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Abstract. This chapter discusses an integrated work in the definition and implementation
of sets of fuzzy spatia relaionships concerning topology and direction. We present our
basi ¢ approach to defining these relationships as an extension to previous work in tempora
relations. We also discuss severa extensions to this approach that include refinements and
aternate definitions. Two implementations are aso described, one in a C++, Oracle
database environment and another utilizing the expert system shell Fuzzy Clips. Finadly we
discuss the integration of this querying approach in an agent-based framework. Agent
technology has become a leading implementation paradigm for distributed and complex
systems, and has recently garnered much interest from researchers in the area of spatial
databases. Agents offer many advantages with respect to intelligence abilities and mobility
that can provide solutions for issues related to uncertainty in spatid data, such as those of
spatial relationships.

1 Introduction

The need to handle imprecise and uncertain information concerning spatial data
has been widely recognized in recent years, e.g., [19], particularly in the field of
geographical information systems (GIS). GlSisarather general term for a number
of approaches to the management of cartographic and spatia information. Most
definitions of a GIS [16,22] describe it as an organized collection of software
systems and geographic data able to represent, store and provide access for all
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forms of geographically referenced information. At the heat of a GIS is a spatial
database. The spatid information describes the location and shape of geographic
featuresin terms of points, lines and areas.

There has been a strong demand to provide approaches that deal with
inaccuracy and uncertainty in GIS. The isaue of spatial database acauracy has been
viewed as criticd to the successful implementation and long-term viability of GIS
technology [19]. There ae a variety of aspeds of potentid errors in GIS
encompassed by the general term "acauracy." However, here we ae only
interested in those aspeds that lend themselves to modding by fuzzy set
techniques.

Many operations are applied to spatial data under the assumption that features,
attributes and their relationships have been spedfied a priori in a predse axd exact
manner. However, inexactness often exists in the positions of features and the
assgnment of attribute values and may be introduced at various gages of data
compil ation and database devel opment. Moddl s of uncertainty have been proposed
for gpatial information that incorporate ideas from natural language processng,
the value of information concept, non-monotonic logic and fuzzy set, evidential
and probahility theory. For example, in [32] there ae reviews of four models of
uncertainty based on probability theory, Shafer's theory of evidence fuzzy set
theory and non-monotonic logic. Each model is shown as appropriate for a
different type of inexactnessin spatia data. Inexactnessis clasdfied as arising
primarily from three sources. "Randomness’ may occur when an observation can
asuime arange of values. "Vagueness' may result from impredsion in taxonomic
definitions. "Incompleteness of evidence' may occur when sampling has been
applied, there ae missng values, or surrogate variables have been employed. An
excdlent colledion of recent papers on vague boundaries in spatial applications
can befoundin [4]. Various topics in the volume include some aeas of particular
interest such as topological relations and indeterminate boundaries, data models
for indeterminate objects and fields, and vague shape models.

Rohinson [29,28,27] has done ealy extensive reseach on fuzzy data models
for geographic information. He has considered several models as appropriate for
this Stuation—the two early fuzzy database approaches using simple membership
values in relations [18,2], and a similarity-based approach [3]. In modeling a
situation in which bath the data and relationships are impredse, he asses®s that
this situation entail simpredsion intrinsic to natural language which is posshili stic
in nature[37].

There have been several recent spedal sessons on fuzzy sets and GIS a
FUZZ-IEEE 98, IPMU’98 and NAFIPS99. A calledion of such work has been
collated into a spedal issue of Fuzzy Setsand Systems[12]. In the isaie ae found
a number of approaches to the use of fuzzy sets and spatial data. Relevant
sdledions include fuzzy objeds for GIS [13], landform classfication with fuzzy
k-means[5], and fuzzy spatia queries[33)].
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In this chapter we describe the development of an approach for fuzzy querying
using spatial relations, focusing espedally on diredional querying. We first
provide an overview of the background work in this area, including, in particular,
spatial relationships using Minimum Bounding Redangles (MBRS) and fuzzy set-
based spatial data approaches.

Next we describe our basic approach [11] using a variant of the spatia
intervals and an underlying model called an abstract spatial graph (ASG) to
support fuzzy querying. Following, we consider further development of the
approach, such as the use of finer partitions know as MRRs to enhance querying.
Then we discuss ®me modifications to resolve cetain outlying cases that produce
anomalous query results. Two implementations are aso described, onein a C++,
Oracle database environment and another utilizing the expert system shell, Fuzzy
Clips. Finally we discussthe integration of this querying approach in an agent-
based framework.

2 Background

Relevant background reseach includes various aspeds of spatial reasoning, work
on dirediona and topological relationship representation and the incorporation of
uncertainty and fuzzy querying.

A basis for many researchers’ approaches is the extension of Allen' s temporal
relations [1] to two o more dimensions for spatial reasoning. Examples of how
this has been done can be found in [20,31,24,23] to name a few. For each of these,
the approach taken is somewhat different, based on the intent of the work.
However, the mncept of representing a 2-D object as a set of two intervals, an x
and a y, and of having the resulting spatial relationship consist of some
combination of the cmponent 1-D relations seensto underlie most.

Also relevant is [14], which presents a unified framework for approximate
gpatial and temporal reasoning wsing topological constraints as the representation
schema and fuzzy logic for representing impredsion and uncertainty. The
application of the resulting fuzzy representation to each of Allen' s interval
relationships is devel oped as the posshility of the occurrence of the cnditions of
the original definition. A different approach based on datisticd methods for
representing and deriving topological relationsis given in [35]. The relations used
are those in [15] restricted to 1-D, for which Winter introduces a partial ordering
based on Gdtons ordering o topologic relations for space and time sequences
[17]. The derivation of uncertain topologic relations is treded as a clasdfication
problem. As such, spedfic conditions for deriving relationship probabili ties based
on the testing of dominant vs. dominated relations are presented.
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Additionally, al of this work appeas to utilize the fact that Allen's interval
relations and corresponding logic have relevance in two dimensions to two
extremely significent areas in gpatia reasoning. topology and dredion
(orientation). Thus, the various extensions to Allen's work have provided sound
foundations from which to launch work in qualitative spatial reasoning. Sharma's
work, in particular, takes advantage of the dual benefit of the model by showing
how inferences can be made over the composition of topological and dredional
information [31]. This extension includes a mapping o the temporal relations onto
the e@ght mutually exclusive binary topological relations of the 4-intersedion [15],
a generic mode that defines topological relationships through the intersedions of
boundaries and interiors of point sets.

The approach we have taken, as well as that of Nabil [24], Sharma [31] and
Clementini [8], relies upon the use of MBRs as approximations of the geometry of
spatial ojeds. An MBR is defined as the smallest X-Y pardle redangle which
completdy encloses an ojed. Thisisatypical MBR around an irregular ohjed
such asthe lake shown in thefigure. The use of MBRS in geographic databases is
widely practiced as an efficient way of locating and accessng oljedsin space In
addition, numerous atial data structures and indexing techniques have been
developed that exploit the computationaly efficient representation of spatial
objeds through the use of MBRs [21,30]. Recently, Papadias and Theodoridis
[25] have mnsidered various indexing isaues (R-trees, KDB trees etc.) to process
topological and diredional queries usng MBRs. Their particular focus has been
experimentation with alternative indexing to provide query optimization.

