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Abstract: Spatial data mining organizes by location what
is interesting as such, specific features of spatial data
mining (including observations that are not independent
and spatial autocorrelation among the features) that
preclude the use of general purpose data mining
algorithms  poses a serious challenge in the task of
mining meaningful patterns from spatial systems. This
creates the complexity that characterises complex spatial
systems. Thus, the major challenge for a spatial data
miner in trying to build a general complex spatial model
would be; to be able to integrate the elements of these
complex systems in a way that is optimally effective in
any particular case. We have examined ways of creating
explicit spatial model that represents an application of
mining techniques capable of analysing data from a
complex spatial system and then producing information
that would be useful in various disciplines where spatial
data form the basis of general interest.

Keywords: Spatial data; Complex systems; Patterns
mining; Spatial models; Spatial database

1 Introduction

Spatial data muning 1s the quantitative study of
phenomena that 1s located in space. This means that there
1s an explicit consideration of the location and spatial
arrangement of the object to be analysed [9]. We have
focused on the unique features that distingmsh spatial
data mining from classical data Mining, and present
major accomplishments of spatial data mining research,
especially regarding predictive modelling, spatial outlier
detection, spatial co-location rule mining, and spatial
clustering. Spatial data mining organizes by location what
1s interesting therefore, the main purpose of spatial data
mining 15 to search for interesting, valuable, and
unexpected spatial patterns; which can be useful n so
many application domains. Most often than not the
pattern discovered always provide a new understanding
of the real world as such, the search must be a non-trivial
one and should be as automated as possible with a large
search space of plausible hypothesis.  Atftention to
location, spatial interaction, spatial structure and spatial
processes lies at the heart of activities in several
disciplines today and as such demands the wurgent

development of tools capable of analysing and managing
such data which typically can only be represented by
means of geometric features, for instance, consider the
examples of spatial data described by [23] as (a)
Percentage cover of woody plants along a line division;
(b) Land cover from some rangeland types within a
specified area of a coastal region; these include some
special cases of spatial data. Finding implicit regularities,
rules or patterns hidden in spatial databases 1s an
important task for example in geo-marketing, traffic
control or environmental studies [6]. The ultimate goal of
spatial data mining i1s to integrate and further extend
methods of traditional data mining in various fields for
the analysis and management of large and complex
spatial data. The underlying concept 1s based on the fact
that spatial data types (e.g points, lines, polygons and
regions) are not supported by the conventional database
management system. Studying spatial data management
helps us to discover the relationship between spatial and
non-spatial data and to be able to build and query a
spatial knowledgebase.

1.1 Related research

Geospatial data 15 the data or information that identifies
the geographic location of features and boundaries on
earth (such as natural or constructed features), oceans etc.
Spatial data are usually stored as co-ordinates and
topology that can be mapped. They are often accessed,
manipulated and  analysed through geographic
information system. Spatial data mining and geographic
knowledge discovery has emerged as an active research
area focusing on the development of theory,
methodology, and practice for the exfraction of useful
information and knowledge from massive and complex
spatial databases, Therefore, there is an urgent need for
effective and efficient methods to extract unknown and
unexpected information from spatial data sets of
unprecedentedly large size, high dimensionality, and
complexity [18]. According to [13] geographic
information systems contain high level spatial operators
that are uncommon in conventional database management
system (DMS). This has led to an increased development
of research 1ssues that focus on technologies, techniques
and trends that identifies properties that a spatial data
model, dedicated to support spatial data for cartography,
topography, cadastral and relevant applications, should
satisfy. These properties concern the data types, data
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structures and spatial operations of the model [22]. In
their work, [15] asserted that for every spatial data object,
the attribute data are referenced to a specific location;
which means that they are highly dependent on location
and also mnfluenced by neighbouring object (which has
given rise to the miming of collocation pattern between
spatial objects). Existing DBMS do not support complex
spatial relations that exist between spatial objects thus to
achieve this, the functionalities of the DBMS should be
extended to incorporate the facilities of these complex
spatial relations into their query language by providing
for the DBMS a model of how to process and optimize
queries over spatial relations [4]. Spatial database
management refers to the extraction of implicit
knowledge, spatial relations or other patterns not
explicitly stored in spatial databases. Traditional data
organisation and retrieval tools can only handle the
storage and retrieval of explicitly stored data [15]. The
importance of handling a spatial database derives from
the need to deal with geometric, geographic or spatial
data (1.e data related to space). According to [22] one
remarkable feature of a spatial database 1s based on the
fact that the management of geographic data is split mto
two distinct types of processing, one for the spatial data
and another for the attributes of conventional data and
their association with spatial data. In other words,
according to [12], spatial database systems deals with the
fundamental database technology for geographic
information systems and other applications and querying
this database is to connect the operations of a spatial
algebra (mcluding predicates to express spatial
relationships) to the facilities of a DBMS query language.

