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Abstract –The main objective of the spatial data mining is to discover hidden complex knowledge 

from spatial and non spatial data in spite of their large amount and the complexity of spatial 

relationships computing. However, the spatial data mining methods are still an extension of those 

used in conventional data mining. Spatial data mining is a highly demanding field because huge 

amounts of spatial data have been collected in various applications, ranging from remote sensing, to 

geographical information systems (GIS), environmental assessment and planning, etc. Recent 

studies on data mining have extended the scope of data mining from relational and transactional 

databases to spatial databases. It summarizes recent works on spatial data mining, from spatial data 

generalization, to spatial data clustering, mining spatial association rules, etc. The main aim of this 

paper shows the existing methods of clustering and association rules based on spatial data, i.e 

collected from large amount of spatial data bases. 
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I. INTRODUCTION 
 
The growing production of maps is generating huge volumes of data that exceed people's 

capacity to analyze them. The applications covered by spatial data mining are decisional 

ones, such as geomarketing, environmental studies, risk analysis, and so on .It seems 

appropriate to apply knowledge discovery methods like data mining to spatial data. This 

recent technology is an extension of the data mining applied to alphanumerical data on spatial data. . 

For example, in geomarketing, a store can establish its trade area, i.e. the spatial extent of its 

customers, and then analyze the profile of those customers on the basis of both their properties and 

the properties related to the area where they live.  The main task is that spatial analysis must take 

into account spatial relations between objects. 

 

In our Analysis, spatial data mining is applied to traffic risk analysis [2]. The risk estimation is 

based on the information on the previous injury accidents, combined to thematic data relating to the 

road network, population, buildings, and so on. The project aims at identifying regions with a high 

level of risk and analyzing and explaining those risks with respect to the geographic 

neighborhood. Spatial data mining technology specifically allows for those neighborhood 

relationships. 
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II. SPATIAL DATA MINING 
 
Spatial data mining (SDM) consists of extracting 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 spatio-temporal 

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. Temporal aspects for spatial data are also a central point but 

are rarely taken into account. 

 

Spatial database stores a large amount of space related data, such as maps, preprocessed remote 

sensing or medical imaging data and VLSI chip layout data. Spatial databases have many 

features distinguishing them from relational databases. 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. 

 

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 exist in large databases. Spatial data mining 

is the discovery of interesting the relationship and characteristics that may exist implicitly in 

spatial databases. Because of the huge amounts (usually, terabytes) of spatial data that may be 

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 

such a knowledge discovery process. Thus it plays on important role in 

a. Extracting interesting spatial patterns and features. 

 b. Capturing intrinsic relationships between spatial and non spatial data. 

c. Presenting data regularity concisely and at higher conceptual levels  

d. Helping to reorganize spatial databases to accommodate data semantics, as well as to 

achieve better performance. 

 

Data mining methods [11] are not suited to spatial data because they do not support location 

data nor 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. GIS methods are crucial for data access, spatial joins 

and graphical map display. Conventional data mining can only generate knowledge about 

alphanumerical properties. 
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III. 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 database and obtain concise total characteristic etc.. The system structure of the 

spatial data mining can be divided into three layer structures mostly, like(from Fig 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 (camalig) and other related data and knowledge bases, is 

original data of the spatial data mining. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.1 The systematic structure of spatial data mining 
 

IV. PRIMITIVES OF SPATIAL DATA MINING 
 
Rules: There are several kinds of rules can be discovered from databases in general. 

For example characteristic rules, discriminant rules, association rules, or deviation and 

evaluation rules can be mined [2].  

A Spatial characteristic rule is a general description of the spatial data.  
For example, a rule describing the general price range of houses in various geographic regions 

in a city is a spatial characteristic rule.  

A discriminant rule is general description of the features discriminating or contrasting a class of 

spatial data from other class (es) like the comparison of price ranges of houses in different 

geographical regions.  

A spatial association rule is a rule which describes the implication of one a set of features by 

another set of features in spatial databases.  

