qualitative reasoning. The overall
mechanism will be to construct an envisionment from
the PV, where the envisionment will represent the in-
terpretations of a component by storing both canonical
features and connections between sets of canonical fea-
tures that constitute different interpretations.

To begin, envisionments have been used in qualita-
tive reasoning to represent all possible feasible states
of a solution, and possible paths through these states
which lead to a solution of the problem. For our prob-
lem, in an intuitive sense, we use envisionments to
represent the different interpretations of a component.
The states of our envisionment are the canonical fea-
tures, and paths through these states represent sets
of canonical features; these sets of canonical features
correspond to interpretations.

Definition 7 Aa envisionment for a coruponent is
an acgclic graph, whose vertices are canonical features,
and there is at least one vertex which is dubbed a
%sot," and one ver’tez dubbed a "leaf, " and which has
the following properties:

¯ Any path from any root vertex to any leaf vertez rep-
resents an interpretation of the component. That is,
the vertices along such a path represent canonical
features, and these features collectively represent an
interpretation of the component.

¯ All paths from root vertices to leaf vertices collec-
tively represent all possible interpretations of the
component.

The algorithm for generating envisionments is shown
in Algorithm 4. The key to the algorithm is the no-
tion of maximal independent sets of vertices witifin the
PV. An independent set of vertices in a graph is a set
of vertices that are all pairwise non-adjacent. A max-
imal independent set of vertices is an independent set
such that no other independent set strictly subsumes
it. In essence, the notion of independent sets of ver-
tices in the PV systematically captures our notion of
what canonical features do and do not belong together
in an interpretation.
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Figure 5: The envisionment for the previous compo-
nent. Verify that each path from root to leaf is a max-
imal independent set of vertices in the PV given previ-
ously and is also an interpretation of the component.

Figure 5 shows the envisionment generated for our
example component. Since the PV is relatively small,
it should be easy to verify that each root to leaf
path in the envisionment represents an interpretation
of the component, but more importantly, is also a
maximal independent set of vertices within the PV.
For example, the path {F~,F1,FT, Fs,F4} is an in-
terpretation shown in Figure 3 (c), and the vertices
~F2, F1, FT, Fs, F4} in the PV are all pairwise non-
adjacent. Furthermore attempting to add any other
vertex into this set will result in some two vertices be-
ing adjacent.

Related works

Qualitative reasoning

Forbus (Forbus, Nielsen, & Faltings, 1991) developed
the MD/PV model for its application in qualitative
spatial reasoning. His application of the MD/PV
model was to analyze, and determine the kinemat-
ics of, a clock. His motivation for proposing a model
based on quantitative and qualitative information was
his poverly conjecture, in which he argues that there is
no completely qualitative model for 3D space. Our ap-
proach shares the generic concept of the MD/PV model
from this previous work, however the approach, the
formulations, and the developed MD/PV methods are
quite different due to the different problem domains.

de Kleer (de Kleer, 1977) developed envisionments

as one of the first notions in qualitative physics. His
particular application of envisionments was to store the
qualitative states of the position of a ball moving along
a track. The envisionment allowed for the problem of
the ball on the track to be analyzed, and automati-
cally reasoned about, even without specific parameters
about the scenario, like the initial velocity of the ball,
etc. Again, although we share the concept of envision-
ments with de Kleer, our approach, our applications,
and our developed envisionment techniques are for dis-
tinctly different problem domains.

Feature extraction and multiple
interpretations

Several works (Gupta, Kegli, & Nau, 1994; Gupta
et al. 1993; Gupta et al. 1994; Nau et al., 1993;
Kegli, Gupts, & Nau, 1994) have recently been pub-
lished relating to the topic of multiple interpretations
and feature extraction. These works focus on both the
completeness of the algorithms as well as the manu-
facturability of the interpretation. In this light, these
works are not attempting to generate all interpreta-
tions, rather all interpretations that are both manufac-
turably feasible and not extremely expensive to man-
ufacture.

Karinthi and Nau (Karinithi & Nan, 1992; Karinithi,
Nau, & Yang, 1992) proposed a way to mathematically
extract the multiple interpretations of a part given one
interpretation. Given a set of features this system ap-
plied "algebraic" operators such as truncation and ex-
tension to try and form new features. These new fea-
tures then could be used in a new interpretation. The
exponential algorithm took combinations of features
and applied the algebraic operators until it could not
generate any new features.

