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Spatial data mining, 1.e., discovery of interesting, im-
plicit knowledge in spatial databases, is an tmportant task
for understanding and use of spatial data- and knowledge-
bases. Statistical analysis has been the main method used
for analyzing spatial data. Unfortunately, it has a number
of weeknesses. In this paper, a number of methods based
on knowledge discovery techniques for large databases are
presented. This methods may overcome some of the weak-
nesses of statistical analysis. Our study s focused on ef-
fictent method for mining strong spatial association rules
in geographic information databases. A spatial associa-
tion rule is a rule indicating certain assoctation relation-
ship among a set of spatial and possibly some non-spatial
predicates. For example, a rule “80% of gas stations in
rural areas are close to highways” is a spatial association
rule. A strong rule indicates that the patterns in the rule
have relatively frequent occurrences in the database and
strong itmplication relationships.

INTRODUCTION

With wide applications of satellite and remote sensing
technologies and automatic data collection tools, tremen-
dous amounts of spatial and non-spatial data have been
collected and stored in large spatial databases. The ex-
traction and comprehension of the knowledge implied by
the huge amount of spatial data, though highly desirable,
pose great challenges to currently available GIS technolo-
gies. This situation demands new technologies for knowl-
edge discovery in large spatial databases, or spatial data
mining, that is, exztraction of implicit knowledge, spatial
relationships, or other interesting patterns not explicitly
stored in spatial databases.

Statistical spatial analysis is widely used technique
for analyzing spatial data. Statistical analysis works well
with numerical data and enables optimization and build-
ing models. Unfortunately, statistical analysis has some
limitations including poor dealing with symbolic data like
names, high computational complexity and others.

In this paper we present some methods which extend
existing data mining techniques toward spatial data min-
ing. We also propose and study an efficient method for
mining strong spatial association rules in large geographic

databases. A strong rule indicates that the patterns in the
rule have relatively frequent occurrences in the database
(i.e., large support) and strong implication relationships
(i.e., high confidence). Data mining process is initialized
by a user who defines in a query types of relations and
classes of objects for description. Our algorithm enables
efficient discovery of interesting spatial association rules
in large geographic databases, which may have high ap-
plication potential in practice.

METHODS
Statistical Analysis

Currently statistical spatial analysis is the most com-
mon technique for analyzing spatial data [4]. Statisti-
cal methods handle well numerical data, contain a large
number of algorithms, have a strong possibility of get-
ting models of spatial phenomena, and allow optimiza-
tions. Statistical analysis sometimes requires the assump-
tions regarding to statistical independence of spatially
distributed data. Such assumptions are often unrealistic
due to the influence of neighboring regions. To deal with
such problems, spatial models can include trend surface
or dummy variables. If data in one region are influenced
by features of neighboring regions, the analyst may fit a
regression model with a spatial lagged forms of the de-
pendent variables. Statistical analysis also deals poorly
with symbolic data like names. Statistical approach re-
quires a lot of domain and statistical knowledge. Thus,
it should be performed by domain experts with the ex-
perience in statistics. Statistical methods also does not
work well with incomplete or inconclusive data. Another
problem related to statistical spatial analysis is expen-
sive computation of the results. To overcome some of the
weaknesses of statistical analysis new methods have been
proposed for analyzing data which is stored in relational

databases [3].

Generalization-based Methods

In this methods, knowledge is summarized in a form of
relationships between spatial and non-spatial attributes
at generalized high concept level. In [7], attribute-oriented
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Figure 1: An example of the query using non-spatial dom-
inant generalization method.

induction technique was used for knowledge discovery in
spatial databases. Two kinds of hierarchies were con-
structed. One is the concept hierarchy describing non-
spatial data; the second hierarchy describes spatial data.
Non-spatial hierarchy provides the concept of generaliz-
ing data to high level concepts. For example, numerical
data can be generalized to ranges or descriptive high level
concepts (e.g., —9°C to a range value “—10_t0_0°C” or
cold), and symbolic values to higher level concepts (e.g.,
potatoes and beets to vegetables). By doing so, low level
distinctive values may be generalized to identical high
level values, and such high-level identical values among
different tuples can be merged together with their spatial
pointers clustered into one slot in the spatial attribute.
Spatial hierarchies can be defined by administrative divi-
sion or spatial storage structures like quad-trees.

