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Abstract— Clustering is a technique of grouping similar data 

objects in one group and dissimilar data objects in other 

group. Clustering or data grouping is the key technique of 

the data mining. It is an unsupervised learning task where 

one seeks to identify a finite set of categories termed 

clusters to describe the data. Grouping of data into clusters 

aims to maximize the intra class similarity and also 

minimize the inter class similarity. The clustering 

techniques can be categorized into partitioning methods, 

hierarchical methods, density-based methods and grid-based 

methods. This paper aims to provide a brief overview and 

complexities of various clustering algorithms. 
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I. INTRODUCTION 

Cluster Analysis is an important human activity. Early in 

childhood, we learn how to differentiate between living and 

non-living things, or between plants and animals, by 

continuously improving subconscious clustering schemes. 

To easily identify dense and sparse regions in object space, 

then clustering should get automated. In many applications 

like business intelligence, image pattern recognition, web 

search, biology and security, Cluster analysis has been 

widely used. In business, Clustering helps us to organize 

similar characteristics of a large number of customers in a 

group. In image pattern recognition, clustering used to 

discover clusters or “subclasses” in handwritten character 

recognition systems. In biology, clustering is used to derive 

plant and animal taxonomies, and also catergorize genes 

with similar functionality, and gain insight into structures 

inherent in populations. In an earth observation database, it 

helps in identifying the areas of similar land use. In a city 

according to house type, value and geographic location, 

groups of houses can be identified. It also helps in 

identifying group of automobile insurance policy holders 

with a high average claim cost. Clustering helps in 

classifying documents on the web for the purpose of 

information discovery. As clustering partitions large data 

sets into groups according to their similarity, it is sometimes 

called as data segmentation. Clustering can also be used for 

Outlier Detection, which is used for the detection of credit 

card fraud, and monitoring of criminal activities in 

electronic commerce etc., 

A. Requirements of clustering in data mining 

 Scalability 

 Ability to deal with different types of attributes  

 Discovery of clusters with arbitrary shape  

 Minimal requirements for domain knowledge to 

determine input parameters  

 Able to deal with noise and outliers  

 Insensitive to order of input records  

 High dimensionality  

 Incorporation of user-specified constraints  

 Interpretability and usability 

B. Overview of Basic Clustering Method 

Important clustering methods can be classified into the 

following categories: 

C. Partitioning method 

Partitioning methods conduct one-level partitioning on data 

sets. The basic partitioning method usually adopts exclusive 

cluster separation. That is, each object must belong to 

exactly one group. Most Partitioning methods are distance-

based. Given k, the number of partition to construct, a 

partitioning method creates an initial partitioning. To 

improve the partitioning by moving objects from one group 

to another, partitioning method then uses an iterative 

relocation technique. The typical clustering algorithms 

based on partition also include K-means clustering, PAM, 

CLARA, CLARANS, Clustering with Genetic Algorithm, 

Clustering with Neural network. 

D. Hierarchical method 

Hierarchical method constructs the hierarchical relationship 

among data in order to cluster. This method either starts 

with a large cluster and splits into small clusters or merges 

similar clusters into larger cluster. Typical algorithms of this 

kind of clustering include BIRCH, CURE, ROCK, and 

Chameleon. BIRCH realizes the clustering result by 

constructing the feature tree of clustering, CF tree, of which 

one node stands for a subcluster. Whenever a new data point 

comes, CF tree grows. CURE, takes random sampling 

technique to cluster sample separately and integrates the 

results finally, and it is suitable for large-scale clustering. 

ROCK is an improvement of CURE for dealing with data of 

enumeration type, which takes the effect on the similarity 

from the data around the cluster into consideration. 

Chameleon, initially, divides the original data into clusters 

with smaller size based on the nearest neighbor graph, and 

then the clusters with small size are merged into a cluster 

with larger size, based on agglomerative algorithm, until 

satisfied. 

