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Abstract: There is a wide variety of clustering 

techniques accessible in our present day which are 

utilized solely with the end goal of spatial data 

mining. Some of them incorporate K-means, 

Clarans, DBscan and many more. Likewise, there 

is distributed dynamic clustering algorithm which 

performs clustering at local sites and by utilizing 

the local clusters acquired at these sites it performs 

aggregation. Local clusters are obtained at every 

local site and these are transferred to global site for 

aggregation. The aggregation phase incorporates 

merging of local clusters acquired from local sites 

and joining them to form global clusters. The 

aggregation phase is exceptionally perplexing 

using the existing algorithms. The aggregation 

phase is done after parallel phase in which a 

contour algorithm is run to discover the boundaries 

of the local clusters obtained. The local clusters 

are piled to frame global clusters. Be that as it 

may, the aggregation phase is exceptionally 

complex. In this paper the algorithm is altered to 

disentangle the aggregation and furthermore 

compared with traditional clustering algorithms. 
 

Keywords: Spatial Data, clustering, data mining, 

distributed data. 
1. Introduction 

In this world immense measures of data are 

gathered day by day and are stored in databases. 

So as to recover helpful information we utilize 

data mining techniques. From the [2] and [11], got 

to know that the automated data collection tools 

have prompt to gigantic accumulation of data 

which is hid in several databases or information 

repositories. This is implied as the data explosion 

problem. We have a lot of data yet at the same 

time we are in debt of knowledge. Data mining is 

initially introduced to tackle this data explosion 

problem. In good olden days when data mining 

was introduced there is no concept of 

incorporating different techniques in data mining. 

The process of extracting knowledge and locating 

hidden patterns from tremendous database is 

considered to be mining data and is also an 

essential process in KDD, described as a part of 

[3]. The KDD process can be outlined in few steps 

listed further. In the initial the selection data is 

obtained from flat files or data files and then 

preprocessed to clean and eliminate the missing 

values and thus, the preprocessed data is obtained. 

Later, the data is transformed on behalf of data 

reduction and projections by yielding useful 

patterns. Those patterns are then undergone 

through either interpretation or evaluation to gross 

the knowledge. Henceforth mining of the data is 

carried in such a way. Data mining has its uses in 

multidisciplinary fields and in numerous 

applications. The point of this paper is spatial data 

mining utilizing various hierarchical clustering 

techniques. 

2. Spatial Data Mining 

Spatial Data Mining is used to draw out the 

knowledge from spatial databases. The knowledge 

secured is utilized to identify spatial and non-

spatial data and their relation is inspected from [6], 

[12] and the further information is analyzed from 

the same. The spatial databases contain 

information that represents the spatial data. Spatial 

data gives insights about objects that can be 

represented numerically in geographic coordinate 

system. Spatial data is utilized for mapping and is 

represented through coordinate system and 

furthermore utilizing distinctive topologies. There 

are few goals listed for spatial data mining, they 

are: To pinpoint the spatial patterns. To recognize 

the spatial pattern generators which are 

nonetheless the spatial objects. To discern about 

explaining or hiding the information about the 
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spatial pattern obtained. To present the data 

instinctively and also must be enhancive for future 

examination. Spatial data mining encased through 

different tasks like classification, clustering, 

characteristic rules, discriminant rules, association 

rules. Spatial data is utilized in GIS (Geographic 

Information System) and furthermore in image 

processing. Classification is supervised learning, 

whereas clustering is an unsupervised learning. In 

classification, class labels are defined and in 

clustering class labels are not defined. 

Characteristic rules define the properties of the 

objects considered alongside their nearest objects 

for the considered level. Discriminate rules define 

contrasts among the objects that are considered for 

the spatial data. Association rules are utilized to 

find frequent patterns, associations, correlations for 

the related data. They have considered support, 

confidence, minimum support and minimum 

threshold keeping in mind the end goal of relating 

patterns to the objects considered for spatial data. 

3. Cluster Analysis 

Cluster analysis is the process of distinguishing the 

clusters i.e. if the objects are related to the 

corresponding cluster or not. It is scrutinized from 

[7], [8] that the procedure of clustering is to 

assemble the objects which have similar properties. 

