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Abstract
The recent advancements and cost reduction  technologies for 
collecting spatial data like Satellite Images, Cellular Phones, 
Sensor Networks, and GPS devices has facilitated huge collection 
of data referenced in space and time. The conventional systems 
and classical data mining techniques are not useful in discovering 
or retrieving the interesting hidden information from these large 
collections of data. Spatial data are embedded in continuous space, 
whereas classical datasets (e.g. transactions) are often discrete. 
Spatial data require complex data preprocessing, transformation, 
data mining, and post-processing techniques to extract novel, 
useful, and understandable desired patterns. Thus, new methods 
are needed to analyze spatial data to extract interesting, useful, and 
non-trivial patterns. The main goal of this paper is to disseminate 
this research field, giving an overview of the current state of the 
art and the main methodologies and algorithms for spatial data 
mining.
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I. Introduction
Spatial Data Mining (SDM) techniques are useful in extracting 
desired knowledge, spatial relationships and any other properties 
which are not explicitly stored in the database. SDM is used to find 
implicit regularities, relations between spatial data and/or non-
spatial data. The specificity of SDM lies in its interaction in space. 
In effect, a geographical database constitutes a spatiotemporal 
continuum in which properties concerning a particular place are 
generally linked and explained in terms of the properties of its 
neighborhood. We can thus see the great importance of spatial 
relationships in the analysis process [1-2]. Temporal aspects 
of spatial data are also a central point but are rarely taken into 
account. 
Data mining Techniques [3] are not suited to spatial data because 
they do not support location data or the implicit relationships 
between objects. Hence, it is necessary to develop new methods 
including spatial relationships and spatial data handling. 
Calculating these spatial relationships is time consuming, and a 
huge volume of data is generated by encoding geometric location. 
Global performances will suffer from this complexity. 
Using GIS, the user can query spatial data and perform simple 
analytical tasks using programs or queries. However, GIS are not 
designed to perform complex data analysis or knowledge discovery. 
They do not provide generic methods for carrying out analysis and 
inferring rules. Nevertheless, it seems necessary to integrate these 
existing methods and to extend them by incorporating spatial data 
mining methods [4-5]. GIS methods are crucial for data access, 
spatial joins and graphical map display. Conventional data mining 
can only generate knowledge about alphanumerical properties. 

A. Spatial Data Mining 
Spatial data mining is the application of data mining techniques 
to spatial data. Data mining in general is the search for hidden 
patterns that may exists in large databases. Spatial data mining 

is the discovery of interesting relationships and characteristics 
that may exist implicitly in spatial databases [6]. The huge data 
sets (usually, terabytes) of spatial data is obtained from satellite 
images, medical equipments, video cameras, etc. It is costly and 
often unrealistic for users to examine spatial data in detail. Spatial 
data mining aims to automate knowledge discovery process. Thus 
it plays an important role in 

Extracting interesting spatial patterns and features. • 
Capturing intrinsic relationships between spatial and non • 
spatial data. 
Presenting data regularity concisely and at higher conceptual • 
levels also 
Helping to reorganize spatial databases to accommodate data • 
semantics, as well as to achieve better performance. 

Spatial database stores a large amount of space related data, such 
as maps, preprocessed remote sensing or medical imaging and 
VLSI chip layout data. Spatial databases have many features 
distinguishing them from relational databases [7-8]. They carry 
topological and/or distance information, usually organized by 
sophisticated, multi dimensional spatial indexing structures that 
are accessed by spatial data access methods and often require 
spatial reasoning, geometric computation, and spatial knowledge 
representation techniques. 

B. Spatial Data Mining Structure 
The spatial data mining can be used to understand spatial data, 
discover the relation between space and the non space data, set 
up the spatial knowledge base, excel the query, reorganize spatial 
databases and obtain concise total characteristics etc.. The system 
structure of the spatial data mining can be divided into three 
layer structures mostly, such as the fig. 1 show [1].The customer 
interface layer is mainly used for input and output, the miner layer 
is mainly used to manage data, select algorithm and storage the 
mined knowledge, the data source layer, which mainly includes 
the spatial database and other related data and knowledge bases, 
is original data of the spatial data mining.