E. Density- Based method 

This Clustering algorithm works on the principle is that the 

data which is in the region with high density of the data 

space is considered to belong to the same cluster. The 

typical ones include DBSCAN, OPTICS, and Mean-shift. 

DBSCAN is the top most density-based clustering 

algorithm, which is generated from the basic idea of this 

kind of clustering algorithm directly. OPTICS is an 

improvement of DBSCAN and it overcomes the drawbacks 

of DBSCAN that being sensitive to two parameters, the 

radius of the neighbourhood and the minimum number of 

points in a neighbourhood. In the process of Mean-shift, the 

mean of offset of current data point is calculated at first, the 
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next data point is figured out based on the current data point 

and the offset then, and last, the iteration will be continued 

until some criteria are met. 

F. Grid- Based method 

In this method the objects space is divided into grid. Grid 

partitioning is based on the characteristics of data, and such 

methods can deal with non-numeric data more easily. 

Commonly used algorithms of this kind of clustering are 

STING, CLIQUE. In the STING algorithm, the spatial area 

is divided into rectangular cells. Each cell at a high level is 

partitioned to form a number of cells of the next lower level. 

Statistical information of each cell is calculated and stored 

beforehand and is used to answer queries. CLIQUE 

(Clustering in QUEst) is a bottom-up subspace clustering 

algorithm that constructs static grids. CLIQUE operates on a 

single dimension at first step and then grows upward to the 

higher one, thus CLIQUE has the ability to operate on a 

multidimensional data by not operating all the dimensions at 

once. 

G. Model-based method 

This model-based algorithms find good approximations of 

model parameters that best fit the data. This Model based 

clustering algorithms can be either partitional or 

hierarchical, depends on the structure or model they suspect 

about the data set and the way they refine this model to 

identify partitioning. However, they sometimes start with a 

fixed number of clusters and they do not use the same 

concept of density: They are closer to density-based 

algorithms, in that they develop particular clusters so that 

the previously determined model is improved. Examples of 

the model-based methods are Expectation-Maximization, 

Conceptual Clustering, and Neural Network Approach. 

H. Constraint-based Cluster Analysis 

Constraint-based clustering determines clusters that satisfy 

preferences or constraints specified by user. Depending on 

the nature of the constraints, constraint-based clustering may 

adopt rather different approaches. Some of the categories of 

Constraints include instances, cluster parameters, and 

similarity measurements. 

II. CLUSTERING ALGORITHMS 

Clustering is a technique of grouping similar data objects in 

one group and dissimilar data objects in other group. 

Clustering is widely used in many fields, thus Cluster 

analysis has been an area of research for several decades and 

there are too many different methods for all to be covered 

even briefly. Many new methods are still being developed. 

In this section we discuss some of the commonly used 

clustering algorithms and its applications. 

A. K-Means Algorithm  

Partitioning methods distribute the objects in K into m 

clusters, C1,…, Ck, where K is the data set that contains n 

objects. The main function of k-means algorithm is to obtain 

the m clusters, where an object should be similar to another 

object in the same cluster and dissimilar to object in other 

clusters. K-Means Algorithm aims for high intracluster 

similarity and low intercluster similarity. 

To represent that cluster, K-Means Algorithm  uses 

the centroid of a cluster, Ci. The centroid can be defined by 

using mean or medoid of the objects assigned to the cluster. 

The distance from each and every object in clusters to its 

concerned cluster center is squared, and then the distance is 

summed. 

1) Working Process of K-means: 

The algorithm steps are  

 Choose the number of clusters, m.  

 Randomly generate m clusters and determine the cluster 

centers, or directly generate m random points as cluster 

centers. 

 Assign each point to the nearest cluster center.  

 Recompute the new cluster centers.  

 Repeat the two previous steps until some convergence 

criterion is met (usually that the assignment hasn't 

changed). 