For example, a rule associating the price range of the houses with nearby spatial features, like 

beaches, is a spatial association rule. 

 

V. THEMATIC MAPS 

 

Thematic map is map primarily design to show a theme, a single spatial distribution or a 

pattern, using a specific map type. These maps show the distribution of features over limited 

geography areas [2]. Each map defines a partitioning of the area into a set of closed and 
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disjoint regions; each includes all the points with the same feature value. Thematic maps present 

the spatial distribution of a single or a few attributes. This differs from general or reference maps 

where the main objective is to present the position of the object in relation to other spatial 

objects. Thematic maps may be used for discovering different rules. For example, we may want to 

look at temperature thematic map while analyzing the general weather pattern of a 

geographic region. There are two ways to represent thematic maps: Raster, and Vector. 

 

In the raster image form thematic maps have pixels associated with the attribute values. For 

example, a map may have the altitude of the spatial objects coded as the intensity of the pixel (or 

the color). In the vector representation, a spatial object is represented by its geometry, most 

commonly being the boundary representation along with the thematic attributes. For example, a 

park may be represented by the boundary points and corresponding elevation value.

 

VI. SPATIAL DATA MINING TASKS 
 
As shown in the table below, spatial data mining tasks are generally an extension of data mining 

tasks in which spatial data and criteria are combined. These tasks aim to: (i) summarize data, 

(ii) find classification rules, (iii) make clusters of similar objects, (iv) find associations and 

dependencies to characterize data, and (v) detect deviations after looking for general trends. They 

are carried out using different methods, some of which are derived from statistics and others from 

the field of machine learning. 

 

 

 

 

 

 

 

 

 

 

Table 1: Comparison between statistical and machine learning approaches to SDM 
 

Spatial data summarization:  
The main goal is to describe data in a global way, which can be done in several ways. One involves 

extending statistical methods such as variance or factorial analysis to spatial structures. Another 

entails applying the generalization method to spatial data. 
 
Statistical analysis of contiguous objects:  
Global autocorrelation: The most common way of summarizing a dataset is to apply 

elementary statistics, such as the calculation of average, variance, etc., and graphic tools like 

histograms and pie charts. New methods have been developed for measuring neighborhood 

dependency at a global level, such as local variance and local covariance, spatial auto-correlation 

by Geary, and Moran indices [12, 13]. These methods are based on the notion of a contiguity 

matrix that represents the spatial relationships between objects. It should be noted that 

SDM Tasks 
 

Statistics 
 

Machine Learning 
 Summarization 

 

Global autocorrelation Density 

analysis Smooth and contrast 

analysis Factorial analysis 

 

 

 

Generalization 

Characteristic 

rules 

 
Class identification 
 

Spatial classification 

 

Decision trees 

 Clustering 
 

Point pattern analysis 

 

Geometric clustering 

 
Dependencies 
 

Local autocorrelation 

Correspondence analysis 

 

Association rules 

 



 

5 K.S.S.Narayana, Dr.G.V.Swamy 

 

International Journal of Engineering Technology Science and Research 

IJETSR 

www.ijetsr.com 

ISSN 2394 – 3386 

Volume 1 Issue 3 

December 2014       

this contiguity can correspond to different spatial relationships, such as adjacency, a 

distance gap, and so on. 
 
Density analysis: This method forms part of Exploratory Spatial Data Analysis (ESDA) 

which, contrary to the autocorrelation measure, does not require any knowledge about data. The 

idea is to estimate the density by computing the intensity of each small circle window on the space 

and then to visualize the point pattern. It could be described as a graphical method. 
 