Two algorithms were proposed: non-spatial data dom-
inated generalization, and spatial dominated generaliza-
tion. In the first step of both algorithms, data related
to the user specified query are collected. Then, in non-
spatial data dominated algorithm, attribute-oriented in-
duction is performed on non-spatial data by (a) climbing
concept hierarchy, (b) attribute removal, and (c¢) merging
identical tuples. Induction is continued until every at-
tribute is generalized to the desired level. In the last step,
neighboring areas with the same generalized attributes
are merged. The result of the query can be presented
as a map with small number of regions with high level
descriptions: (Figure 1-1).

For spatial data dominated generalization, the task-
It is done by
clustering spatial objects until a desired concept level

relevant spatial data is generalized first.

is reached. For each generalized region, non-spatial at-
tributes are generalized in all regions until proper descrip-
tion for all regions can be done. Finally, the output of
the query presents the description of spatial regions by a
small number of predicates: (Figure 1-2).
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Figure 2: An example of the query using spatial dominant
generalization method.
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Figure 3: Two examples of queries using spatial and non-
spatial dominant generalization methods.

Cluster Analysis

Combination of attribute-oriented induction with clus-
tering methods provides a possibility of describing spatial
behavior of similar objects or to determine characteristic
features of distinct clusters.

In [8], two techniques were derived: spatial-dominant
and non-spatial-dominant algorithms (Figure 1-3). The
spatial-dominant method classifies all task-relevant spa-
tial objects (such as points) into clusters using an efficient
clustering algorithm based on sampling. Then it performs
an attribute-oriented induction on non-spatial description
of objects in each cluster to extract rules describing gen-
eral properties of a cluster. The non-spatial-dominant
method first generalizes non-spatial attributes of query-
related objects to high concept levels. For example, ex-
pensive housing units can be generalized to single houses,
mansions and condominiums. Finally, the program clus-
ters the spatial objects with the same non-spatial descrip-
tions.



Spatial Association Rules

Agrawal, et. al. [1] proposed association rules for dis-
covery of interdependencies in transactions databases. If
this method is used for knowledge discovery in supermar-
ket database a user can discover rules in form of “W —
B (¢%)”, where W and B are sets of attribute values.
This rule is explained as, “if a pattern W appears in a
transaction, there is ¢% possibility (confidence) that the
pattern B holds in the same transaction”. For example,
the rule “bread — butter (90%)”, which states that 90%
of customers who buy bread also buy butter, is an as-
sociation rule. Our study extends this method towards
discovery of spatial relations.

Definitions
A spatial association rule is a rule in the form of

QAL AQa (%) (1)

where at least one of the predicates Py, ..., P, @Q1,...,@Qn
is a spatial predicate, and c¢% is the confidence of the
rule which indicates that ¢% of objects satisfying the an-
tecedent of the rule will also satisfy the consequent of the
rule [6].

There are various kinds of spatial predicates that could
constitute a spatial association rule. Some examples are:
topological relations like intersects, overlap, disjoint, etc.;
spatial orientations like left_of, west_of, etc, distance in-
formation, such as close_to, far_away, etc.

The support of a conjunction of predicates, P = P; A
... A Py, in a set S, denoted as o(P/S), is the number of
objects in S which satisfy P versus the cardinality (i.e.,
the total number of objects) of S. The confidence of a
rule P — Qin S, ¢(P — Q/5), is the ratio of 6(PAQ/S)
versus o(P/S), i.e., the possibility that @ is satisfied by
a member of S when P is satisfied by the same member
of S.

Since most people are interested in rules with large
supports and high confidence, two kinds of thresholds:
minimum support and minimum confidence, can be in-
troduced. Moreover, since many predicates and concepts
may have strong association relationships at a relatively
high concept level, the thresholds should be defined at
different concept levels. For example, it is difficult to find
regular association patterns between a particular house
and a particular beach, however, there may be strong as-
sociations between many expensive houses and luzurious
beaches. Thus, it is expected that many spatial associa-
tion rules are expressed at a relatively high concept level.