2) Time and space complexity of K-Means: 

Let tdist be the time taken to calculate the distance between 

two objects. The time complexity of each iteration is 

O(Kntdist ), where K is the number of clusters (centroids) and 

n is the number of objects. Bound number of iterations I can 

be given by O(IKntdist). And, for m-dimensional vectors is 

O(IKnm), where m is large and centroids not sparse. 

Specifically, the storage required is O ((n + K) m). 

B. PAM (Partitioning around medoids) 

The algorithm is specifically identifies a sequence of objects 

called medoids that are centrally located in clusters. Objects 

that are tentatively defined as medoids are placed into a set 

S of selected objects. For instance, if O is the set of objects 

that the set U = O − S is the set of unselected objects. 

An objective of this algorithm is to minimize the 

average dissimilarity of objects to their closest selected 

object. Also we can minimize the sum of the dissimilarities 

between object and their closest selected object. 

The algorithm has two phases: 

 In the first phase, BUILD, a collection of k objects are 

selected for an initial set S. 

 In the second phase, SWAP, one tries to improve the 

quality of the clustering by exchanging selected objects 

with unselected objects. 

We maintain two numbers for each object p they are: 

 Dp, the dissimilarity between p and the closest object in 

S, and 

 Ep, the dissimilarity between p and the second closest 

object in S. 

These numbers must be updated every time when the 

sets S and U change. If Dj ≤ Ej and that we have p ∈ S if and 

only if Dp = 0. 

1) Complexity of PAM: 

It is relatively more costly and its complexity is 

O(ik(nk)2),where i is the total number of iterations,k is the 

total number of clusters, and n is the total number of objects. 

Result and total run time depends upon initial partition. 

C. CLARA 

CLARA doesn’t find a representative object for the entire 

data set; instead, it draws a sample of the data set, applies 

PAM on the sample, and finds the medoids of the sample. 
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An important thing is, if the sample is drawn in a random 

way, the medoids of the sample would approximate the 

medoids of the entire data set. For better approximations, 

CLARA draws multiple samples and gives the best 

clustering as the output. For accuracy, in the entire data set 

not only of those objects in the samples, the average 

dissimilarity of all object is obtained for measuring the 

quality of clustering. 

1) Time Complexity of CLARA: 

The complexity of computing medoids from a random 

sample is O (ks2+k (n-k)), where s is the size of the sample. 

D. CLARANS 

Like CLARA, CLARANS does not check every neighbor of 

a node. Unlike CLARA, it does not restrict its search to a 

particular subgraph and also each sample is drawn 

dynamically in the sense that no nodes corresponding to 

particular objects are eliminated outright. CLARANS draws 

a sample of neighbors in each step of a search. CLARANS 

contain two parameters:  

 The maximum number of neighbors examined 

(i.e,maxneighbor),  

 The number of local minima obtained (i.e,numlocal).  

The higher the value of maxneighbor, the closer is 

CLARANS to PAM, and the longer is each search of a local 

minima.  

E. Clustering with Genetic Algorithm 

A GA is a hypothetical search technique that performs a 

multi-directional search by maintaining a population of 

potential solutions and encourages information formation 

and exchange between these directions. It takes as input a 

population of individuals (binary or real valued) which 

evolves over generation by applying genetic operators 

(crossover and mutation) 

A GA for a particular problem must have the following 

components:  

1) A genetic representation  

2) A way to create initial population 

3) A fitness function  

4) Genetic operators 

Genetic algorithms are main paradigm of evolutionary 

computing. GAs are inspired by Darwin’s Theory of 

Evolution-“Survival of the Fittest”.  

In GAs, the individuals/chromosomes are encoded in 

the form of strings and collection of such strings called a 

population. Initially, a random population is created, which 

represents different points in the search space. An objective 

and fitness function is associated with each string that 

represents the degree of goodness of the string. Based on the 

principle of survival of the fittest, a few of the strings are 

selected more than one time and some of them are not 

selected even once for the mating pool. Crossover and 

mutation operators, which are biologically inspired 

operators, applied to these strings to yield a new generation 

of strings. The process of selection, crossover and mutation 

continues for a fixed number of generations or till a 

termination condition is satisfied. 