2 Methods of mining spatial
patterns

The major activities involved in mining spatial patterns
mnclude:
1. Dataset Preparation

2. Initial Data Exploration
3. Predicting Process And Mining Predictions

In this work, we looked at modelling (PREDICTIVE),
querying and implementing a spatial database for event
prediction using basic spatial data mining algorithm.

The term spatial database system 1s associated with a
view of a database as containing sets of objects i space
rather than images or pictures of a space. Consequently,
mining spatial patterns from a complex spatial system
would basically involve the deseription of the two
categories of data obtainable in all geographic data (1e
spatial data and attribute data). In doing this, some of the
major issues to consider include: data description, data
manipulation and data representation.
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Data description

Describing spatial data

s Properties of location in a map are often
“autocorrelated” (patterns exist)

e  Spatial data types are complex (e.g points, lines
and polygons)

Spatial data denotes continuous feature

e Spatial operators include (overlay, re-class,
distance etc.)
2.1.2  Describing non-spatial data
o Data deals with simple domamns e.g numbers

and symbols

e Data describe discrete object

Data are independent of each other

These descriptions identify properties that a spatial data
model, dedicated to support spatial data for cartography,
topography, cadastral and relevant applications, should
satisfy. These properties concern the data types, data
structures and spatial operations of the model as listed
below:

e Spatial operations (spatial
layering/overlaying, buffering)

query,

e  Spatial data which describes location (where)

e _drribute data which specifies characteristics at
that location (what, how much, and when)

2.2 Spatial Data Representation

Representing spatial data in the form that the computer
would understand requires grouping the data mnto layers
according to the individual components with similar
features (example layer could be waterlines, elevation,
temperature, topography e.t.c).

In general, two distinct data structures are considered
when representing spatial data digitally these include; (1)
raster data structure (11) vector data structure.

221 Raster data structure

According to [21], raster cell 1s usually a square, but
could theoretically be another regular polygon that 1s
able to fully cover an image area without leaving
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holes in the covered region, e.g. a triangle, hexagon
or rectangle. Raster data structure according to [11],
15 similar to placing a regular gnd over a study
region and representing the geographical feature
found in each grid cell numerically: for example, 1
for loamy, 2 for clay and so on. A raster consists of
a matrix of cells (or pixels) organized into rows and
columns (or a grid) where each cell contains a value
representing information, such as temperature (as
you can see in the fipure below)

W Watershed

I Forest

M Built_up Area

I Pasture

[l Unvegetated area
[ Agriculture

Figure 1: example of a raster data representation

2.2.1  Vector data structure

Vector data structure represents geographic objects with
the basic elements points, lines and areas, also called
polygons. From the description given by [11], vector data
1s based on recording pomnt locations (zero dimensions)
using x and y coordinates, stored within two columns of a
database. By assigning each feature a unique ID, a
relational database can be used to link location to an
attribute table describing what 1s found there.

2.3

[25] Observed that i trying to discover pattern in real
world data, the different models in which real world data
15 organised and the pattern discovery techmique to be
applied to this models must be considered. Data types of
a spatial set are the major element of a spatial database as
we have described by the examples below.

Spatial Data Types

Continuous data types: elevation, rainfall, ocean
salinity

Areas data types:
¢ unbounded: land-use, market areas soils,
rock type
e bounded: city/county/state
ownership parcels, zoning
e  Moving: air masses, animal herds, schools
of fish

boundaries,

Networks data types: roads, transmission lines,
streams

Points data types:
o fixed: wells, street lamps, addresses
®  moving: cars, fish, deer

2.4

The main application driving research in spatial database
systems are GIS. Hence we consider some modelling
needs in this area which are typical also for other
applications. Examples are given for two dimensional
space (length and breadth), but almost everywhere,
extension to the three - or more-dimensional case is
possible. There are two important alternative views of
what needs to be represented:

Data manipulation

s Objects in space: in this case, we are interested
in distinct entities arranged in space each of
which has its own geometric description allows
us to model, for example, cities, forests, or
rivers

®  Space: here, we wish to describe space itself that
1s describing every point in space. Models
thematic maps describing e.g. land use/cover or
the partition of a country into districts.

3 Knowledge discovery task in
spatial data mining

The essence of data mining 1s to demonstrate the possible
contribution of general KDD methods that are not
specifically designed for spatially referenced data.
Knowledge discovery in a spatial database involves
finding implicit regularities, rules or patterns hidden n
spatial databases. These are grouped under several basic
categories in terms of the kind of knowledge to be
discovered. Spatial data muning encompasses various
tasks and, for each task, a number of different methods
are often available, which could be computational,
statistical, visual, or some combination of them. Some
common spatial data mining task includes:
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Table 1: Example tasks in spatial pattern mining
*  Spatial classification/prediction

*  Spatial association rule mining Location Prediction
*  Spatial cluster analysis Predict that 15 trying to identify where a phenomenon
*  Geo-visualization e.t.c will occur.