3 Fuzzy Directional Relationships and Querying

The ore of the approach we shall describe is diredly dependent upon the
definitions of binary reationships between two-dimensional oljects. For our
purposes, we ae asaiming that images have been segmented and labeled, and that
objeds representing features have had MBRs assgned. We utilize an extenson
into the spatial domain of Allen'stemporal relationships[1] where he defined a set
of thirteen relationships that completely represents any relationship that can exist
between two ane-dimensional (temporal) intervals. These relationships are before,
equal, meets, overlaps, during, starts and finishes, along with their inverses.

The spatial extension is as follows: given the MBRs of two dbjeds, the binary
relationship between the objects in bath the horizontal and verticd diredions can
be completely defined by a tuple, [ry,ry], wherer, is the one of Allen's temporal
relations that defines the interaction of the object MBRs in the x diredion, and r,
represents the same for the y diredion. This results in a total of 85 posdgble
relationships—49 base relations and 36inverserdations.
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The formal definitions for each of the relationshipsis given in terms of a set of
constraints based on corner positions, each of which mugt hold between the MBRs
for each object. For example, for the ase of A [finishes,starts] B , the definition is
given as. { By < Ay < Bxo, Axz = Bxa, By < Ay, < By, Ay = By }, where (x1,y1}
and {x2, y2} represent the lower left and upper right corners, respedively, of the
MBRs. In Figure 1 is an example set of object MBRs and a subset of the eisting
relationships between. This st of MBRs and relationships will be used to
demonstrate the modeling and query framework.

(X2,¥2) B e (X2,y2)

A (Xlxyl) C

(Xw,y1 (Xw,y1)

Fig. 1. MBRrdationships.
A [before, overlaps| B; B [before, overlaps ] C; D [during, meets] C.

These spatial relationships can be used for qualitative topological relationship
definitions. We include in our set of "qualitative topological reationships'
definitionsthat are intuitive and useful from a user's perspedive, but which do not
necessrily satisfy the property of topological invariance Such definitions evolve
by recognizing that logicd groupings of the relationships can be used to define
common topological concepts. The partitioning of the relationships in this manner
can result in as many or as few groupings as desired. Such partitionings can be
represented as sts, each of which is then assciated with alinguistic term.

The implication of this is that any relationship that is contained within a
particular set can be nsidered an independent representation of the
corresponding quélitative topological relationship, represented by its linguistic
term. Some examples are shown below using the notation of representing ane of
Allen’srelations by itsinitial letter.

surrounded-by :={ [dd] }
partiall y-surrounded-by := { [df] [fd] [do] [ds] [od] [sd] [do] }
overlapped-by := { [00'] [0s"] [of"] }

Such definitions serve merely as examples, and may be redefined acoording to
individual needs.
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Next, the basic relationship definitions can be used in a similar manner for
defining directional relationships. Specifically, the relationships with which we
concern ourselves here are the cardinal directions and refinements: N, S, E, W,
NE, SE, SW, NW. Given that the context for consideration is that of directional
relationships between two-dimensional objects, it is apparent that a simple, crisp
representation of direction is not adequate for supporting any but the simplest of
query capahilities. Given the spatial extent of two-dimensional objects, it is very
likely that in any one case, more than one of the eight directions listed above will
apply, to either agreater or lesser degree. Therefore, we have devel oped a method
for defining directional relationships that would allow for fuzzy querying of any of
the directional relationshipsthat exists between two objects.

The concept of object sub-groups is used as a basis for determining the set of
directions that defines the directional relationship between two objects. Object
sub-groups, similar in nature to ortho-rdational objects described in [7], are
partitions of the MBRs created by the extenson of the edges of one or both of the
MBRs involved in one of the 85 previoudy defined relationships. In those cases
for which no extensions intersect the partner MBR, the entire object is considered
to be an object sub-group. Additionally, any overlapping portion of the MBRs is
defined as an object sub-group. Examples of MBR partitioning into object
sub-groups for some example relationships are shown in Figure 2.

B1 B1
— E ¥
AL || B2 c|Ct CagC3 B2 1
A2 B B c | c2
A D
Albo] B D [dm C B[bo? C

Fig. 2. Examples of object sub-group partitionings.

A direction set is then derived from this partitioning by identifying all possible
directions that can be associated with any of the object sub-groups of A with
respect to dl of the object subgroups of object B. Given this, the direction sets
corresponding to the object sub-groups shown in Figure 2 are;

{W, SW} for A [ bo] B; {W, NW} for B[ bo™] C; {S, SW, SE} for D [dm] C.

Direction sets were derived in this manner for each of the 85 reationships. The
result was the creation of neighborhoods of sizes two and four for which the
direction sets were equivalent for the constituent relationships. Direction sets for
the relationships grouped by neighborhoods, which are considered as equivalence
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classes for directional relationships. All relationships within an equivalence class
are represented by the corresponding direction set, and are considered equivalent
with respect to direction. The creation of equivalence classes within and between
the base and inverse relationship groupsresultsin 27 possible direction sets.

Definitions for directions can now be defined in a manner anaogous to the
way in which qualitative topological relationships were defined earlier. The
definition for any particular direction includes the set of all relationships
containing that direction as a member of its direction set. The definition for the
direction East is shown below as an example.

E =:={[dd], [df], [fd], [do], [as], [ff], [d=], [fd], [fs],
[f=], [dd™], [do™], [ds™], [fd™], [df ], [fo"], [fs'T}

The basic relationship definitions and their use in defining relevant directional and
qualitative topological relationships provide a framework for the abstract spatial
graph (ASG), a spatial data structure specifically designed to retain orientation
and topological information with respect to two-dimensiona objects, and to
provide information to support fuzzy querying capabilities on these relationships

The firg step in constructing the ASGs is to categorize the origina 85
relationships according to the level of interaction of the MBRs into four distinct
categories: digoint, tangent, overlapping and containment. Similar generalizations
of relationships have been proposed, for example, in [23]. These categories
provide sufficient distinction for formulating the definitions for the concepts of
reference areas and reference points necessary for establishing an ASG for a
particular binary relationship.

The general concept of areference areais that of some region which is either
common to two objects, or which can be intuitively derived from ther
relationship. A reference point is taken to be the centroid of the reference area. It
is a the reference point that a directional axis is centered for the purpose of
constructing the ASG. The four categories of relationships, along with definitions
and examples for reference areas and reference points for each are shown in
Figure 3. In the figure we see that for the digoint relationship the reference areais
the region between the two objects bounded on two sides by the neighboring sides
of the MBRs and on the other two sides by appropriate extensons of the MBR
sides (horizontally, from the leftmost object). The centroid of the reference areais
the reference point in this case. The reference area, or linein the case of tangency,
is the common tangent line segment and its center is the reference point. For
overlapping figures, the reference areais the area of overlap, and for the case of the
containment relationship, the reference area is the MBR of the contained object. In
both of these casesthe reference point isthe centroid of the reference area.
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reference area

W

. A/
X }

reference point

reference area (line)

(a) digoint reference point (b) tangent
reference area
/
reference area

“a v

™~

reference point

reference point

(c) overlapping (d) containment

Fig. 3. Reference aeas and reference points.