F. Clustering with Neural Network (NN) 

A self-organizing feature map or self-organizing map is an 

NN approach that uses competitive unsupervised learning. 

The Self-Organizing Map was developed by 

professor Kohonen. The SOM has been proven useful in 

many applications.  

 One of the most popular neural network models. It 

belongs to the category of competitive learning 

networks. 

 Based on unsupervised learning, which means that no 

human intervention is needed during the learning and 

that little need to be known about the characteristics of 

the input data. 

 The SOM can be used to detect features inherent to the 

problem and, therefore it has also been called SOFM, 

the SelfOrganizing Feature Map.  

 SOM provides a topology preserving mapping from the 

high dimensional space to map units. Mapping units, or 

neurons, would form a two-dimensional lattice and, 

therefore the mapping is a mapping from high 

dimensional space onto a plane.  

 The property of topology preserving means that the 

mapping preserves the relative distance between the 

points. Points that are near to each other in the input 

space are mapped to nearby map units in the SOM. The 

SOM can thus serve as a cluster analyzing tool of high-

dimensional data. Also, the SOM has the capability to 

generalize 

 The network can recognize or characterize inputs it has 

never encountered before; this process is known as 

Generalization capability. A new input gets assimilated 

with the map unit it is mapped to. 

1) Hierarchical clustering algorithm: 

Hierarchical clustering algorithms divide into two 

categories: Agglomerative and Divisive. Agglomerative 

clustering executes in a bottom–top fashion, which initially 

treats each data point as a singleton cluster and then 

successively merges clusters until all points have been 

merged into a single remaining cluster. Divisive clustering, 

initially consideres all the data points in one cluster and then 

split them moderately until the desired number of clusters is 

obtained. To be specific, two major steps are in order. The 

first one is to choose a suitable cluster to split and the 

second one is to determine how to split the selected cluster 

into two new clusters. 

Agglomerative and Divisive clustering have been 

applied to document clustering. Divisive clustering is very 

useful in linguistics, information retrieval, and document 

clustering applications. 

G. BIRCH 

Balanced Iterative Reducing and Clustering Using 

Hierarchies (BIRCH) is structured for clustering a large 

amount of numeric data by amalgamating hierarchical 

clustering and other clustering methods. It overcomes the 

two difficulties in agglomerative clustering methods: 

1) Scalability 

2) The inability to undo what was done in the previous 

step. 
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BIRCH uses the concept of clustering feature to 

summarize a cluster, and clustering feature tree(CF-tree) to 

represent a cluster hierarchy. These structures help the 

clustering method achieve good speed and scalability in 

large or even streaming databases, and also make it effective 

for incremental and dynamic clustering of incoming objects. 

Consider n d-dimensional data objects or points in a 

cluster. The clustering feature (CF) of the cluster is a 3-D 

vectors summarizing information about clusters of objects. 

It is defined as 

CF= (n,LS,SS)  (1) 

Where LS is the linear sum of the n points and SS 

is the square sum of the data points. A CF is essentially a 

summary of the statistics for the given cluster. Using a 

clustering feature, we can easily derive many useful 

statistics of a cluster. For example, the cluster’s centroid. X0, 

radius, R, and diameter, D, are 

X0=
∑ xin

i=1

n
=

LS

n
,         (2) 

R=√
∑ (xi−x0)2n

i=1

n
 = √

nSS−2LS2+ nLS

n2   (3) 

D=√
∑ ∑ (xi−xj)2n

j=1
n
i=1

n(n−1)
=  √

2nSS−2LS2

n(n−1)
(4) 

Where, R is the calculation of an average distance 

from member objects to the centroid, and D is the 

calculation of an average pairwise distance within a cluster.  