» predicting location of protem sub cellular [5]

These tasks can generally be classified into two # Predicting location of a mobile cellular
categories: networks user [1]

e Modelling and

e Querying of a given spatial database
Spatial Interactions

In general, the major tasks a spatial data miner may face | The researcher is trying fo find out which subsets of

uld include of th shown in table 1): spatial phenomena interact? _ .
would include of these (as shown in table 1) #» Application of spatial information to mobile
computing [8]

» Applying spatial
interactions
to the analysis of crime incidents [14]

Hot spot -Finding which locations are unusual or
share commonalities through spatial clustering
# Detecting spatial hot spots in landscape
ecology [19]

#» Spatial Organization of DNA in the Nucleus
May Determine Positions of
Recombination Hot Spots [25]

» Applying clustering techniques to crime hot-
spot analysis [7]

# Other application areas include earthquake
analysis, vehicle crashes, agricultural
situations ...

Spatial outliers’ detection
Trying to identify abnormal patterns (outliers) from
large data sets

¥ Detecting Outliers in Gamma Distribution
[20]

» Bearing Based Selection in Mobile Spatial
Interaction [27]
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4 Results and Discussion

[2] Has established that the data mputs of spatial data
mining are more complex than the inputs of classical data
mining because they include extended objects such as
points, lines, and polygons. The data mputs of spatial data
mining have two distinct types of attributes: non-spatial
attribute and spatial attribute. Non-spatial attributes are
used to characterize non-spatial features of objects, such
as name, population, and unemployment rate for a city.
They are the same as the attributes used in the data inputs
of classical Data Mining. Spatial attributes are used to
define the spatial location and extent of spatial objects
The spatial aftributes of a spatial object most often
nclude information related to spatial locations, e.g.,
longitude, latitude and elevation, as well as shape.

One feasible way to deal with implicit spatial
relationships 1s to materialize the relationships into
traditional data input columns and then apply classical
data mining techniques - although the materialization
may result in loss of information.

However, i [26], it was also established that spatial
context such as autocorrelation is the key challenge 1n
spatial data mining especially in the area of spatial
classification. And then we saw the most obvious
challenge of spatial data mining (which 1s a general
problem 1in field on data mining) in [28] as missing data.
[28] acknowledged that since data mining process deals
greatly with the development of association rule, patter
recognition, classification, estimation and prediction, 1t
will be very pertinent to have serious concern on the
accuracy of the database to be modelled and on the
sample data chosen for building a traming set, in other
words, the 1ssue of missing data must be addressed since
1gnoring this problem can lead to a partial judgement of
the models being evaluated and then finally lead to
inaccurate data mining conclusions.

4.1 Data selection

*  Measuring per cent occurrence of objects from
digital 1mages can save fime and expense
relative to conventional field measurements [3]

*  Ecological assessments incorporating ground-
cover measurements (as shown in figure 2) have
relied on point sampling using point frames [16];
[17]

4.2 Data preparation

In addition to the DM process, which actually extracts
knowledge from data, KDD process includes several pre-
processing (data preparation) and post-processing
(knowledge refinement) phases [10].

Figure 2: showing locations where sample point where
selected on our base-map

4.3.1 Sampling methods

“The main aim of the analysis of mapped pomt data 1s to
detect patterns (1.e., to draw inference regarding the
distribution of an observed set of locations)” [29]. We
have adopted the sampling method of data collection,
because we are dealing with data that change across a
surface over a period of time eg temperature,
precipitation, and so on. According to [3], measuring per
cent occurrences of objects from digital images can save
time and expense relative to conventional field
measurements. Also, [30] established that ecological
assessments incorporating ground-cover (the area, usually
expressed as a percentage, of ground covered by the
vertical projection of vegetation, litter, and rock)
measurements have relied transect methods.

The measurement of ground cover from images has
several potential advantages, mcluding acceleration of
field work, increased flexibility, repeatability, and
convenience in the time and place actual measurements
are made.

5 Conclusion

Spatial data mining i1s a branch of data mmning where
space and location of object 1s an important factor. In
work, we have carried out an extensive research on the
field of data mining and we have developed a framework
for spatial data mining which is suitable for further
expansion and research. We looked at the various
branches and tools for data mining and we had a detailed
study of spatial data miming; tools techmiques, methods,
and tasks. We also looked at the various application areas
of spatial data mining and the nature of specific pattern
that could exist in a given spatial dataset.
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