Tseng and Joshi (Tseng & Joshi, 1994) approached
the problem of feature extraction and multiple inter-
pretations using a brute force algorithm. There were
two steps involved, the first was to decompose the A
volume into small pieces. The second step was to r~.’-
combine these pieces into recognizable features. The
recombination step enumerated all possible volumctric
combinations.

Dave and Sakural (Dave & Sakurai, 1995) presented
a method for generating multiple interpretations based
on the work of Tseng but their work addressed a few
of the previous shortcomings. This work first decom-
posed the A volume into minimalcells, but then it went
further to combine these minimal cells into maximal
ones. These maximal volumes, which could possibly
overlap, would then be the building blocks of the algo-
rithm to find the different features and interpretations
of the part.

Previous work in spatial relationships

Allen’s (Allen & Koomen, 1983; Allen, 1983) work has
previously been extended to include multi-dimensional
domains by Mukerjee (Mukerjee & Joe, 1990). In this
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work, each dimension in the problem domain is repre-
sented by a one dimensional interval in a similar fash-
ion to Allen. This work provides a basis for a three di-
mensional spatial model for describing the relative po-
sitions of two objects. The work can represent objects
at arbitrary angles and positions, however is greatly
simplified when all of the interactions are orthogonal.
Although the spatial relationships we develop in this
paper do not subsume those of Mukerjee, our spatial
relationships are simplified and suited to the domain
of features.

(Chen, Miller, & Lu, 1992) previously incorporated
spatial relationships into the domain of features. In
this work two types of spatial relationships were de-
fined between features: Is_In and AdjaeenLTo (similar
to our subsumes and face types). Using these spatial
relationships, this research focused on analyzing the
manufacturability of a given component by looking for
feature interactions that created undesirable manufac-
turing situations. The relationships themselves were
obtained by directly analyzing the solid model of the
component.

Conclusion
In this paper we presented a framework and method-
ology for modeling a component according to its fea-
tures. The presented method develops from the solid
model of the component to a graph which qualitatively
represents the component. Our model is qualitative in
the sense that it is independent of the size of the fea-
tures, the global orientation of the component, and
local spatial variations in feature positions. Two key
properties of our QFM are (i) features are treated quab
itatively, and (ii)spatial relationships between features
are maintained.

To achieve this task we employ the metric diagram
/ place vocabulary concepts which (i) provide a quan-
titative database to be queried about sweep faces and
sweep intervals within the component (the MDs), and
(ii) provide a qualitative model (the PV) linked to the
quantitative data. This qualitative model can then be
used to efficiently and effectively reason about the fea-
tures within the component.

Furthermore, we have shown how to apply our QFM
to reason about a component to find its multiple inter-
pretations.

The contributions of the work can be seen as:

¯ A qualitative model of a component according to its
features;

¯ the definition and incorporation of spatial relation-
ships within the model, and

¯ the ability to reason with the model. Specifically, to
find multiple interpretations.

We are currently pursuing several areas with respect
to our QFM. First, we alluded to earlier that our model
is not limited to a fixed set of features. It is possible
to represent arbitrary features with our model so long
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as the features themselves are representable via linear
sweeps. Our definition of spatial relationships already
incorporates arbitrary feature definitions. Moreover,
our PVs and envisionments do not need an)’ modi-
fications, however the construction of the MDs does
require some modifications. We must now consider
sweep faces that are not necessarily convex in nature.
This can be accomplished by establishing acceptable
and non-acceptable forms of MDs, along with a reso-
lution strategy. When a non-acceptable MD is gener-
ated, the resolution strategy (often union, intersection,
or difference) is applied to the two sweep faces in the
MD, and a new sweep face is generated. Currently
we are investigating what such a change does to the
completeness and soundness of our model.

In addition to the above, we have also identified the
following reasoning tasks which are possible with o,tr
QFM:

¯ Drawing analogies between components. Analogies
allow re-use of previous knowledge by providing a
means to index into object databases.

¯ Reasoning backward from the QFM towards the
solid model. Such a task accomplishes two things:
(i) it categorizes components into "families of com-
ponents,", and (ii) it provides a good basis for criti-
cal evaluation of the qualitative nature of our modcl.

¯ Identifying symmetric interpretations. Due to our
use of spatial relationships, interpretations of a com-
ponent that are simply symmetric to each other can
be detected, thus alleviating the burden from the
planners.
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