1) Clustering Feature-Tree: 

A Clustering Feature-tree is a height balanced tree and it 

usually keeps the clustering features for a hierarchical 

clustering. A CF-tree has two parameters: branching factor 

B, and threshold, T. The branching factor specifies the 

maximum number of children per non leaf node. The 

threshold parameter specifies the maximum diameter of 

subclusters stored at the leaf nodes of the tree.  

BIRCH follows a multiphase clustering technique, 

where a single scan of the data set yields a basic good 

clustering, and one or more additional scans can optionally 

be used to further improve the quality. The primary phases 

are: 

1) Phase 1: BIRCH initially scans the database to build an 

initial in-memory CF-tree, and this tree can be viewed 

as a multilevel compression of the data that tries to 

conserve the intrinsic clustering structure of data. 

2) Phase 2: In this phase, BIRCH applies a clustering 

algorithm for clustering the leaf nodes of the CF-tree, 

which removes sparse clusters as outliers and groups 

dense clusters into larger ones. 

In Phase 1, as objects are inserted, the CF-tree is built 

dynamically. Thus, the method is incremental. An object is 

inserted into the closest leaf entry. The diameter of the 

subcluster stored in the leaf node after insertion and the 

threshold value is compared. If the diameter is larger than 

the threshold value, then the leaf node and possible other 

nodes are split. After the insertion of the new object, 

information about the object is passed toward the root of the 

tree. By modifying the threshold value, the size of the CF-

tree can be changed. If the size of the memory that is needed 

for storing the CF-tree is larger than the size of the main 

memory, then a larger threshold value can be specified and 

the CF-tree is rebuilt. 

The rebuild process is performed by building a new tree 

from the leaf nodes of the old tree. Thus, the process of 

rebuilding the tree is done without the necessity of rereading 

all the objects or points. Therefore, for constructing the tree, 

data has to be read only once. After the construction of CF-

tree, in phase 2, typical partitioning algorithm, can be used 

with the CF-tree. 

2) Time Complexity of BIRCH: 

BIRCH algorithm can achieve the computational complexity 

of O (N), where N is the number of objects to be clustered. 

H. CURE  

Clustering Using Representatives (CURE) is similar to 

agglomerative algorithm, begins with every single data 

object as a cluster and the object itself is the sole 

representative of the corresponding cluster. At any given 

stage of the algorithm, we have a set of representative 

points. The distance between two subclusters is the smallest 

pair-wise distance between their representative points. For 

every subcluster, C, its nearest subcluster Cnearest is computed 

at this stage. Define a measure 

Dclosest (C) = Distance (C,Cnearest) 

The subclusters are arranged in the increasing order 

of Dclosest(C). Hierarchical clustering works by merging the 

closest pairof subclusters. The subcluster C corresponding to 

the smallest value of Dclosest (C) is the candidate subcluster 

to be merged with its nearest subcluster Cnearest for the next 

stage. Once the clusters are merged, a new set of 

representative points are computed for the merged cluster. 

The merging process continues till the prespecified number 

of clusters are obtained. 

The method to recompute the representative points 

of the newly-formed cluster begins with the centroid of the 

new cluster and finds the farthest data object from the 

centroid. This is the first representative point. In subsequent 

iterations a point in the subcluster is chosen, that is farthest 

from the previously chosen representative points. The points 

are then shrunk towards the centroid by a fraction α. CURE 

maintains a heap-data structure to determine the closest pair 

of subclusters at every stage. It also maintains a k-d tree for 

efficient implementation. While implementing the 

algorithm, one can think of many refinements and 

adjustments at each stage.  

1) Complexity of CURE Algorithm: 

The time complexity of CURE is O(n2 log n ), while space is 

O(n) .  