It is an unsupervised learning in which objects do 

not have any class labels. Clustering is utilized to 

detect objects among the set of objects that are 

considered for grouping of objects in view of the 

properties. In order to cluster the objects, we 

consider two methods. There exist distinctive 

algorithms for these clustering methods namely: 

K-means, PAM, CLARA, CLARANS which 

belong to partitioned clustering method. Whereas 

CURE, BIRCH, CHAMELEON, ROCK 

algorithms belong to hierarchical clustering 

method. DBSCAN, OPTICS, DENCLUE 

algorithms come under density based clustering 

method. CLIQUE, STING algorithms come under 

grid based clustering method. Clustering has its 

applications in marketing, insurance, land use, city 

planning and earth quake studies and in some other 

cases. In the paper we studied from [5], [10] using 

the Chameleon algorithm of hierarchical clustering 

method with a specific end goal to cluster the 

spatial data which is distributed around the space 

collected in some spatial databases. The 

Chameleon algorithm comprises of two methods 

namely: Devise and Agglomerative method. 

Agglomerative method follows the bottom-up 

passion whereas the viewpoint of Devise method is 

top-down extracted from [8]. In agglomerative 

method, for the set of objects that are to form a 

cluster, it considers an object of itself to be a 

cluster and for the objects that themselves act as 

clusters it finds the nearest distance and groups 

those objects in order to form a cluster. The devise 

method follows divide and conquer technique, it 

considers a set of objects as a single cluster and 

then divides the objects in order to form a type of 

clusters with alike properties. 

 

Figure 3.1 Clusters grouped from data 

4. Distributed Data mining 

It is a field of data mining which structures 

distributed data by having cautious attention over 

the data and reckoning the resources. It is used to 

extract patterns and also to gain insights from huge 

distributed datasets. Focal point is made to be 

predominant for advanced and complex data types 

which are mainly spatial temporal data from [13]. 

The factors which led for disclosure of distributed 

mining is to enhance performance and scalability 

in bottle neck cases and also for integration of 

non-trivial data which is considered unreasonable 

earlier. It provides a unique feature of breaking 

huge datasets into smaller for better scalability 

utilizing computational resources. The proficiency 

of distributed mining appeared when data from 

various geographical locations should be 

preprocessed and analyzed, surveyed from [4] and 

the rest continues. Majority of the techniques 

follow a two phase approach. The two phases are 

local computation and global aggregation. The 

first phase is local computation. It involves 

individual outcome generation at every site. As the 

outcomes are generated at locally independent 

sites, these outcomes of various phases are passed 

on to the central site or to all the other sites present 

over the network in order to compute the final 

outcome. The global site on receiving the local 
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outcomes from various individual sites performs 

aggregation of these results to generate a final 

outcome. The techniques utilized by individual 

sites to acquire the local results may vary from one 

site to another. A local site may use unsupervised 

algorithm and the other site may use supervised 

learning technique as the sites are independent of 

each other. For productivity purposes it is better if 

all the local sites use the same learning techniques. 

The global site may use its own algorithm to join 

the local results in order to acquire the final result. 

 

Figure 4.1: Distributed Datamining 

Framework   

5. Spatial Distributed Clustering 

It is an illustrative task which intends to identify 

the homogeneous group of objects on basis of 

attribute values. In this sort of clustering, explicit 

location and implicit bonding of spatial objects in 

their locale is generalized. The spatial distributed 

clustering also follows a two-step approach as 

other distributed data mining algorithms do. The 

two steps involved are  

i) Initially the local clusters are 

generated from the sub dataset present on 

every individual site. 

ii) Global clusters are formed based on 

the local clusters generated at each 

individual site which is examined from [1].  

The algorithm used to obtain clusters by 

a local site can be density based, partition 

based or hierarchical clustering technique. 

Let us consider that the local sites are using 

a partition based clustering algorithm i.e. K-

means clustering technique. 

 

Figure 5.1 Overview of the approach 

6. Implementation 

In the initial stage (known as parallel stage), the 

local bunching or clustering can be achieved 

utilizing the K-means calculation analyzed through 

[1] and [14]. Each hub or node (di) carries out K-

means on its native data to deliver Ki nearby 

bunches. At that point when all the nearby groups 

are resolved, we figure their boundaries. These 

boundaries will be utilized as agents of their 

relating groups. The next stage of the method 

comprises of each node’s local boundary being 

exchanged with its neighborhood hubs. This 

permits to check whether any overlapping bunches 

(clusters) are present or not. In the third stage, 

every leader tries consolidating the covering 

clusters of their gathering. The leaders are chosen 

from the surrounded hubs of every class. After the 

leaders are resolved, every leader creates new 

clusters (bunches). The second and third steps are 

rehashed until root hub is attained. A tree is 

generated finishing the aggregation of sub-results 

and the final outcomes are present at root node. As 

in all cluster calculations, the normal substantial 

fluctuation in cluster shapes and densities is an 

issue.  

