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Abstract: Spatial database is a database that is 
enhanced to store and access data that defines a 
geographic space. Spatial data mining has become 
an evolving topic in research due to the emerging 
need. Co-location pattern mining is a fascinating 
issue in spatial data mining which finds the subsets 
of elements whose occurrences are often found 
together in close geographic proximity [1]. There 
are various types of algorithms to find the co
location patterns in spatial database. This paper 
presents a hierarchical taxonomy of available 
algorithms based on a survey made on the various 
co-location methods and algorithms available.
 
Keywords: Co-location Pattern, Hierarchical 
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1.  Introduction 

  
Spatial database is a database that contains data related 
to geographic space. It is a special database that has 
additional capabilities for handling spatial data. It also 
offers new data types in its data model and query 
language. In general, data mining is a process of 
finding useful patterns from the available data. 
Sim5ilarly, spatial data mining involves discovering 
interesting patterns in the spatial data. It is a new and 
rapidly developing area of data mining. Because of the 
rapid development of technologies like GIS, GPS and 
other context oriented applications there is a rapid 
growth in the spatial data. Thus the size and the 
complexity of the spatial dataset is increased 
exponentially, hence a specialized data mining 
technique is required. 

2.  Taxonomy 
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Figure.1 Taxonomy
 

Co-location pattern mining algorithms are classified 
into two broad categories. 

 
2.1.  Spatial statistic 
 
This type of algorithm applies statistical methods [1] 
that uses spatial relationships such as distance [15][16], 
area, length, height, volume, orientation, and other 
spatial characteristics. It usually computes some 
mathematical function and based on those functio
location patterns are identified. For different types of 
data different statistical algorithms are used.

 
2.1.1.  Point patterns  
 
The spatial features that can be represented by discrete 
points are called point pattern statistics [2]. Methods 
like quadrant analysis, kernel estimation, K
[11] and nearest neighbour [9][11] analysis are 
categorized under point pattern statistics. The statistics 
computed using these methods are often used to test the 
complete spatial randomness. 
 
2.1.2.  Spatially continuous data  

 
These types of data are also called as random field data 
or geostatistical data. Methods like cluster 
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analysis[4][6], spatial moving averages, trend surface 
analysis, variograms, kernel estimation, canonical 
correlation, Delaunay triangulation and principal 
component analysis are developed for spatially 
continuous data. 

 
2.1.3.  Area data 
 
The spaces enclosed by the polygons are referred to as 
area data. Methods like spatial moving averages, kernel 
estimation, spatial autocorrelation, spatial correlation 
and regression are developed for this type of data. 
Methods are also developed for special types of area 
data like counts and proportions. 
 
2.1.4.  Spatial interactions 
 
Generally the methods developed for spatial 
interactions are based on gravity model. Here the 
amount of interaction between two places is considered 
to be the criteria for pattern mining and is calculated by 
the function of their sizes. Distance can be either 
measured as straight line distance or through a network. 
 
2.2.  Spatial data mining 
 

The strategy in which data mining techniques are 
applied to spatial data is spatial data mining. The 
geographical or spatial information are analyzed to 
produce business intelligence or other results. Spatial 
data mining is broadly categorized into association 
based and materialization based. 
 
2.2.1.  Association 
 
It focuses on finding frequently co-located items among 
the collection of items. Here the association between 
the two items is computed either by the distance 
between them or by the frequency of co-occurrence. 
There are different spatial data mining association 
algorithms, among them apriori [16] and FP(frequent 
pattern) [7][3][14]are often used . 
 
2.2.2.  Materialization 

 
It is a process of finding all maximal clique relationship 
from input. A disjoint star neighbor relationship is used 
to reduce the computational cost for efficient co-
location mining. 
 

3.  Spatial statistic model 

 
The statistical methods that are used in spatial statistics 
model of co-location pattern generation are discussed 
below. 
 
3.1.  Point patterns 
 

In point patterns, the spatial features are represented 
using discrete points. The following are the methods 
that are based on point patterns. 
 
3.1.1.  Quadrant analysis 
 
It is a method for studying the spatial arrangement of 
point locations. It examines the frequency of points 
occurring in various parts of an area. A set of cell 
quadrants is superimposed on a study area and number 
of points in each cell is determined.  By analyzing the 
distribution of cell frequencies, the point pattern 
arrangement can be described.  In nearest neighbor, the 
average spacing of closest points is looked at , whereas, 
quadrant analysis looks at the variability in the number 
of points per cell. The absolute variability of cell 
frequencies cannot be used because it is influenced by 
density of points. 
 
3.1.2.  Kernel estimation 
 
Kernel density estimators belong to a class of 
estimators called nonparametric density estimators.  In 
comparison to parametric estimators where the 
estimator has a fixed functional form, the parameters of 
this function are the only information we need to store, 
Non-parametric estimators have no fixed structure and 
depend upon all the data points to reach an estimate. 
 