Again, the mnstruction begins by centering a diredional axis containing line
segments for each of the @ght compass points at the reference point of the
relationship. Then, for each olject sub-group through which an axis passes, anode
for that objed is placed on the graph at an orientation corresponding to that of the
axisthat crosses the object sub-group.

To avoid "cluttered" graphs that contain many nodes with low information
content, it is desirable to set a minimum threshold on axis lengths (defined as the
length of the axis segment from its entrance into an object sub-group to its exit
from the same sub-group) such that for any situation in which the axis length is
below the set threshold, no node is constructed. Such a threshald is obvioudy
application dependent, and posshly even variable within an appli cation.

Pictorialy, nodes are each placed an equal distance from the origin. Different
node representations (e.g., color-coded) are used for nodes representing ojed
sub-groups belonging to different objects. An arc is then drawn to conned all of
the nodes that represent the same objed. The origin symbol differs depending
upon the relationship's membership in one of the four basic caegories.

In addition to providing information dredly relevant to the representation of
the abstract spatial graph, we also needed to represent ancillary information that
can be used for fuzzy query inferences. Thisinformation is represented in the form
of node "weights' that can be used for defining fuzzy topological and diredional
qualifiersfor use with afuzzy query framework.
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Calculation of weights uses both the areas of object sub-groupsand the lengths
of axes that pass through object sub-groups. Three different types of weights are
computed: axisweights, area weights and node weights. Each of theseisderived in a
specific manner designed to support a given objective for fuzzy querying.

Axisweights are an intermediate step for calculation of node weights. Firgt, all
axes whose lengths are less than some set minimum threshold are discarded,
ensuring that we are dealing only with those axes whose lengths are significant.
Then, the longest of the remaining axesis normalized to 1, and the weight of each
of the other axes is computed as a ratio of its axis length to the length of the
longest axis.

Areaweights are also used in the calculation of node weights, however, these
also have significance of their own. Area weights are calculated for each object
sub-group and are defined as the ratio of area occupied by the object sub-group to
the area of the entire object, as defined by the MBR. Finally, atotal node weight is
derived by multiplying the axis weight by the area weight for each node of the ASG.

Areaweights and total node weights are stored for each node of the ASG, with
the only exception being the origin node, which stores only an area weight. Since
the origin node represents the reference area itself, axis length is not a reasonable
consideration for the reference area object sub-group. Therefore, a node weight
for the origin node can not be computed, and we allow the area weight to serve as
the total node weight also.

The area weights and total node weights of ASGs directly support fuzzy
queries regarding qualitative topological and directional information in two
specific ways. Area weights provide an indication of the degree to which an object
participates in a qualitative topological relationship. By mapping ranges of area
weights to linguistic qualifiers such as some, most, etc., fuzzy information such as
"some of object A overlaps most of object B," can be determined.

Total node weights, on the other hand, are used to indicate the extent to which
one object can be considered to lie in a certain direction with respect to a second
object. Again, ranges of weights can be correlated to linguistic terms, e.g., slightly,
mostly, to provide qualifiers for directional orientation. Then, for example, one
could determine that, while object A is dightly southwest of object B, it is at the
same time mostly west of object B.

The preservation of al directional information regarding two objects, along
with the use of total node weights, alows users to obtain a complete
conceptualization of directiona relationships between the objects. Furthermore,
the calculation of the total node weight as the product of the axis weight and area
weight ensures againg bias in those cases, for example, where the object
sub-group associated with a directional axis is very large (increasing the weight
for that direction), but for which the axisweight is very small (indicating a weaker
association for that sub-group/direction pair than for others for the same object).
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By using the foll owing such assgnment for area weights:

{all(96 - 100 %), most(60 - 95 %), some(30 - 59 %), little(6 - 29 %), none(0 - 5 %)}
and node weights:
{ directly(96-100%), mostly(60-95 %), somewhat(30-59 %), sightly(6-29%), not(0-5 %)}

we @n determine for our example of Figure 1 that:

1. Bismostly west of C 3. Disdirectly south of C
2. Little of B isnortheast of A 4. Cisdlightly southeast of B

4 Extensionstothe M odel

4.1 Extensionstothe Standard MBR Representation

The ASG model utilizes MBRs to represent features as described above, while
algorithms for computing relationships for the model are designed in such a way
as to minimize the potentially negative impact of the use of MBRs. Additionaly,
the ASG modedl extends the use of redangular boundaries as representations of
sub-abjects within the MBRs.

In kegoing with generaly accepted practice bath MBRs and the sub-redangles
utilized in the ASG modd retain x-y-parallelism; however, in this sedion we
explore several variations on this traditional approach and investigate the
respedive implications to the modeling of relationships. Our goa in investigating
aternative representations for geometric properties of spatial fegures isthredold:
(1) dleviate or dgnificantly deadease anomalies in topological réationship
determination based on MBRs; (2) improve accuracy in determination of
diredional and topological relationships between representations, and (3)
maintain, as much as posshble, computational efficiency in processing concerning
relationship categorization and querying.

Firg, we consider the implications of partitioning MBRs into sets of
redangles, esentialy resulting in a gridded surface which is an approximation we
call Multiple Rectangle Representation, or MRR. Three variations on MRRs
which we analyze in this sedion include (1) a uniform MRR, (2) a non-uniform,
congruent MRR, and (3) a non-uniform, non-congruent (irregular) MRR. Al
three variations of MRRs result in a finer approximation of the object’s true
geometry than do MBRs, while maintaining a basic regular, redanguar structure
for which computationally efficient methodol ogies have been devel oped.
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The firg variation can be viewed as the imposition of a grid o any level of
resolution upon an object, after which any of the redangles not actualy
interseding with a part of the olject is discarded. Two cases include onein which
grids of the same resolution are used for bath objects participating in a
relationship, as well as the @ase in which grids of different resolutions are used.
Figure 4 shows a simple example of the use of uniform MRRs. The dotted line
shows the original boundaries.

e
L

Fig. 4. Uniform MRRs used for object representations.

Now we consider enhancementsto the ASG to accommodate the use of MRRs
for relationship determination. We begin with the supposition that the set of
ASGsisa dosed set, such that any modification to the way in which reationships
are defined does not result in any new ASG. It is apparent, however, that the way
in which the ASGs themselves are defined for MRRs must be modified to take
advantage of the more accurate representation.

We do this by first computing a set of ASGs—one ASG for every combination
of relationships between sub-redangles of bath ohjeds MRRs. Thisresultsin a
set of ASGs for each binary relationship, S={A; | 1<=i<=n 1<=j<=m,
where n = number of subredanglesin 1st objed, m = number of subredangles in
2nd objed}. For example, in Figure 6 are two objeds with simple, uniform
MRRs. Theresulting set of relationship ASGs for this exampleis:

S= {A]_]_: [bO], A12 = [bO], A13 = [bo-l], A21 = [bb],
Az = [bH], Ags = [ba], Asy = [0b], Asa = [bH], Ass = [ba}.