A set of predicates P is large in set S at level k if
the support of P is no less than its minimum support
threshold o}, for level k, and all ancestors of P from the
concept hierarchy are large at their corresponding levels.

PiN...ANPy,

The confidence of a rule “P — @/S” is high at level k if
its confidence is no less than its corresponding minimum
confidence threshold .

A rule “P — @Q/S” is strong if the predicate “P A Q"
is large in set S and the confidence of “P — @/S” is high.

Algorithm
The general distributed algorithm for the mining pro-
cess can be summarized in the following.

Input: consists of a spatial database, a mining query,
and a set of thresholds.

1. The database consists of three parts: (1) a spa-
tial database, SDB, containing a set of spa-
tial objects; (2) a relational database, RDB,
describing non-spatial properties of spatial ob-
jects; and (3) a set of concept hierarchies.

2. The query consists of: (1) a class S of objects
being described, (2) a set of task-relevant sub-
classes for spatial objects C1,...,Cy, and (3)
set of relevant relations/predicates.

3. Three thresholds: (1) the minimum support,
(2) the minimum confidence for each level of
concept hierarchies; and (3) the distance thresh-
old specifying the maximal distance between
the objects to satisfy close_to predicate.

Output: Strong multiple-level spatial association rules
for the relevant sets of objects and relations.

Method: The procedure for mining spatial association
rules is the following:

1: mapl := map of the class being described
2: For all subclasses C; of relevant objects do concurrently:

3 map?2 := map of a sublass of relevant objects

4: Predicates_for_C; := Intersection(mapl, map2, dist);
) Predicates_ DB U = Predicates_for_Cj;

6: Find_large_predicates_and_mine_rules( Predicates_DB);

Step 4 of the algorithm is accomplished by execution
of efficient multilevel algorithm for computation of spatial
joins [2]. Predicates are stored in an extended relational
database Predicates_DB, which allows an attribute value
to be either a single value or a set of values. Every row
of the Predicates_DB is a description of a single object
S; from the the class S of objects being described. De-
scription consists of objects Cj1 and relations which sat-
i1sfy task relevant predicates. For example, row related
to Stanley Park may include restaurant, zoo, main road,
inlet, lake etc. Step 6 is executed by algorithm for discov-
ery of multilevel association rules in transaction databases



[5]. This algorithm finds large predicates by counting the
number of occurrences of predicates in the database and
based on this information derives strong rules. For exam-
ple, if predicate close_to(z, A) occurs in 100 rows, pred-
icate close_to(z, B) occurs in 90 rows, and both predi-
cates close_to(z, A) and close_to(z, B) occur together in
80 rows, then the rule “close_to(x, A) — close_to(z, B)
(80%)” may be derived. After finding large predicates on
high levels of concept hierarchies the algorithm tries to
find large predicates and rules on lower levels. For exam-
ple, highways may be specialized into interstate highways
and state highways.

Implementation

The algorithm, was implemented using C and SR lan-
guages. The program was tested on two databases con-
sisting af the description of Washington state and Hawaii
from Census Bureau’s TIGER/Line(TM) files. Tt was ex-
ecuted on the farm of SPARCstations 5. The execution
time for the average query is about 80s for a database
of size about 22MB and about 12s for database of size
4.5MB. On the top level of the concept hierarchies the
algorithm may discover that 37% of airports and airfields
in Washington state are close to railroads. On the lower
level of concept hierarchy it finds that 75% of airports
and airfields which are close to U.S. state highways are
also close to railroad main tracks.

CONCLUSION

We investigated and implemented a number of algo-
rithms extending spatial analysis by using methods for
knowledge discovery in large databases. Our study shows
an effective method for user guided data mining which
can be used for analyzing of large spatial databases. Dis-
covery of spatial association rules may disclose interest-
ing relationships among spatial and/or non-spatial data
in large spatial databases and thus, it represents a new
and promising direction in spatial data mining.
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