3.1.3.  Nearest neighbor analysis 
 
Nearest neighbor analysis is also called as proximity 
search. It is an optimization problem for finding closer 
points. Closeness is typically expressed in terms of a 
dissimilarity function that is the less similar the objects, 
the larger the function values. 
 
3.1.4.  K Functions 
 
In this method a K-function is calculated which is 
based on mean value or other statistically calculated 
value. The co-location patterns evaluated are based on 
the k function. It is generally calculated by mean or 
other statistical function[17]. 
 
3.2.   Spatially continuous data 
 
It is also called as geostatistical data or random field 
data. The following are the methods that are used for 
spatially continuous data 
 
3.2.1.  Cluster analysis 
 

Spatial cluster analysis plays an important role in 
quantifying geographic variation patterns. A spatial 
cluster is defined as a group of events or of values in 
geographic space. For feature-based data, a cluster is a 
spatial aggregation of boundaries. Spatial distributions 
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with values at certain locations showing relationship 
with values at other locations are named spatial 
autocorrelation. 
 
3.2.2.  Canonical correlation 
 
Canonical correlation analysis identifies and measures 
the associations among two sets of variables. Canonical 
correlation is appropriate in the similar situations where 
multiple regression would be possible, but where are 
there are multiple intercorrelated outcome variables. 
Canonical correlation analysis determines a set of 
canonical variables, orthogonal linear combinations of 
the variables within each set that explain the variability 
both within and between sets. 
 
3.2.3.  Delaunay triangulation 
 
Delaunay triangulations are widely used in scientific 
computing in many widely used applications.  There 
are numerous algorithms for computing triangulations. 
The fundamental property is the Delaunay criterion. In 
the case of 2-D triangulations, this is often called the 
empty circumcircle criterion. For a set of points in 2-D, 
a Delaunay triangulation of these points ensures the 
circumcircle associated with each triangle contains no 
other point in its interior. 
 
3.2.4.  Principle component analysis 
 
Principal component analysis is a method of identifying 
a smaller number of uncorrelated variables, called 
principal components from a large set of data. The 
main aim of principal components analysis is to 
describe the maximum amount of variance with the 
fewest number of principal components. Principal 
components analysis is commonly used in the social 
sciences, market research, and other industries that use 
large data sets. 
 

3.2.5.  Factor analysis 
 
It is a data reduction tool. It removes redundancy or 
duplication from a set of correlated variables. It is a 
statistical method to describe the variability. The values 
of observed data are expressed as functions of number 
of cases to find which is more important. 
 
3.3.  Area data 
 
Area data are space data which are enclosed by a 
polygon. The following are the methods used for area 
data. 
 
3.3.1.  Spatial Moving Average 
 

The spatial moving average (SMA) is a very natural 
type of spatial process that involves integrals or sums 

of independent and identically distributed random 
variables. Consequently, the mean and covariance 
function of the SMAs can be written down immediately 
in terms of their integrand or summand. Moreover, 
simulation from them is straightforward, and it does not 
require any large matrix inversions. 
 
3.3.2. Trend Surface Analysis 
 

Trend surface analysis is the most widely used global 
surface-fitting procedure. The mapped data are 
approximated by a polynomial expression of the 
geographic coordinates of the control points, and the 
coefficients of the polynomial function are found by the 
method of least squares, ensuring that the sum of the 
squared deviations from the trend surface is a 
minimum. Each original observation is considered to be 
the sum of a deterministic polynomial function of the 
geographic coordinates plus a random error. 
 
3.3.3.  Variograms 
 
In spatial statistics the theoretical variograms  is a 
function describing the degree of spatial dependence of 
a spatial random field or stochastic process. The 
variogram is defined as the variance of the difference 
between field values at two locations across realizations 
of the field. 
 

3.3.4.  Spatial autocorrelation 
 

Spatial autocorrelation in GIS helps understand the 
degree to which one object is similar to other nearby 
objects. Moran’s I (Index) is used to measure spatial 
autocorrelation. Spatial autocorrelation definition 
measures how much close objects are in comparison 
with other close objects. Moran’s I can be classified as: 
positive, negative and no spatial autocorrelation. 

• Positive spatial autocorrelation is when similar 
values cluster together in a map. 

• Negative spatial autocorrelation is when 
dissimilar values cluster together in a map. 

One of the main reasons why spatial auto-correlation is 
important is because statistics relies on observations 
being independent from one another. If autocorrelation 
exists in a map, then this violates the fact that 
observations are independent from one another. 
 