Fig. 1: System Architecture

C. Data Input
The data inputs of spatial data mining are more complex than the 
inputs of classical data mining because they include extended 
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objects such as points, lines, and polygons. The data inputs 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 [9]. The spatial attributes of a spatial object most often 
include information related to spatial locations, e.g., longitude, 
latitude and elevation, as well as shape. Relationships among non-
spatial objects are explicit in data inputs, e.g., arithmetic relation, 
ordering, is instance of, subclass of, and membership of.
In contrast, relationships among spatial objects are often implicit, 
such as overlap, intersect, and behind. One possible way to deal 
with implicit spatial relationships is to materialize the relationships 
into traditional data input columns and then apply classical data 
mining techniques [10-13]. However, the materialization can result 
in loss of information. Another way to capture implicit spatial 
relationships is to develop models or techniques to incorporate 
spatial information into the spatial data mining process.

D. Objective
The main difference between data mining in relational DBS and 
in spatial DBS is that attributes of the neighbors of some object 
of interest may have an influence on the object and therefore have 
to be considered as well [14]. The explicit location and extension 
of spatial objects define implicit relations of spatial neighborhood 
(such as topological, distance and direction relations) which are 
used by spatial data mining algorithms.  Therefore, new techniques 
are required for effective and efficient data mining.

II. Background
Many excellent studies on data mining have been conducted, such 
as those reported in [15-17] considers the problem of inferring 
classification functions from samples; [16] studies the problem 
of mining association rules between sets of data items; [18] 
proposes an attribute oriented approach to knowledge discovery; 
[15] develops a visual feedback querying system to support data 
mining; and [3] includes many interesting studies on various issues 
in knowledge discovery such as finding functional dependencies 
between attributes. However, most of these studies are concerned 
with knowledge discovery on non-spatial data, and the study 
most relevant to our focus here is [19] which studies spatial data 
mining.
More specifically, [3] proposes a spatial data dominant knowledge 
extraction algorithm and a non spatial data dominant one, both of 
which aim to extract high-level relationships between spatial and 
non spatial data. However, they suffer from the some problems. 
First, the user or an expert must provide the algorithms with 
spatial concept hierarchies, which may not be available in many 
applications. Second, they conduct their spatial exploration 
primarily by merging regions at a certain level of the hierarchy 
to a larger region at a higher level. Thus, the quality of the 
results produced by both algorithms relies quite crucially on the 
appropriateness of the hierarchy to the given data.
Discovering this hierarchy may itself be one of the reasons to 
apply spatial data mining.

III. Our Contribution
Many studies have been conducted in spatial data mining, such 
as generalization-based knowledge discovery [20-21], clustering-
based methods [22-24], and so on. 

A. Generalization-based Approach
R Ng et.al [23] proposed two generalization based algorithms; 
these require that a generalization hierarchy is given explicitly by 
experts. The quality of mined characteristics is highly dependent 
on the structure of the hierarchy. Moreover, the computational 
complexity is O(NlogN), where N is the number of spatial objects. 
This is the motivation for applying clustering analysis in spatial 
data mining, which is used to identify regions occupied by points 
satisfying specified conditions.

B. Clustering-based Approach

1. CLARANS
[23] Presents a spatial data mining algorithm based on a clustering 
algorithm called CLARANS (Clustering Large Applications based 
upon randomized Search) on spatial data. It introduces clustering 
techniques into spatial data mining problems and it represents 
a significant improvement on large data sets over traditional 
clustering methods. This claimed that CLARANS is linearly 
proportional to the number of points, but actually the algorithm is 
inherently at least quadratic. The reason is that CLARANS applies 
a random search-based method to find an “optimal” clustering. 
The time taken to calculate the current clustering and one of its 
neighbors is linear and the number of neighbors that need to be 
examined for the current clustering is controlled by a parameter 
called max neighbor, which is defined as max(250, 1.25%K(N 
- K)) where K is the number of clusters. This means that the 
time consumed at each step of searching is O(KN2). It is very 
difficult to estimate how many steps need to be taken to reach the 
local optimum, but we can certainly say that the computational 
complexity of CLARANS is Ω(KN2). 
Moreover, the quality of the results cannot be guaranteed when 
N is large since randomized search is used in the algorithm. In 
addition, CLARANS assumes that all objects are stored in main 
memory. This clearly limits the size of the database to which 
CLARANS can be applied.