I. Chameleon (A Hierarchical Clustering Algorithm) 

Chameleon uses a k-nearest neighbor graph approach to 

construct a sparse graph, where each vertex of the graph 

represents a data object, and there exists an edge between 

two vertices (object) if one object is among the k-most-

similar objects of the other. The edges are weighted to 

reflect the similarity between objects. To partition the k-

nearest-neighbor graph into a large number of relatively 

small subclusters, Chameleon uses a graph partitioning 

algorithm such that it minimizes the edge cut. It then uses an 

agglomerative hierarchical clustering algorithm that 

repeatedly merges subclusters based on their similarity. 

Both the interconnectivity as well as the closeness of the 
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clusters required for identifying the pairs of most similar 

subclusters. Two-phase approach  

1) Phase –I: Uses a graph partitioning algorithm to divide 

the data set into a set of individual clusters.  

2) Phase –II: For merging the clusters, it uses an 

agglomerative hierarchical mining algorithm. Using 

Dynamic Modeling):  

Chameleon (Phase-II) takes into account  

 Inter Connectivity  

 Relative closeness  

The graph-partitioning algorithm partitions the 

knearest-neighbor graph such that it minimizes the edge cut. 

That is, a cluster C is partitioned into sub clusters Ci and Cj 

so as to minimize the weight of the edges that would be cut 

should C be bisected into Ci and Cj. Edge cut is denoted by 

EC (Ci, Cj) and assesses the absolute interconnectivity 

between clusters Ci and Cj. 

1) Cluster Similarity: 

Chameleon determines the similarity between each pair of 

clusters Ci and Cj according to their relative 

interconnectivity, RI (Ci,Cj) and their relative closeness, 

RC(Ci,Cj): 

Between two clusters, Ci and Cj, the relative inter-

connectivity, RI(Ci,Cj) can be defined as the absolute 

interconnectivity between Ci and Cj, normalized with respect 

to the internal interconnectivity of the two clusters, Ci and 

Cj. That is, 

RI(Ci, Cj) =  
|EC(Ci,Cj)|

1

2
(|ECCi| + |ECCj|

 

Where EC(Ci,Cj) is the edge cut, defined as above, 

for cluster containing both Ci and Cj . Similarly 

ECCi(or ECCj) is the minimum sum of the cut edges that 

partition Ci(or Cj) into two roughly equal parts. RC(Ci, Cj) is 

the absolute closeness between The relative closeness 

RC(Ci, Cj), between a pair of cluster, Ci and Cj is the 

absolute closeness between Ci and Cj, normalized with 

respect to the internal closeness of the two clusters, Ci and 

Cj. It is defined as 

RI(Ci, Cj) = 
SEC(Ci,Cj)
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

|Ci|

|Ci|+ |Cj|
 SECCi ̅̅ ̅̅ ̅̅ ̅̅ ̅+

|Ci|

|Ci|+ |Cj|
 SECCj ̅̅ ̅̅ ̅̅ ̅̅ ̅

 

SEC(Ci,Cj)
̅̅ ̅̅ ̅̅ ̅̅ ̅̅̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the average weight of the edges that connect 

vertices in Ci  to vertex in Cj  and SECCi
̅̅ ̅̅ ̅̅  (or SEC Cj

̅̅ ̅̅ ̅̅ ̅) is the 

average weight of the edges that belong to the cut bisector of 

cluster Ci(or Cj). 

2) Time and Space Complexity of Chameleon 

Chameleon has efficiency of producing random shaped 

clusters of high. Still, the computing cost for high-

dimensional data may need O (n2) time for n objects in the 

worst case. 

J. DBSCAN: Density-Based Spatial Clustering of 

Applications with Noise  

DBSCAN is designed to find non-spherical shaped clusters. 

It finds the objects that have dense neighbourhoods and 

connect them with their neighbourhoods to form clusters. 