Smooth, contrast and factorial analysis: In density analysis, non-spatial properties are 

ignored. Geographic data analysis is usually concerned with both alphanumerical properties 

(called attributes) and spatial data. This requires two things: integrating spatial data with 

attributes in the analysis process, and using multidimensional data to analyze multiple attributes. To 

integrate the spatial neighborhood into attributes, two techniques exist that modify attribute 

values using the contiguity matrix. The first technique performs a smoothing by replacing each 

attribute value by the average value of its neighbors. This highlights the general characteristics 

of the data. The other contrasts data by subtracting this average from each value. Each attribute 

(called variable) in statistics can then be analyzed using conventional methods. However, when 

multiple attributes (above tree) have to be analyzed together, multidimensional data analysis 

methods (i.e. factorial analysis) become necessary [6]. Their principle is to reduce the number 

of variables by looking for the factorial axes where there is maximum spreading of data 

values. By projecting and visualizing the initial dataset on those axes, the correlation or 

dependencies between properties can be deduced. In statistics and especially in the above 

methods, the analyzed objects were originally considered to be independent. The need to look at 

spatial organization spawned several research studies [6, 14]. The extension of factorial analysis 

methods to contiguous objects entails applying common Principal Component Analysis or 

Correspondence Analysis methods once the original table is transformed using smoothing or 

contrasting techniques. 
 
Generalization:  
This method consists of raising the abstract level of non-spatial attributes and reducing the 

detail of geometric description by merging adjacent objects. It is derived from the concept of 

attribute-oriented induction as described in [7]. Here, a concept hierarchy can be spatial (like 

the hierarchy of administrative boundaries) or non-spatial (thematic) [15]. An example of 

thematic hierarchy in agriculture can be represented as follows: “cultivation type (food (cereals 

(maize, wheat, rice), vegetable, fruit, other)”. That kind of hierarchy can be directly introduced 

by an expert in the field or generated by an inference process related to the attribute. A spatial 

hierarchy may preexist, like the administrative boundaries one, or it may be based on an artificial 

geometric splitting like a quad-tree [16], or it may result from a spatial clustering (see below). 

There are two kinds of generalization: non-spatial dominant generalization, where we first use a 

thematic hierarchy and then merge adjacent objects; and spatial dominant generalization, which is 

based on a spatial hierarchy to begin with, followed by the aggregation or generalization of non-

spatial values for each generalized spatial value.  

The complexity of the corresponding algorithms is O(NlogN), where N is the number 

of actual objects. This approach could be treated as a first step towards a method of inferring 

rules, such as association rules or comparison rules 
 

VII. ALGORITHMS FOR SPATIAL DATA MINING IN KNOWLEDGE DISCOVERY 
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The algorithms for spatial data mining include generalization-based       methods       for       

mining       spatial characteristics and discriminant rules [4, 5, 6], two-step spatial computation 

technique for mining spatial association rules [8], aggregate proximity technique for 

finding characteristics of spatial clusters [7], etc. In the following sections, we categorize and 

describe a number of these algorithms. 
 
 

A. Generalization-Based Knowledge Discovery 
 

Generalization based mining is the concept of data from more than a few evidences from a 

concept level to its higher concept level and performing knowledge withdrawal on the widespread 

data (Mitchell, 1982).It assumes the survival of background knowledge in the form of concept 

hierarchies, which is either data-driven or assigned clearly by expert-knowledge [2]. The data 

can be articulated in the form of a generalized relation or data-cube on which many other 

operations can be performed to change generalized data into different forms of knowledge. A 

few of the multivariate statistical or arithmetic techniques such as principal components 

analysis, discriminant analysis, characteristic analysis, correlation analysis, factor analysis and 

cluster analysis are used for generalization based knowledge discovery (Shaw and 

Wheeler,1994). 

The generalization-based knowledge discovery requires the existence of background 

knowledge in the form of concept hierarchies. Issues on generalization-based data mining in 

object-oriented databases are investigated in three aspects: (1) generalization of complex objects, (2) 

class-based generalization, and (3) extraction of different kinds of rules. An object cube model 

is proposed for class-based generalization, on-Line analytical processing, and Data Mining. 

 

 

 
 
 
 
 

 
 

 
 
 
 
 
 
 
 

Fig.2 Example of Tourism use concept hierarchy 
 

In the case of spatial database, there can be two kinds of concept hierarchies, non-spatial 

and spatial. Concept hierarchies can be explicitly given by the experts, or data analysis [7]. 