An approach for utilizing this information set to gain a more accurate picture
of the relationship under consideration is to first asociate a count with every
distinct relationship appeaing in the set. For or example, thiswould yield S =
{([bd], 4), ([by], 3), [b0™], 1), ([ob], 1)}. These wunts divided by the total
number of sub-redangle reationship combinations (9 in the eample) are
considered as membership values in fuzzy relationships. Rather than having a
single, crigp binary relationship as was the case in the original ASG mode, we
now have a set of ASG redationships, each member of which a given binary
relationship belongs to some degree For example, the fact that [bo] and [bb]
appea as the predominant relationships for Figure 6, along with the fact that [bo]
and [ob] exigt, athough to a much lessx degree conveys a substantially more
significant amount of information than does the original [o0] designation, which in
this case is aso inacaurate with resped to the @ntained dojeds relationship due
to the topological incons stency probem associated with MBRs.
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We then take this a gep further by associating these membership values with
the higher-level relationships defined in the previous dion [10]. Becuse these
relationships represent a mutually exclusive, total partitioning o the basic
relationships, a mapping from the members of S to these relationships will result
in a most the same number of relationships as the number of members of S.
However, it ismore often the @ase that fewer high-level relationshipsresult. This
is because (1) such relationship definition sets are often composed of basic
relationship neighbars, and (2) the use of MRRs in the manner described
necessrily implies relationship caegorizations for neighboring sub-redangles,
resulting in neighboring relationships. In our example, each of [bd], [bb], [bo™],
and [ob] appeas in the digoint relationship, lealing to the invariable @nclusion
that the two representations are indeed digoint. This approach diminates the neel
to compute the set of weights for ASG nodes as was done in the original modd, as
similar information isnow maintained in S.

The application of non-uniform, congruent MRRs can be understood as an
andog to a quadtree decomposition commonly performed for spatial indexing
purposes. The approach begins with standard x-y-parallel MBRs, upon which a
quadtreelike decomposition is performed, with the MBR being divided into four
equivalent redangles, any or al of which can then be divided similarly, continuing
until as fine apartitioning as desired is achieved. At that point, any redangles not
actually containing a part of the ohjed are discaded. We say the redange sets
are regularly hierarchical because the level of detail (size) of the redangles cen
vary across different parts of the olject so as to achieve a desired level of
representation, while each larger redangle is exactly a multiple to the fourth of
any of the smaller redangles of the object. An example of this type of MRR is
shown by the grayed areain Figure 5.

This type of boundary approximation more accurately represents the objeds
geometry in comparison to either MBR or uniform MRR representations.  While
maintaining the greatly reduced incidence of topological inconsstencies between
true and approximate boundaries illustrated in the uniform MRRs, additional
levels of detail have been added that allow for more accurate relationship
determination. Since the areas are till redanguar decompositions, computational
isaues remain simplified compared to baindary representations.

TR | .
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Fig. 5. A non-uniform congruent MRR.
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The most dgnificant issle that must be addressd concening fuzzy
relationship modeling for this approach is the manner in which the differently
sized redangles are assesed as contributors to owerall relationship determination.
This can be handed by extending the approach used for uniform MRRs. While for
uniform MRRs it was gsifficient to use the mere eistence of the basic
relationships between sub-redangles as equal factors in fuzzy reationship
categorizations, we must now compute aweight analogous to the ASG node
weights for each sub-redangle rdationship to achieve a level of normdi zation for
“combining” theindividual relationshipsinto one.

Recall that the area weights are computed as the ratio of the MBR sub-objed
areas to the total MBR area, and that these weights are used to identify the
extent to which an object participates in a given relationship. Using this same
approach for non-uniform congruent MRRs—cal culating a weight as the ratio of
a sub-rectangl€'s area to the combined area of al sub-rectangles containing a
part of the object—we achieve a level of normalization for use of differently
sized rectangles.

For each applicable relationship, the weights for every different sub-recangle
of each ohjeda for that relationship are summed, resulting in a value < 1.
Whenever one sub-rectangle participates in the same relationship with multiple
sub-rectangles of the second olject, that sub-rectangle’s weight is only counted
once. The resulting sums for a relationship for the two objeds are then
multiplied, yielding a weight for that relationship. For example, consider the
caseill ustrated in Figure 6.

Aly =.1; A2y =.1; A3y =.1; Ady =.35 A5y =.35 Blyw =.5 B2y =.5

Fig. 6. Non-congruent MRRs with area weights.
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For this example, we have the following set of relationships:

ALt 2
1 [bd] [bb]
2 [bd] [bbY]
3 [bd] [bbY]
4 [ba] [bo]
5 [ba] [bo’]

By summing and multiplying the area weights in the manner described earlier,
we obtain the following :

[bd]w = .15; [bo]w = .35; [bb™?] w = .15; [bo™]w = .35.

This shows that the relationships [bo] and [bo?] are weighted more heavily,
primarily due to the larger areas of sub-rectangles 4 and 5 of object A. These
weights can then be associated with the higher level relationships in the same
manner as was shown for the uniform MRRs.

4.2 Geometric Modeling Capabilities

The use of MRRs for the ASG modd has several implications. First is that the
partitioning of MBRs in the ways described has no effect on the basic relationship
definitions. Any relationship that originaly held between two MBRs remains
valid for the resulting MRRS, because minima and maxima for the objects do not
change; therefore, any partitioning of the MBRS, regardless of granularity, will not
affect the basic re ationship between the geometric representations of the objects.

To support this satement, we begin by observing that the abstract spatial
graphs can be arranged in a matrix according to the concept of conceptual
neighborhoods with respect to the relationships that are represented. That is, each
of thereationships that borders a particular relationship in both the horizontal and
vertical directions can be derived from the given relationship without transitioning
through any other relationship state. If a transition to an immediate neighboring
relationship isimpossible, then it follows that a transition to any other relationship
is also impossible. We illustrate this by first examining the example shown in
Figure 7, which represents a portion of the complete relationship matrix.
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S ]

] I
[starts, meets] [starts, overlaps] [starts, starts]|
L] L]
[during, meets] [during, overlaps] [during, starts]
] L —
[finishes, meets] [finishes, overlaps] [finishes, starts]

Fig. 7. [during, overlaps] relationship and conceptua neighbors.

Now we show that the enhanced accuracy of the boundaries for the MRR
approximation model provides additiona information in the way of geometric
refinements for the rdationship definitions.  While there origindly was only one
geometric modd for each relationship, there is now an infinite set of such models that
correates to any given reationship. Simple examples for a gandard MRR approach
are shown in Figure 8. Internal redangle boundaries are omitted for clarity.

From thisill ustration, one can seethat any selected MRR partiti oning for a pair
of MBRs will never cause atransition to one of the neighboring relationships.
Therefore, we ae able to qperate under the assuumption of a closed set of
relationships for which the ASG model and query framework hold.

Figure 8 aso demonstrates the advantages assciated with the use of MRRS
over MBRs: (1) the ability to better represent corred topology, and (2) the ability
to make finer distinctions between geometric relationships. The first of these is
illugrated in Figure 8(a) which shows that the two objects could not posshbly
overlap, while the original MBR representation shows an overlap. The seand
advantage can be seen in Figures 8(a)(b) and 8(c)(d) which show the same
topological relationships—digoint and overlaps—but for which geometric
distinctions exist which provide additional information for spatial analysis.