This is the most widely used density based 

algorithm. It requires two input parameters ε and MinPts are 

used to define:  

1) An ε-neighborhood  Nε(x) ={ y ∈ X|d(x,y) ≤ε} of the 

point x,  

2) A core object (a point with a neighborhood consisting 

of more than MinPts points)  

3) A notion of a point y density-reachable from a core 

object x (a finite sequence of core objects between x 

and y exists such that each next belongs to an ε- 

neighborhood of its predecessor)        

4) An object x is density connected to an object y if there 

is an object o such that both, p and q are density-

reachable from o. 

K. Density-connectivity 

Density-connectivity is symmetric in relation. And also a 

cluster satisfies two properties: 

1) Within the cluster every points are mutually density-

connected. 

2) If a point is density-reachable from any point of the 

cluster, it is part of the cluster as well. 

Outliers contain the points that are not connected to any 

core point (they are not covered by any cluster). The non-

core points inside a cluster represent its boundary. Finally, 

core objects are internal points. Processing is independent of 

data ordering. So far, nothing requires any limitations on the 

dimension or attribute types. Obviously, an effective 

computing of ε-neighborhoods presents a problem. Different 

effective indexation schemes exist for low dimensional 

spatial data. DBSCAN relies on R*-tree indexation. Many 

spatial databases contain extended objects such as polygons 

instead of points. Any reflexive and symmetric predicate 

(for example, two polygons have a non-empty intersection) 

suffice to define a “neighborhood”. Instead of a simple 

count, additional measures (as intensity of a point) can be 

used. 

1) Time and Space Complexity of DBSCAN algorithm: 

The time complexity of the DBSCAN algorithm is O 

(number of points × time to find points in the Eps - 

neighborhood), where m is the number of points. In the 

worst case, this complexity is O(m2). However, in low-

dimensional spaces, there are data structures, such as kd-

trees, that allow efficient retrieval of all points within a 

given distance of a specified point, and the time complexity 

can be as low as O(m log m) . Even for the high-

dimensional data, the space requirement is O(m), because it 

is only require to keep a small amount of data for each point 

L. OPTICS (Ordering Points to Identify the Clustering 

Structure) Algorithm  

The basic idea of the OPTICS algorithm is instead of 

creating exolicit clustering, it produces a novel cluster-

ordering of the database points with respect to its density-

based clustering structure containing the information about 

every clustering level of the data set up to a generating 

distance Eps. This ordering is visualized graphically to 

support interactive analysis of the cluster structure.  

For a constant MinPts-value, density-based clusters 

with respect to a higher density (i.e., a lower value for Eps) 

are completely contained in clusters with respect to a lower 

density (i.e., a higher value for Eps). Consequently, the 

DBSCAN algorithm could be extended to simultaneously 

cluster a database for several Eps values. However, points 
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which are density-reachable with respect to the lowest Eps 

value would always have to be processed first to guarantee 

that clusters with respect to higher density are finished first. 

For an infinite number of distance parameters Epsi which 

are smaller than a generating distance Eps, extended 

DBSCAN algorithm may require, thus here OPTICS works 

similar to an extended DBSCAN algorithm. The only 

difference is that it does not assign cluster memberships, but 

stores the order in which the points are processed (the 

clustering order) and the following two pieces of 

information which would be used by an extended DBSCAN 

algorithm to assign cluster memberships. The core distance 

of a point p is the smallest distance Eps’ between p and a 

point in its Eps-neighborhood such that p would be a core 

point with respect to Eps’ if this neighbor is contained in 

NEps(p). The reachability-distance of a point o with respect 

to another point p is the smallest distance such that o is 

directly density-reachable from p, if p is a core point. The 

clustering structure of a data set can be visualized by a 

reachability plot that shows the reachability-distance values 

r for all points sorted according to the clustering order.  

1) Complexity of OPTICS 

Similar to DBSCAN, OPTICS also processes each point 

once, and thereby performs one -neighborhood query during 

this processing. Given a spatial index that grants a 

neighborhood query in O(log m) runtime, an overall runtime 

of O(m log m) is obtained. 