3.3.5.  Spatial regression 
 

Spatial regression methods capture spatial dependency 
in regression analysis, avoiding statistical problems 
such as unstable parameters and unreliable significance 
tests, as well as providing information on spatial 
relationships among the variables involved. Depending 
on the specific technique, spatial dependency can enter 
the regression model as relationships between the 
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independent variables and the dependent, between the 
dependent variables and a spatial lag of itself, or in the 
error terms. Geographically weighted regression 
(GWR) is a local version of spatial regression that 
generates parameters disaggregated by the spatial units 
of analysis. 
 
3.4.   Spatial interactions  
 

It denotes the movement of information between a 
source and a destination. It explains about the 
communications between the spatial objects 
 
3.4.1.  Gravity model 
 
It is a common technique of spatial interaction method. 
It uses similar method like newton’s gravity model. The 
basic assumption of gravity model is that the attraction 
between two objects is directly proportional to the mass 
of the objects and inversely proportional to the distance 
between them. The same concept is used in spatial 
scenario and hence it is called as gravity model of 
spatial interaction.   

4.  Spatial data mining 

4.1.  Association 

Association methods generally focus on finding the 
frequency or number of occurrence of co-located 
patterns or events. Association based algorithm are as 
follows 

4.1.1.  Apriori 

It is a reduction or knowledge deriving process. It is 
mostly theoretical deduction and rarely depends on 
observation or experience. It uses generate and test 
approach. First it generates candidate item set and then 
tests for frequent appearance. Both the time and space 
complexity is more as it requires multiple database 
scans [17]. 

4.1.2.  FP-Tree 

It aims at finding subsequence or subset of frequent 
itemsets without candidate set generation. It uses a 
special data structure called FP-tree. First it generates 
the FP- tree by passing over the dataset two times and 
then finds the frequent sets from the FP- tree itself. It 
has reduced space and time complexity compared to 
apriori [18]. 

4.1.3.  Éclat algorithm 

Éclat stands for equivalence class transformation. It is a 
method in association mining which is used to find the 

frequency among the variables. It determines the 
occurrence of instance within a given set. 

4.1.4.  Context based association rule mining 

It is a method of association rule mining which finds 
association based on the context. It takes into account 
the user defined context or the particular instance of the 
problem and associates accordingly. Apriori and other 
algorithm are not better suited for finding all possible 
co-located events. Context based association rule 
mining finds both positive and negative aspects of 
associatively and hence it is much effective than other 
algorithms. 

4.1.5.  Node set based algorithm 

It is based on methods like FIN, pre-post, PPV. It 
constructs a FP-tree and conducts depth first search to 
find frequency pattern or the intersection of nodes. 

4.2.  Materialization 

4.2.1.  Event-centric 

This technique is applied to spatial features which are 
mostly of Boolean type[5]. This technique can be 
applied by three different types of approach which are 
as follows: 

4.2.2. Join approach 
 

Join based approach[16] is another co-location 
algorithm which uses SQL-like joining process for co-
location patterns mining. This algorithm iterates 
through four tasks from patterns size 2: candidate co-
location generation, table instances of co-locations 
generation, pruning and rule generation. Before starting 
to iterate it is assumed that size 1 co-location patterns 
are all prevalent. In this approach the input spatial 
datasets are merged into one by special spatial join 
process [2] and the candidate instance for the co-
located event set are selected from the input based on 
certain criteria.[13]. 
 
4.2.3.  Partial join approach  
 
Here the numbers of instance joins for identifying 
instances of candidate co-locations is reduced by 
transact ionizing a spatial dataset and tracing the 
residual neighbourhood instances through transactions. 
This approach is based on an observation on event 
instances having at least one cut neighbour relation 
[17]. This algorithm does not need any spatial joining 
operation or combinatorial operations in finding 
candidate co-location.  So, most of the time which is 
consumed in join operation in join based approach is 
reduced. 
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4.2.4.  Join less approach 
 
In this approach the input spatial dataset is converted 
into disjoint star neighbourhoods and the star instance 
of candidate co-locations are gathered from 
materialized set.  Then the candidates are filtered using 
prevalence values of their star instances and the co-
location rules are generated.[12][13]. The join-less 
approach finds co-location pattern in three phases. 
First, input spatial dataset is converted to the star 
neighbourhood set. Second, prevalence measure is used 
to filter the star neighbourhood sets which are not 
prevalent on coarse level. Finally, prevalent co-location 
patterns and co-location rules are generated from the 
coarsely filtered candidate patterns 

5.  Conclusion 

Thus the various approaches to discover co-location 
patterns from spatial data is discussed in this paper. The 
techniques for co-location mining are broadly classified 
into spatial statistics and spatial data mining. A 
hierarchical taxonomy for these methods has been 
proposed. Spatial statistics techniques are generally 
used for Boolean spatial feature and other features 
which requires mathematical function for evaluation of 
co-location patterns whereas the spatial data mining 
techniques are used for finding business intelligence. 
Each technique has its own method for finding co-
location patterns and they are applied to specific type of 
data according to the context. Each method has its own 
advantage and disadvantages. 
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