= e e

[do] @ (b) (© (d)
Fig. 8. A set of geometric representations for the [do] relationship.
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4.3 An Extension for Expert System Implementation

Here we describe an implementation based on the C Language Integrated
Production System (CLIPS. CLIPSis an expert system tod that provides a
complete environment for the congtruction of rule and/or object-based expert
systems [9,36]. Because of its portability, extensibility, capabili ties, and low-cogt,
CLIPS has receved widespread acceptance throughout the government, industry
and academia

Threerule sets are used to represent the basic structure of thismodel. Realling
that each object isrepresented by an MBR, the smallest definition of which istwo
diagonal points of the bax, we mnsider two objects:

A (Axly Ayl) (Ax21 Ay2)
B ( Bxly Byl) (Bx21 By2)
Now, taking one point from each object, that is,

(AL A2) = (A, A) O (Ay, Ay)
(Bl, BZ) = ( BX11 sz) or (Byl, By2)1

we will present the implementation process beginning with definitions of three
esentia rule sets.

Rule Set 1: Define aset of non-ambiguous relationships.
Considering ane diredion, the spatial relation between objed A and oljed B can

be defined asin Figure 9. Thisisa partid set of the rules needed in actual CLIPS
format.

1. IF < A2<Bl > THEN < before >
IF < B2<Al > THEN < before! >

3. IF < Al<B1<A2<B2 > THEN < overlap >
I F < B1<A1<B2<A2 > THEN < overlap?® >

Fig. 9. CLIPSrules for four non-ambiguous relationships.

Simply, thisrule set can be expressd as:
r=(b,mofds=bm, o, f,s).

In the y-diredion, the same rules can be applied. Moreover, there ae two
additional rules that apply:

1 A(rh,ry)B =B, r,HA
2. A 1y HB = B(ry, 1y)A
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Rule Set 2: Define aset of topological relationships.
Based on the @ghty-five basic relationships, the full topological relation set is:

T ={digaint, tangent, surrounded-by, partially-surrounded, surrouncded-by,
partialy-surrounds, overlapped-by, overlaps, x-subspace y-subspace, Y-
subspaced-by}

Figure 10 shows a subset of the rules for topological relationships.

IF <dd> THEN <A surrounded-by B>

IF <o0'|os'|of'> THEN <A overlapped-by B>

Fig. 10. Topologca relationship rule set example.

Rule Set 3: Define the set of diredional relationships.

Figure 11 shows one of therulesfor diredionsin CLIPS

IF <dd|df|fd|do|ds|ff|d=[fofs]|
f=|dd'|do'|ds'|fd'|df [fo|fs">

THEN <AEastB >

Fig. 11. Example CLIPSrule for direction.

Topological relations have been found to ke useful for increasing the speed of
spatial queries [34]. Therefore, let us analyze the geometric characteristics of
topological relationships. Except for the digoint relation, al other reations have a
similar geometry; that is, thereference aeais part of bath objects involved. Thus,
the original topological relation set can be reduced or redasdfied to a binary
topological set:

T - T’ ={digoint, conneced}
Thisnew topological relation set will be used in the CLIPSimplementation.

For convenience of implementation and further investigation, the ASG is
modified by mapping topological relationships to 9 nodes for both objects.
Similarly, each node has assciated weights. However, the weight in a node may
be null depending on the different topological relations. Since ech oljed is
asociated with its 9 nodes, it is not necessary to keep information as to whether a
node belongs to oljed A or ohjed B in the implementation. This provides a
flexible structure for fuzzy querying.
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4.4 A CLIPSImplementation

Now we illustrate how CLIPS can be used to implement the binary spatial
relationships given ealier. Becuse of the anount of computation involved in
implementation, we @n take advantage of the deffunction construct that all ows
the addition of new functions without having to remmpile ad rdink CLIPS
Several user-defined functions are written by using the CLIPS deffunction
construct, which can be exeauted by CLIPSinterpretively.

As arule-based shell, CLIPSstores knowledge in rules, which are logic-based
structures. In the implementation, the basic threerules are defined by using defrule
constructs. They provide the basic spatial information such as, Object A is digoint
from Object B, or Object A is West of Object B.  For fuzzy querying purposes,
extra functions and rules are defined that will support fuzzy querying. The
implementation is direaly dependent upon the reduced topological relation set and
modified ASG mentioned above.

The facts are the criticd resources for the querying. All details for binary
spatial relations are contained in deftemplate facts. The type of information stored
in the database indudes the positions of two objects, the reference objed, non-
ambiguous relations, and topological and dredional relationships.  The
corresponding data structures are dedared by using deftempl ate syntax.

To represent 2-D relations extended from Allen’s relations, the deffunction
congtruct in CLIPSis utilized. With this construct, a new function that implements
Allen’sreationsin 1-D isdefined diredly in CLIPS Therulesthat define aset of
non-ambiguous rel ationships are buil t by a defrule construct.

The basic queries are based on the primary topological set and diredional set.
In this kind o querying, the degree to which one olject lies in a particular
diredion with resped to a second ohjed is not of concern. Figure 12 shows part
of the CLIPSrule structures for diredional relationships.

4.5 Fuzzy Querying of Binary Spatial Relationships

Based on the new topological rdation set and modified ASG data structure, we
defined threerules and four functions to support the processng o fuzzy queries.
Query processng strategies are described asfoll ows:

Stepl. Find the reference aea

Fuzzy variable weights store all fuzzy query information. In order to get weights
for each node inthe ASG, areference aeamud first be found. Thereference aea
is aso treated as an MBR object. We take two middle points among the four
pointsin each diredion as the reference object position. It can be represented as
R =(Rxy, Ry1) (RXz, Ry2).
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(defrule define-directional-relation
(relationship (objectl ?A&A)
(relations ?r) (object2 ?B&~A))
=>
(if (numberp (member$ ?r (create$ od of
sd sf dd df fd ff =d =f
ob'om'o0'0s' ...... ))
then (bind ?drl North))

(loop-for-count (?count 1 8) do
(bind ?dr (nth$ ?count (create$ ?drl
?dr2 ?2dr3 ...... ?2dr7 ?dr8)))
(if (numberp (member$ 2dr (create$
North East ...... West )))
then
(assert (directional-relationship
(objectl ?A)(d-relation ?dr)
(object2 ?B))))) )

Fig. 12. Defrule for directiond relationship.

Step2. Calculate weights.

Based on the binary topological relations, a general method was developed for
connected relations. For example, NW_area = (Rx 1 — Ox 1)(Oy 2 — Ry 2),

where R represents the reference object, and O represents the one of two objects
investigated. By adding some constraints, the general method for connected
relations can a so be applied to digjoint relations.

Given two objects and their reference object, the weights function maps the
object sub-group into 9 nodes for each object, and calculates the area weights
and node weights. The CLIPS program passes nine arguments to weights
function, that is, one for object identifier, four for object position, and four for
reference position. The function asserts area weights to the corresponding nodes
for fuzzy querying.

Step3. Get qualifier to implement Fuzzy querying.