1) Every node will be assigned as a part of the 

dataset or of the general dataset.  

2) The existing leaf hub (ni) carries out the K-

means function with Ki variable on its local 

dataset.  

3) The adjacent or the nearest hubs have to 

allocate their clusters or bunches in order to 

frame considerably bigger clusters utilizing the 

overlay strategy.  

4) The outcomes are made to be stayed in the 

parent hub (also known as precursor).  

5) Repeat the bottom two steps until and 

unless the root node is acquired. 
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7. Experimental Results 

The results obtained are discussed in this segment 

which includes the performance analysis of the 

distributed dynamic clustering technique and is 

additionally compared with the traditional 

clustering algorithms such as k-mediods, cure and 

birch.  

For K-MEDIODS, it constructs various partitions 

and the number of clusters to be formed are 

predefined by calculating the centroid in light of 

some criteria. The mediods are initially calculated 

and each data point is allotted to the cluster with 

the closest mediod value. After assigning the data 

point the new mediod of the cluster is again 

calculated and updated accordingly. This 

procedure is reiterated until convergence criteria is 

met. 

For CURE, this technique utilizes prototypical 

points with the data points shrinking in the 

direction of mean. When two groups are 

converged in every phase of the algorithm, the 

characteristic points for the current combined 

group are chosen from one of the two unique 

groups instead of considering all the points in the 

combined groups. 

For BIRCH, the algorithm works in two steps. The 

first step is a pre clustering step and the second 

step is a hierarchical clustering based on centroids. 

The total number of points acquired after the first 

step i.e. pre clustering phase decide the time and 

space complexity. 

Further Extension can be done on basis of 

comparison of either time complexity of the 

algorithms or shapes of cluster of various other 

algorithms determining the feasible when huge 

datasets are considered to be mined. These 

criterions can also be extended by checking their 

performances and scalability in various existing 

platforms. 

 

Birch                   Cure                     

DDCA 

Figure 7.1 Clusters obtained for dataset 

 

  Figure 7.2 Clusters obtained from K-mediods 

(k=3) 

 

Figure 7.3 Clusters obtained from K-mediods 

(k=4) 

 

Figure 7.4 Cluster obtained from DBScan for 

the same dataset 
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Figure 7.5 Cluster obtained from DDCA 

In the case of distributed dynamic clustering 

algorithm, k-means algorithm is used on every 

individual site to get local clusters. Then these 

results are passed onto neighboring sites and 

integrated to obtain the global clusters as the 

output. It has been observed that the time 

complexities to obtain the clusters vary in different 

algorithms. The time complexity in DDCA 

algorithm is relatively less compared to the 

existing algorithms because the task is subdivided 

to be performed at individual sites and then 

aggregated. So the sub dataset would take less time 

to group themselves as clusters.  

8. Conclusion 

In this paper, we used a distributed dynamic 

clustering technique that simplifies the aggregation 

of local clusters to acquire a global cluster. We 

have considered a dataset acquired accordingly of 

a survey conducted in London, based on sport 

activities being taken part by various individuals 

of the cities on the particular day. The dataset is 

converted into comma separated values format 

which is considered as an input to traditional 

clustering algorithms such as k-means, k-mediods, 

birch, cure, dbscan as well as to the distributed 

dynamic clustering algorithm. The clusters are 

obtained as an output of these algorithms and the 

obtained results are contrasted with each other for 

performance analysis in terms of time complexity 

and space complexity. All the research results 

performed is listed and conversed. Furthermore, it 

can be demonstrated that the distributed dynamic 

clustering algorithm not only performs well over 

the present clustering algorithms but also takes 

care of not losing the quality of clusters being 

created. An extensive research is yet to be held. 

We have an intention to investigate with other 

algorithms and to check out the prospects of 

expanding to various large and distributed 

datasets. 
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