M. 2.12 STING: A Statistical Information Grid Approach 

In the STING algorithm, the spatial area is divided into 

rectangular cells. There are several different levels of such 

rectangular cells corresponding to different resolution and 

these cells form a hierarchical structure. Each cell at a high 

level is partitioned to form a number of cells of the next 

lower level. Statistical information of each cell is calculated 

and stored beforehand and is used to answer queries. 

1) Hierarchical Structure for STING Clustering: 

In the STING algorithm, the spatial area is divided into 

rectangular cells and a hierarchical structure is employed. 

Let the root of the hierarchy be at level 1; its children at 

level 2, etc. And a cell which is in level i corresponds to the 

union of the areas of its children at level i + 1. Each cell 

(except the leaves) has 4 children and each child 

corresponds to one quadrant of the parent cell. The root cell 

at the level 1 which corresponds to the whole spatial area. 

And the size of the leaf level cells is dependent on the 

density of objects. In addition, a desirable number of layers 

can be obtained by changing the number of cells that form a 

higher level cell. Assuming the space of two dimensions, it 

is easy to generalize the hierarchy structure to higher 

dimensional models.  

We have to query the underlying database, once if 

the statistical information stored in the STING hierarchical 

structure is not sufficient to answer a query. In the STING 

structure, the statistical information available can answer 

many commonly asked queries very efficiently and we often 

do not need to access the full database. 

2) Time Complexity of Sting algorithm: 

STING goes through the database once to compute the 

statistical parameters of the cells, and hence the time 

complexity of generating clusters is O (n), where n is the 

total number of objects. After developing the hierarchical 

structure, the query processing time is O(g), where g is the 

total number of grid cells at the lowest level, which is 

usually much smaller than n. 

N. CLIQUE  

CLIQUE (Clustering in QUEst) is a bottom-up subspace 

clustering algorithm, which finds out the clusters by taking 

two input parameters, and the parameters are density 

threshold and number of grids. CLIQUE operates on 

multidimensional data by not operating all the dimensions at 

once but by processing a single dimension at first step and 

then grows upward to the higher one. 

1) CLIQUE Working: 

The clustering process in CLIQUE involves:  

1) CLIQUE partitions the d-dimensional data space into 

non-overlapping rectangular units called grids 

according to the given grid size and then find out the 

dense region according to a given threshold value. If the 

data points in this are exceeding the threshold value, 

then a unit is dense.  

2) By using apriori approach, clusters can be generated 

from the all dense subspaces. For the clusters obtained 

by first determining the maximal dense regions in the 

subspaces, CLIQUE algorithm generates minimal 

description and then minimal cover for each cluster 

from that maximal region. The same procedure is 

repeated until it covered all the dimensions. 

O. Expectation Maximization Algorithm 

The EM algorithm is an extension of the K-Means 

algorithm. It is iterative in nature and finds maximum 

likelihood solutions. 

Expectation Maximization consists of two steps: 

The expectation step assigns objects to clusters 

according to the current fuzzy clustering or parameters of 

probabilistic clusters.  

The maximization step finds the new clustering or 

parameters that maximize the expected likelihood in 

probabilistic modelbased clustering. 

EM has a strong statistical basis, it is linear in 

database size, it is robust to noisy data, it can accept the 

desired number of clusters as input, it provides a cluster 

membership probability per point, it can handle high 

dimensionality and it converges fast given a good 

initialization.  

EM offers many advantages besides having a 

strong statistical basis and being efficient. One of those 

advantages is that EM is robust to noisy data and missing 

information. In fact, EM is intended for incomplete data.  

1) Time and Space Complexity: 

The complexity of EM depends upon the number of 

iterations and time to compute E and M steps. 

III. CONCLUSION 

In this survey paper, we have seen many popular clustering 

algorithm and its complexities for the academic benefits. In 

the future paper, we present sample example and 

implementation. 
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