2. BIRCH
Another clustering algorithm for large data sets, called BIRCH 
(Balanced Iterative Reducing and Clustering using Hierarchies), is 
introduced in [24]. The authors employ the concepts of Clustering 
Feature and CF tree. Clustering feature is summarizing information 
about a cluster. CF tree is a balanced tree used to store the clustering 
features. This algorithm makes full use of the available memory 
and requires a single scan of the data set. This is done by combining 
closed clusters together and rebuilding CF tree. This guarantees 
that the computation complexity of BIRCH is linearly proportional 
to the number of objects. We believe BIRCH still has one other 
drawback: this algorithm may not work well when clusters are 
not “spherical” because it uses the concept of radius or diameter 
to control the boundary of a cluster’.

3. DBSCAN
Recently, [24] proposed a Density Based Clustering Algorithm 
(DBSCAN) for large spatial databases. Two parameters Eps and 
MinPts are used in the algorithm to control the density of normal 
clusters. DBSCAN is able to separate “noise” from clusters of 
points where “noise” consists of points in low density regions. 
DBSCAN makes use of an R* tree to achieve good performance. 
The authors illustrate that DBSCAN can be used to detect clusters 
of any shape and can outperform CLARANS by a large margin 
(up to several orders of magnitude).
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However, the complexity of DBSCAN is O(NlogN). Moreover, 
DBSCAN requires a human participant to determine the global 
parameter Eps. (The parameter MinPts is fixed to 4 in their algorithm 
to reduce the computational complexity.) Before determining Eps, 
DBSCAN has to calculate the distance between a point and its 
kth (k = 4) nearest neighbors for all points. Then it sorts all points 
according to the previous calculated distances and plots the sorted 
k-dist graph. This is a time consuming process. Furthermore, a 
user has to examine the graph and find the first “valley” of the 
graph. The corresponding distance is chosen as the value of Eps 
and the resulting clustering quality is highly dependent on the Eps 
parameter. When the point set to be clustered is the response set 
of objects satisfying some qualification, then the determination 
of Eps must be done each time and the cost of DBSCAN will be 
higher. (In [24], the cost quoted did not include this overhead.)
Moreover, all algorithms described above have the common 
drawback that they are all query-dependent approaches. That is, 
the structures used in these approaches are dependent on specific 
query. They are built once for each query and are generally of no 
use to answer further queries. Therefore, these approaches need 
to scan the data sets at least once for each query, which causes 
the computational complexities of all above approaches to be at 
least O(N), where N is the number of objects.

C. PAM
PAM (Partitioning Around Medoids) was developed by Kaufman 
and Rousseeuw [25]. To find k clusters, PAM’s approach is 
to determine a representative object for each cluster. This 
representative object, called a Medoid, is meant to be the most 
centrally located object within the cluster. Once the Medoid have 
been selected, each non-selected object is grouped with the Medoid 
to which it is the most similar. More precisely, if Oi is a non 
selected object, and Oi is a (selected) Medoid, we say that Oj 
belongs to the Cluster represented by Oi. All the dissimilarity 
values are given as inputs to PAM. Finally, the quality of a 
clustering (i.e. the combined quality of the chosen Medoid) is 
measured by the average dissimilarity between an object and the 
Medoid of its cluster. To find the k Medoid, PAM begins with an 
arbitrary selection of objects. Then in each step, a swap between 
a selected object Oi and a non selected object Oh is made, as long 
as such a swap would result in an improvement of the quality 
of the clustering. In particular, to calculate the effect of such a 
swap between Oi and Oh, PAM computes Costs Cjih for all non 
selected objects Oj.