To provide support for fuzzy query processing, the fuzzy variable weights is
assigned to the corresponding linguistic terms qualifier. The fuzzyTq function
defines the topological qualifiers that represent the linguistic terms for area
weight. Similarly the fuzzyDq function defines the directional quaifiers that
represent the linguistic terms for node weight.
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The fuzzy set for topological quaifiersisdescribed below:

{all (0.96 —1), most (0.6 -0.95), some (0.3 — Q59)
little (0.06 —0.29), none (0-0.05) }

and for diredional qualifiersis:

{diredly (0.96 — 1), mostly (0.6 —0.95), somewhat (0.3 — Q59),
dightly (0.06 —0.29), not (0-0.05) }.

The fuzzy-query rule in Figure 13 provides the fuzzy querying information by
calling fuzzyTq and fuzzyDq functions.

(defrule fuzzy-query
?f3 <-(nodes (objectname ?A&A)
(C?C_area)
(N ?N_area ?N_len)

(NW ?NW_area ?NW_len) )
=>
(if (neq ?A B)) then (bind ?0bj B) )
(loop-for-count (?count 1 8) do
(bind 2dir (nth$ ?count (create$ North
... North_West)))
(bind ?area_w (nth$ ?count (create$
?N_area ?NE_area ?E_area
.. .?SE_area ?NW_area)))
(bind ?node_w (nth$ ?count (create$
?N_len ?NE_len ?E_len
.. .?W_len ?NW_len)))
(bind ?tq (fuzzyTq ?A ?area_w
?dir ?obj))
(bind ?dq (fuzzyDq ?A ?node_w
?dir ?0bj))
(if (and (neq ?tg non) (neq ?dqg non))
then
(printout t “query information” crlf) ) ) )

Fig. 13. Fuzzy query rule.

Consider two dbjects and their respedive corner coardinates:

objed A (1,1) (5, 3) and
objed B (4, 1)(8, 7).

When the define-2D-relation rule is fired, cdling AllenRelation (1 5 4 8) will
return ‘0’, and the second cdling o AllenRelation (1 3 1 7) will return ‘s’
Finally, therdation ‘oS isadded to the spatial-relation fact.
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When the define-topological-relation rule is fired, the topological information
‘Objed A overlaps Object B’ is displayed. When the define-diredional-relation
rule is fired, ‘Objed A is South Objed B, Objed A is South West of Objed B,
and Objed A is West of Objea B’ are provided for diredional reations. When
the reference rule is fired, the reference object R(4, 1) (5, 3) is assrted into the
fact database. While the get-weight rule is firing, areaweights and node weights
are asdgned into 9 nodes for each objed. Finally, the fuzzy-query rule fires,
providing the foll owing result:

Most of Object AisWest of Object B
Object A is mostly West of Object B
Most of Object A ismostly West of Object B

4.6 Modificationsfor Anomalous Cases

The original definition of the axis weight of an object sub-groupistheratio o its
axis length to the longest axis length of the object sub-groups and it is used to
spedfy how diredly an objed sub-group lies in a given diredion. Under further
consideration, the axis weight definition may not diredly deal with dredions but
intuitively is a magnitude ratio between two objed sub-groups. In other words,
the physical significance of such axis weights regarding to diredional information
may be somewhat unclea in cetain situations. Additiondly, when there is no
axis goingthrough the MBR, there isno axis weight for this object and so no total
node weights can be obtained for the subsequent querying.

Another spedfic case in which the axis weight definition may not clealy
distingush the diredional difference between objects is shown in Figure 14. The
reference areas are exactly the samein bath Figures 14(a) and 14b). Thereis only
one ohjed sub-group for each MBR and one and only one axis going through them,
therefore the axis weights for bath MBRs are 1. However, in Figure 14, ohjed B
extendsitsalf markedly to the east. The diredional relationships between A and B
are apparently different in these two cases. In linguigtic terms, in Figure 14(a),
objed B lies more directly northeast (mostly northeast) of ojed A, whilein Figure
14(b), ohjed B leans much moreto the east of A (dightly northeast). The same axis
weight values for these two cases, which reault in the same total node weights, do
not adequatdy digtinguish theseintuitively different diredional relationships.

Another refinement we have studied is iown in Figure 15, in which objeds 2
and 3are symmetric to axis NE, with 2 on the eastern sSde, while 3 isto the north.
If we @lculate axis weights and total node weights for MBR 2 and 3 regarding to
MBR 1, the same values wil | be obtained. To further distinguish the differencein
such cases, a parameter termed as close EW was developed, which spedfies
whether the node leans to east-west axis or to the north-south axis. It isdefined as
1 if the node leansto the east-west axisand O if the node leans to the north-south
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Fig. 14. Digtinction between object directiona relationships.
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Fig. 15. Direction tendencies of objects.

axis. In Figure 15, close EW of MBR 2 is 1 and that of MBR 3 is 0, which means
that MBR 2 isleaning to the east, while 3 isto the north. In addition to specifying
the direction tendencies, close EW can aso be used to further modify the total
node weights for querying.

Total node weights can be used to query the directions of the object. Using a
threshold on total node weights, as when the total node weight is below 5%, leads
us to say the object is not in that direction. Again, somewhat non-intuitive
situations can appear in these cases. In Figure 16, MBR 2 has only object sub-
group 2 and its total node weight is below 5%. So MBR 2 is considered to be not
northeast of MBR 1, but north of MBR 1 in this case. In fact, there is arange of
such cases that appear to cause anomalies in an extreme limit Stuation.

Ingead of dealing with all these cases separately when querying, we can
formulate the different cases into generalized total node weights and query
directions by such weights. From this point forward, the total node weights are
intended to mean these generalized total weights, which are derived as follows:
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Fig. 16. Object 2 may be considered directly north of object 1.

(Wry)i: total node weight of object sub-group i (nodei of ASG)
nodei: O - overlap; 1 - north; 2 - northeast; 3 - east; 4 - southeast
5 - south; 6 - southwest; 7 - west; 8 - northwest

and

(Wrn)o = (Warea)o * 1

(Wrn)1 = (Waea)1 + Wae))* 1 1=2,8, if (Wiode)i < 0.05and (close EW); =0
(Wrn)i = (Whode)i 1=2,4,6,8 and (Wnoae)i >= 0.05

or (Wry)i=0 i=2,4,6,8 and (W oqe)i < 0.05

(Wrn)s = (Warea)s + (Warea))* 1 1=2,4, if (Wnoae)i < 0.05 and (close EW); =1
(Wrn)5 = (Waea)s + Wae)i)* 1 1=4,6, if (Wioge)i < 0.05and (close EW); =0
(Wrn)7 = (Warea)7 + (Warea))* 1 1=6,8, if (Wnoae)i < 0.05 and (close EW); =1



24 Frederick E. Petry et al.

Now we nedl to consider only a single total node weight of the corresponding
node to perform diredional queries. To retrieve all objeds that are diredly north
of thereference object, the querying becomes:

Obtain all ohjedswith (Wqy): >= 0.95.
The tota node weights are now generalized total node weights formed by
summing up weights for all cases that lead to the same diredional information.

According to these modified total node weights, diredional querying can be
conducted by the definitions of diredional relationships as shown in Figure 17.