An example of a concept hierarchy for tourism is p r e s e n t e d  i n  Figure 2.As we ascend 

the concept tree, information becomes more and more general, but still remains consistent 

with the lower concept levels. For example, in Figure 2 both ridable and car can be generalized 

to concept driveable which in turn can be generalized to concept rentable, which also includes 
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apartment. A similar hierarchy may exist for spatial data. For example, in generalization 

process, regions representing countries can be merged to provinces and provinces can be merged to 

larger regions. Attribute oriented induction is performed by climbing the generalization 

hierarchies and summarizing the general relationships between spatial and non-spatial data by (a) 

climbing the concept hierarchy when attribute values in a tuple are changed to the generalized 

values, (b) removing attributes when further generalization is impossible and (c) merging 

identical tuples. Lu et al. presented two generalization based algorithm: spatial data dominant 

and non-spatial data dominant generalizations. Both algorithms assume that the rules to be 

mined are general data characteristics and that the discovery pricess is initiated by the user who 

provides a learning request (query) explicitly, in syntax similar to SQL. We will briefly 

describe both algorithms as follows: 

 

1) Spatial-Data-Dominant Generalization: In the first step all the data described in the query are 

collected. Given the spatial data hierarchy, generalization can be performed first on the spatial 

data by merging the concept hierarchy. Generalization of the spatial objects continues until 

the spatial generalization threshold is reached. The spatial generalization threshold is 

reached when the number of regions is no greater than the threshold value. After the spatial-

oriented induction process, non-spatial data are retrieved and analyzed -for each of the spatial 

objects using the attribute-oriented induction technique as described. The computational 

complexity of the algorithm is O(NlogN), where N is the number of spatial objects. 

 

2) Non-Spatial-Data-Dominant Generalization: In the second step the algorithm performs 

attribute-oriented induction on the non-spatial attributes, generalizing them to a higher (more 

general) concept level. For example, the precipitation value in the range (10 in, 15in) can 

be generalized to the concept wet. The generalization threshold is used to determine whether to 

continue or stop the generalization process. The third and the last step of the algorithm, 

neighboring areas with the same generalized attributes are merged together based on the spatial 

function adjacent to. For example, if in one area the precipitation value was 17 in., and in 

neighboring area it was 18 in. Both precipitation values are generalized to the concept very wet 

and both areas are merged. 
  

VIII. CLUSTERING TECHNIQUES 
 

Cluster analysis is a branch of statistics that has been studied extensively for many years. 

The main advantage of using this technique is that interesting structures or clusters can be found 

directly from the data without using any background knowledge, like concept hierarchy. A 

similar approach in machine learning is known as unsupervised learning. Clustering algorithms 

used in statistics, like PAM or CLARA [1], are reported to be inefficient from the 

computational complexity point of view. As per the efficiency concern, a new algorithm 

called CLARANS (Clustering large Applications based upon RANdomized Search), was 

developed for cluster analysis. Experimental evidence showed that CLARANS outperforms 

the two existing cluster analysis algorithms, PAM (Partitioning Around Medoids) and

 CLARA (Clustering LARge Applications). 
 
A. PAM (Partitioning Around Medoids) 
 

Assuming that there are n objects, PAM finds k clusters by first finding a representative object 
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for each cluster. Such a representative, which is the most centrally located point in a cluster, is 

called a medoid[1]. After selecting k medoids, the algorithm repeatedly tries to make a better choice 

of medoids analyzing all possible pairs of objects such that one object is a medoid and other is not. 

The measure of clustering quality is calculated for each such combination. The best choice of 

points in one iteration is chosen as the medoids for the next iteration. The cost of a single 

iteration is O(k(n-k)2). It is therefore computationally quite inefficient for large values of n and k. 
 