D. Grid Cell Hierarchy [26]
With the hierarchical structure of grid cells on hand, this can use 
a top-down approach to answer spatial data mining queries. For 
each query, it begins by examining cells on a high level layer. 
It is not necessary to start with the root; instead it may begin 
from an intermediate layer, starting with the root, calculate the 
likelihood that this cell is relevant to the query at some confidence 
level using the parameters of this cell. This likelihood can be 
defined as the proportion of objects in this cell that satisfy the 
query conditions. 
After obtain the confidence interval, label this cell to be relevant 
or not relevant at the specified confidence level. When finish 
examining the current layer, proceed to the next lower level of 
cells and repeat the same process. The only difference is that 
instead of going through all cells, it only looks at those cells that are 
children of the relevant cells of the previous layer. This procedure 
continues until finish examining the bottom layer. In most cases, 

these relevant cells and their associated statistical information are 
enough to give a satisfactory result to the query. Then, find all 
the regions formed by relevant cells and return them. However, 
in rare cases, this information is not enough to answer the query. 
Then, need to retrieve those data that fall into the relevant cells 
from database and do some further processing.
After labeled all cells as relevant or not relevant, it can easily 
find all regions that satisfy the density specified by a breadth-
first search. For each relevant cell, examine cells within a certain 
distance (how to choose this distance is discussed below) from 
the center of current cell to see if the average density within 
this small area is greater than the density specified. If so, this 
area is marked and all relevant cells just examined are put into a 
queue. Each time it takes one cell from the queue and repeats the 
same procedure except that only those relevant cells that are not 
examined before are enqueued.

E. STING Approach [26]
It determines a layer to begin with.1. 
For each cell of this layer, we calculate the confidence interval 2. 
(or estimated range) of probability that this cell is relevant 
to the query.
From the interval calculated above, we label the cell as 3. 
relevant or not relevant.
If this layer is the bottom layer, go to Step 6; otherwise, go 4. 
to Step 5.
We go down the hierarchy structure by one level. Go to Step 5. 
2 for those cells that form the relevant cells of the higher 
level layer.
If the specification of the query is met, go to Step 8; otherwise, 6. 
go to Step 7.
Retrieve those data fall into the relevant cells and do further 7. 
processing. Return the result that meets the requirement of 
the query. Go to Step 9.
Find the regions of relevant cells. Return those regions that 8. 
meet the requirement of the query. Go to Step 9.
Stop9. 

IV. Benchmark Results
Currently, clustering based approaches are an important category 
of spatial data mining problems. Three extant systems are 
CLARANS [23], BIRCH [24], and DBSCAN [23]. We compare 
the performance of these three with STING [26].

Table 1 Performance comparison

Number of points 1256 2503 3910
CLARANS 49 200 457
DBSCAN(PROJECTED) 0.2 0.4 0.7
STING(QUERY) 0.1 0.11 0.11
STING(GENERATION) 1.25 1.32 1.4

Number of points 5213 6256 12512
CLARANS 785 1238 5538
DBSCAN(PROJECTED) 1 1.2 2.86
STING(QUERY) 0.12 0.12 0.14
STING(GENERATION) 1.48 1.55 1.62

In this study, we only compare the time for clustering. We use the 
benchmark chosen by Ester M. et al. in [23], namely SEQUOIA 
[27], to compare the performance of STING and other approaches 
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which is statically shown in table 1 and construct the graphs which 
are shown in fig. 2,3,4 and 5
 However, if the clustering data is the result of some query, then all 
other algorithms (other than STING) have at least three phases:

Find query response.• 
Build auxiliary structure.• 
Do clustering.• 

The reported numbers for the other methods do not include 
computation, but STING only takes one step to answer the whole 
query. Therefore, from the graphs clearly shows that, STING 
actually compares better than that the measurements.  

    
Fig. 2: Performance of CLARANS

Fig. 3: Performance of DBSCAN,STING

 
Fig. 4: Performance of CLARANS
  

Fig. 5: Performance of DBSCAN, STING

V. Conclusion
The importance of spatial data mining is growing with the 
increasing incidence and importance of large geo-spatial datasets 
such as maps, repositories of remote-sensing images, trajectories 
of moving objects generated by mobile devices, etc. Applications 
include Mobile-commerce industry (location-based services), 
climatologically effects of El Nino, land-use classification and 
global change using satellite imagery, finding crime hot spots, 
local instability in traffic, migration of birds, fishing control, 
pedestrian behavior analysis, and so on. This paper provides 
the researchers, practitioners, experts in data mining, analysts 
of spatial data, knowledge engineers and domain experts from 
different application areas to select the suitable Spatial Data 
mining Techniques specific to their application depending on the 
performance based comparative analysis represented in above 
graphs apart from the other constraints.
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