Diredly Mostly Slightly | Somewhat Not

Overlap (Wrn)o>=0.95 | 0.6<=(Wm)o | 0.3<=(Wm)o [ 0.05<=(Wm)o | (Wmn)o<0.05
<0.95 <0.6 <0.3

North (Wm)1>=0.95 [ 0.6<=(Wm)1 | 0.3<=(Wmn)1 [ 0.05<=(Wry)1 | (Wrn)1<0.05
<0.95 <0.6 <0.3

Northeast | (W), >=0.95 | 0.6<=(Wny). | 0.3<=(Wn) | 0.05<=(Wn) | (W), <0.05
<0.95 <0.6 <0.3

East (Wrn)3 >=0.95 | 0.6<=(W)s | 0.3<=(Wm)s [ 0.05<=(Wm)s | (Wmn)s <0.05
<0.95 <0.6 <0.3

Southeast | (W), >=0.95 | 0.6<=(Wi), | 0.3<=(Win)s | 0.05<=(Wry)s | (Win)e <0.05
<0.95 <0.6 <0.3

South (Wm)s>=0.95 | 0.6<=(W\)s | 0.3<=(Wm)s | 0.05<=(Wn)s [ (Wmn)s <0.05
<0.95 <0.6 <0.3

Southwest | (Wny)s>=0.95 | 0.6<=(Win)s | 0.3<=(Wny)s | 0.05<=(Wn)s | (Wrn)s <0.05
<0.95 <0.6 <0.3

West (Wm)7>=0.95 | 0.6<=(Wm)7 | 0.3<=(W)7 | 0.05<=(W\)7 [ (W) <0.05
<0.95 <0.6 <0.3

Northwest | (Wiy)s >=0.95 | 0.6<=(Wn)s | 0.3<=(Wi)s | 0.05<=(W)s | (W) <0.05
<0.95 <0.6 <0.3

Fig. 17. Modified drectional relationship definitions.

4.7 Oracle mplementation

An implementation was performed for the spatial diredion approach with Visua
C++ 6.0 and Oracle 8i. All calculations, displaying and interfacing were in Visual
C++ 6.0. The Oracle 8i database was used to store the @ordinates and the ASG
weights of each MBR. That database was accesed from Visual C++ by using
MFC's ODBC (Open Database Connedivity) database dasss. Therefore, the
MBR coordinates gored in the database can be obtained to calculate the weights
and to display the MBRs, and the @lculated weights can be sent to the database
for subsequent queries from the programs.
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A key isale for the implementation was how to store the total node weights,
which are the basis for the diredional querying. When diredional relationships
between two objeds are of interest, one of the objects has to be the reference
objed andif it changes, the diredional relationships of the objed changes, as well
as the tota node weights for this objed. When there are multiple objeds, the
issie must be resolved regarding which object to use as the reference for
calculating the weights for all the other ohjeds. These weights are then sored in
the database. Another option isto pre-cdculate each ohjed’s total node weights
using every other object as a reference Thisresultsin a set of total node weights
being stored for each ohjed, rather than a single weight. In this way, the total
node weights between any combination of objeds are cadculated, eliminating the
need for diredional trangtivity computations when querying. However, a huge
amount of storage is required for this method, thus making it largely impracticd
for all but the smallest of datasets.

To resolve this problem, a dynamic database was utilized. A static table stores
the mordinates of each MBR, and another table is used to store the total node
weights for those MBRs dynamicdly. Initialy, the total node weight table stores
no information. Every time aquery neels to be conducted, the reference MBR is
set first and the total node weights are @lculated accordingly and stored in the
table, and the query is conducted upon this table. Any subsequent query based on
the same reference MBR can be performed on this table without recalculation of
the weights. If the reference MBR for the subsequent query changes, the stored
information in the total node weight table is removed first, then the reference
MBR for computation is reset, followed by recalculation and storage of the tota
node weights for all MBRs and the querying. By calculating and storing the total
node weights dynamically, no diredional trandtivity neels to be considered, and
the anount of information that needs to be stored is small. This method has also
proven to provide satisfactory querying.

Directional Querying

Two types of dirediona querying were implemented in this work. The first one
gueries the diredional relationships between any two MBRs (one of them is the
reference MBR), such as "Get the diredions of MBR A to MBR B (B is the
reference MBR)." The other type of querying ohtains all MBRs that lie in a
spedfic diredion of thereference MBR, for example, "Retrieve all ohjeds that are
diredly northwest of object A."

When querying is on the diredional relationships between two MBRs, only
the total node weights of the queried MBR are @lculated. The weights are not
stored into the total node weight table of the database, but trandated into
linguigtic terms like "directly north,” "mostly southwest" or "somewhat south,"
and displayed to the user.
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When the querying is to retrieve all MBRs in a spedfic diredion from the
reference MBR, total node weights for all MBRs except the reference MBR must
be @lculated. The weights are then stored into the total node weight table of the
database axd can be accessed by using the MFC's ODBC CRecrdset class
DiredionWeightsDB. The querying is then realized by executing some SQL
statements on the DiredionWeightsDB ohjed.

We will now describe the first option as an example—retrieve the diredional
relationships between two objects. At first, the working MBR, for which
diredions are to ke queried, must be set. Any existing MBR number can be
entered in the dialog in Figure 18. In case of an invaid value, thereis a prompt to
re-enter a valid nunber. After setting the working MBR, its diredions upon the
reference MBR can be obtained by clicking on the “Get Diredions’ button and the
diredions will be displayed in the dialog box. For example, the working MBR in
Figure 18isMBR 3, itsdiredionsto MBR O are:

“Mostly east, somewhat north, somewhat south, and somewhat overlapping.”

In addition, if the “Get Picture” is clicked, the working MBR will be re-displayed
inred. Therefore, the two MBRS, the working MBR and the reference MBR, will
stand aut from the others for ease of evident visualization of their diredional
relationships.

% Uniitled - MBR_query _1olx]
Fie Edt Yew Queylpiions Help

DSH B8 2

“
. 2
/E{ 9 qj \ Get Picture Cancel

\
\
\
\
\
|

4 \I ﬁ

Fig. 18. User interface querying example.
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5 Intelligent Agent Technology

In this sdion, we provide a brief introduction to the topic of intelligent agents,
and present an agent-based framework for implementing the ASG mode within a
larger, distributed system.

5.1 Overview

We @n define an agent as anyone or anything that acts as a representative for
another party, for the expresspurpose of performing spedfic acts that are seen to
be beneficial to the represented party. A software agent, which has been around
for approximately a decade, is a software program that performs tasks for its user
within a computing environment. Technically speaking, most fourth generation
application software wuld be defined as agents. Every day we ask computers,
through software, to perform hundreds of different tasks for us, esentially calling
upon their agency attributes.

As we descend degper into the concept of agency, we @n seethat there are
distinct characteristics that colledively constitute an intelli gent software agent.
Intelligent software agents, or intelligent agents for short, are differentiated from
other applications by their added dimensons of mohility, autonomy, and the
ability to interact independent of its user's presence When we introduce the
additional element of intelligence to an agent, we must include the ahility for
adaptive reasoning. This implies the @pability to process information from
externa environments — such as networks, databases, and the Internet — given a
set of knowledge, attitudes, and beli ef s of the user as understoad by the agent.

There ae six key fundamental characteristics of intelligent agents that
differentiate them from other types of software appli cations [26]:

e Autonomy, e Adaptive Behavior,

e Communicdion Ability, e Trustworthiness and

» Capacity for Cogperation, » Capacity for Reasoning and
Learning.