B. CLARA (Clustering LARge Applications) 
 

The difference between the PAM and CLARA algorithms is that the later one is based upon 

sampling. Only a small portion of the real data is chosen as a representative of the data and 
medoids are chosen from this sample using PAM[1]. The idea is that if the sample is selected in a 
fairly random manner, then is correctly represents the whole dataset and therefore, the 
representative objects (medoids) chosen will be similar as if chosen from the whole dataset. 
CLARA draws multiple samples and outputs the best clustering out of these samples. CLARA can 

deal with larger dataset then PAM. The complexity of each iteration now becomes O(kS2+k(n-
k)), where S is the size of the sample. 

 
C. CLARANS (Clustering large Applications based upon RANdomized Search)  

CLARANS algorithm mix both PAM and CLARA by searching only the subset of the 

dataset and it does not confine itself to any sample at any given time [1]. While CLARA has 

a fixed sample at every stage of the search, CLARANS draws a sample with some randomness 

in each step of the search. The clustering process can be presented as searching a graph where 

every node is a potential solution, i.e, a set of k medoids. The clustering obtained after replacing a 

single medoids is called the neighbor of the current clustering. The number of neighbors to 

be randomly tried is restricted by the parameter maxneighbor. If a better neighbor is found 

CLARANS moves to the neighbor’s node and the process is started again, otherwise the 

current clustering produces a local optimum. If the local optimum is found CLARANS starts 

with new randomly selected node in search for a new local optimum. The number of local optima 

to be searched is also bounded by the parameter numlocal. CLARANS also enables the 

detection of outliers, e.g.. points that do not belong to any cluster. 

Based upon CLARANS, two spatial data mining algorithms were developed: Spatial 

dominant approach, SD(CLARANS) and non-spatial dominant approach, 

NSD(CLARANS). 

 

IX. OBJECT ORIENTED DATABASE 
 

Object oriented databases are based on the object oriented programming paradigm, each entity 

is considered as an object. Data and code relating to an object are encapsulated into a single 

unit. Each object has associated with it the following: 

a. Set of variables that describes the object. 

b. Set of messages that the object can use to communicate with other objects, or with the rest of 

the database system. 

c. Set of methods, where each method holds the code to implement a message. 

Objects that share a common set of properties grouped into an object class. Each object is an 

instance of its class. Object classescan be organized into class/subclass hierarchies 
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so that each class represents properties that are common to objects in that class. 

Spatial data mining is even younger since data mining researches first concentrated on data 

mining in relational databases. Many spatial data mining methods we analyzed actually assume 

the presence of extended relational model for spatial databases but it widely believed that spatial data 

or not handled well by relational databases. As advanced database systems, like object oriented, 

deductive and active databases are being developed. 
 
 

X. FUTURE DISCUSSIONS 
 

Data mining in Spatial Object Oriented Databases: How can the object oriented approach be 

used to design a spatial database and how can knowledge be mined these databases? It is an 

important question since many researchers have pointed out that Object Oriented Database may 

be a better choice for handling spatial data rather than traditional relational or extended 

relational models. For example, rectangles, polygons, and more complex spatial objects can be 

modeled naturally in object oriented database. 
 

Parallel Data mining: Due to the high volume of spatial data used during the computations 

mining using parallel machines or distributed farms of workstations can accelerate significantly 

the work. We expect that parallel knowledge discovery will be a growing research issue in both 

relational and spatial data mining. 
 

Alternative Clustering Techniques: Another interesting feature direction is the clustering’s of 

possible overlapping object like polygons as oppose to the clustering of points. Clusters can also 

maintain additional information about each object they contain, which can be the degree of 

membership. In this way, fuzzy clustering techniques can be used to accommodate object 

having the same distance from the medoid. 

 

    X1.   CONCLUSION 
 

spatial data mining is a promising field of research with wide applications in GIS, medical 

imaging, remote sensing, robot motion planning, and so on. Although, the spatial data miming 

ground is pretty young, a number of algorithms and techniques have been planned and proposed to 

discover various kinds of knowledge from spatial data. The  existing methods for spatial data 

mining and mentioned their strengths and weaknesses. This lead as to future directions and 

suggestions for the spatial data mining field in general.  
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