The ability to perform reasoning and leaning is one of the key aspects of
intelligencethat distinguishes intelli gent agents from other more "robotic" agents.
As Belgrave [6] describes, reasoning implies that "an agent can possessthe ability
to infer and extrapolate based on current knowledge and experiences - in a
rational, reproducible way." Based on our investigation there ae five types of
reasoning and learning scenarios:
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» Rule-based reasoning, where agents use a set of user pre-conditions to evaluate
conditions in the external environment,

» Knowledge-based reasoning, where gents are provided large sets of data
about prior scenarios and resulting actions, from which they deduce their
future moves,

» Simple Statistical Analysisfor leaning and reasoning,
» Fuzzy Agentsfor reasoning when the information isimpredse or incompl ete,
» Neural Networks reasoning for unstructured data or noisy data, and

» Evolutionary Computing to expand the leaning by viewing the system from
an inter-agent perspedive and employing a generic algorithm.

5.2 Rule-Based Reasoning

Of al the technologies used to huild intelligent agents, the easiest to understand is
rule-based reasoning, the basis for “inference engines.” Agents use the set of rules
to dedde which action or actions they should take (“If a condition C is stisfied,
then perform action A”). With multiple rules, one rule's action may cause the
satisfaction of another rule's conditions. This kind o chained effect is cdled
forward chaining, and the problem with this approach is that the user nedls to
reamgnize the opportunity for employing an agent, take the initiative in
programming the rules, endow the agent with explicit knowledge specified in an
abstract language, and maintain the rules over time, as habits or events change.

IBM’'s RAISE (Reusable Agent Intelligence Software Environment) is an
example of rule-based reasoning. RAISE is the inference engine of IBM’s Agent
Buil ding Environment (ABE) devel oper’s todkit. It cen perform information flow
functions: finding, seaching, filtering, caegorizing, storing, routing, and/or
sdedively dissminating information items. Prototype applications for RAISE
include ecommerce shopping, customer service support, and workflow on the
Web and in Lotus Notes, news, and e-mail [26].

MAGSY multi-agent rule-based system is another example. The Kernd of an
agent in MAGSY is aforward-chaining rule interpreter; therefore, each agent has
the probem solving capacity of an expert system. In this kind o multi-agent
system, the knowledge of the agents is usually structured in an objed-oriented
knowledge representation scheme. There is a global knowledge base, which
contains the knowledge that may be accessed by all of the agents. Agents may
store their identification in this global knowledge base and thus beame known to
all agentsin the system [26].

One problem with rule-based systems is that users must keg them updated
manually. These systems cannot change by themselves. A second probem is that
complex sets of rules may devel op conflicting rules that the agent can’t resolve.



Fuzzy Spatia Relationships and Mobile Agent Technology 29
5.3 Knowledge-Based Reasoning

Knowledge-based systems (KBS) are a relatively mature asped of artificia
intelligencetechnology. These systems slve problemsin complex appli cation and
ill -gructured domains by using a large body of explicitly represented domain
knowledge to search for solutions.

One can build knowledge bases based on a spedfic subject areaor domain.
These then serve as the basis for some agent inference mechanisms, including the
rule-based reasoning techniques mentioned above. Usually, the developers or the
knowledge engineas endow programs with information about the tasks to be
performed by an agent in a spedfic domain, and the agent infers the proper
response to a given situation. The major problem with such systems is that they
reguire a large amount of work from the knowledge engineas. Furthermore, the
knowledge of the agent is fixed and cannot be astomized to the desire of
individual users. In highly personalized applications, the knowledge enginee
cannot possbly anticipate the best aid for each user in each situation.

In order to solve certain kinds of complex problems by knowledge-based
agents, it is beneficial to creae asystem in which a number of Knowledge Base
Agents (KBAs) cooperate and combine their problem solving cgpabilities.
Sometimes this ocaurs becuse the problem-solving activity covers a large
geographic region (such as in tedleommunication networks and military
applications), where different KBAs have responsihility for different geographical
areas. Sometimes it ocaurs because different KBAs have different “spedalties’ to
bring to the problem-solving process similar to the co-operation among human
team members. The Multiple-Agent System (MAS) paradigm has proven a
popular and effedive method for building a co-operating team of KBA. Each
KBA in the tean is constructed as a software agent, conferring abilities of
autonomy, self-knowledge, and acquaintance knowledge on the KBA abilities
useful for team-forming and co-operative problem solving.

5.4 Implementation

The general objedive of our work is to develop an autonomous multi-agent
system that retrieves, filters, integrates/conflates and validates geo-spatia data
from multiple heterogeneous surces. It is asaumed that the data can be stored in a
number of formats, the geo-spatial databases can be relational as well as object-
oriented, and different software vendors cen be the sources of the database
environments. Findly, the data sources are digributed and include seleded
proprietary databases as well as, potentialy, web-based resources.

Because of the distributed and complex nature of the problem, agent
technology was sleded as the implementation paradigm. Intelligent agents offer
several advantages over standard client-server architedure. The ability to move
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processing to the source of activity, i.e., a database server, reduces the network
overhead. Moreover, multiple agents can simultaneoudly process information
stored in multiple data locations. Such agents can communicate and cross-
reference distributed data to support the distributed conflation process. The ability
to deploy software to a remote site in an unobtrusve manner extends the
functionality of the local server and allows for utilization of additional available
resources. Finally, as soon as agents are deployed out of the local machine, the
connection to the network can be closed (e.g., supporting the security of the
system), or the local host can even be shutdown without adversely affecting the
data acquisition process. A system diagram is shown in Figure 19.
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Fig. 19. Mobile agent system for distributed spatial databases.

The work presented in this chapter is implemented in the ConflationAgents
(CAS). The CA isasuperclass of many specialized agent dasses that have extensive
knowledge about their domain relevant to the conflation process. CAs are
intelligent mobile agents, traveling to the feeder databases to perform conflation.
The CA traverses al of the relevant databases, collecting the information and
executing the knowledge-based conflation algorithm, of which fuzzy spatial
relationship matching is a component. For more details on the mobile agent
system interactions, please refer to [26]. As of now, a primitive implementation of
the CA based on the Java Expert System Shell (JESS) has been initiated.



Fuzzy Spatia Relationships and Mobile Agent Technology 31
6 Summary and Future Work

This chapter has provided a discusgon of several isaes reated to uncertainty in
gpatial relationships. We presented a brief summary of others' approaches to the
topic, followed by a somewhat in-depth definition of our model based on ASGs.
We showed how this model supports the definition of bath fuzzy dirediona and
fuzzy topological relationships. Several modifications of the original model were
also presented, incdluding one based on MBR refinements, one to support a spedfic
implementation and ane to handle cetain cases that can produce anomalous query
results. Two implementations, one for an Oracle database environment and the
other based on an expert system shell were dso described. We also discussd the
applicability of mobile agent tedinology to implementation of the model for a
distributed system.

Our next step is to fully implement the ASG modd in a mohile agent
environment. We plan to provide a prototype system that supports multiple,
heterogeneous atial databases. Fuzzy querying of spatia relationships is an
esential component bath for user interaction and for more cmplex tasks related
to spatial data conflation. We believe that the ASG model or one of its variants
will provide ardiable framework for arobust, working system.
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