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Abstarct— In this paper we have presented a proposed a three step framework,starting with finding the initial clusters
and then initalizing initial cluster centers and finially partitioning data into most optimal clusters.we have employed
some the most effiecient algorithms like Dbscan and K-Means(XK-Means) and we have tested our approach on iris
data set.
Keywords— exploratory vector;centroids;xk-means;euclidean distance;density rechable;Dbscan
I. INTRODUCTION
Clustering is one of the widely used knowledge discovery techniques to reveal structures in a data set that can be
extremely useful to the analyst [1]. As clustering does not make any statistical assumptions to data, it is referred to as
unsupervised learning algorithm. The goal of clustering is to group data into clusters such that the similarities among data
members within the same cluster are maximal while similarities among data members from different clusters are minimal.
Clustering algorithms can be broadly classified into hierarchical and non-hierarchical clustering algorithms.k-Means
algorithm is the most well known and fast method in non-hierarchical clustering algorithms. Because of the simplicity of
K-means algorithm, it is used in various fields. K-Means is a partitioning clustering method that separates data into k
mutually exclusives groups. Through such the iterative partitioning, k-means algorithm minimizes the sum of distance
from each data to its clusters. K-Means algorithm is very popular because of its ability to cluster a kind of huge data, and
also outliers, quickly and efficiently. However, K-Means algorithm is very sensitive to the designated initial starting
points as cluster centers. K-Means does not guarantee unique clustering because we get different results with randomly
chosen initial clusters. The final cluster centroid may not be optimal ones as algorithm can converge into local optimal
solutions. Therefore it is very important for K-Means algorithm to have good initial clusters.
II. LITERATURE SURVEY
Several methods have been proposed to solve the cluster initialization for K-Means algorithm. Some of the contributions
have been discussed as under:
Reference [1] proposed the refinement algorithm that builds a set of small random sub-samples of the data, then clusters
data in each sub-samples by K-Means. All centroids of all subsamples are the clustered together by K-Means using the kcentroids of each sub-sample as initial centers. The centers of the final clusters that give minimum clustering error are to
be used as initial clusters for clustering the original set of data using K-Means algorithm.Reference [2] proposed two
different methods. The ﬁrstone, which is the default option in the Quick Cluster procedure of IBM SPSS Statistics [3],
takes the ﬁrst K points in X as the centers. An obvious drawback of this method is its sensitivity to data ordering. The
second method chooses the centers randomly from the data points. The rationale behind this method is that random
selection is likely to pick points from dense regions,i.e. points that are good candidates to be centers. However, there is no
mechanism to avoid choosing outliers or points that are too close to each other. Multiple runs of this method are the
standard way of initializing k-means [1]. It should be noted that this second method is often mistakenly attributed to
[10].Variance-based method [14] ﬁrst sorts the points on the attribute with the greatest variance and then partitions them
into K groups along the same dimension. The centers are then chosen to be the points that correspond to the medians of
these groups. Note that this method disregards all attributes but one and therefore is likely to be effective only for data sets
in which the variability is mostly on one dimension. The ROBIN (RobustInitialization) method [15] uses a local outlier
factor (LOF) [16] to avoid selecting outlier points as centers. In iteration I (i ε {1, 2,...,K}), the method ﬁrst sorts the data
points in decreasing order of their minimum-distance to the previously selected centers. It then traverses the points in
sorted order and selects the ﬁrst point that has an LOF value close to 1 as the ith center. The computational cost of this
method is dominated by the complexity of sorting, which is О(N log N).Reference[11]proposed the global K-Means
algorithm which is incremental approach to clustering which dynamically adds one cluster center at a time through a
deterministic global search procedure consisting of N(with N being the size of the dataset).Reference [3] proposed cluster
center initialization algorithm (CCIA) to solve cluster initialization problem.CCIA is based on two observations, which
some patterns are very similar to each other. It initiates with calculating mean and standard deviation for data attributes,
and then separate the data with normal curve into certain partition.CCIA uses K-Means and density based multi scale data
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condensation to observe the similarity of data patterns before finding out the final initial clusters. The experiment results
of CCIA performed the effectiveness and robustness this method to solve the several clustering problems. The directedsearch binary-splitting method[17] is an improvement over the binary-splitting method in that it determines the value of
using PCA. However, it has even higher computational requirements due to the calculation of the principal eigenvector in
each iteration. Reference [4] uses a divisive hierarchical approach based on PCA (Principal Component
Analysis). Starting from an initial cluster that contains the entire data set, the method iteratively selects the cluster
with the greatest SSE and divides it into two sub clusters using a hyper plane that passes through the cluster
centroid and is orthogonal to the direction of the principal eigenvector of the covariance matrix. This procedure is
repeated until K clusters are obtained. The centers are then given by the centroids of these clusters. The Var-Part method
is an approximation to PCA-Part, where the covariance matrix of the cluster to be split is assumed to be diagonal. In this
case, the direction of the splitting hyper plane is orthogonal to the coordinate axis with the greatest variance. Reference
[5] uses a two-phase pyramidal approach. The attributes of each point are first encoded as integers using 2 Q -level
quantization, where Q is a resolution parameter. These integer points are considered to be at level 0 of the pyramid. In
the bottom-up phase, starting from level 0, neighboring data points at level k (k ε 2 {0,1,. . .}) are averaged to obtain
weighted points at level k + 1 until at least 20 K points are obtained. Data points at the highest level are refined using kmeans initialized with the K points with the largest weights. In the top-down phase, starting from the highest level, centers
at level k + 1 are projected onto level k and then used to initialize the k-th level clustering. The top-down phase
terminates when level 0 is reached. The centers at this level are then inverse quantized to obtain thefinal centers. The
performance of this method degrades with increasing dimensionality. Reference [6] first calculates K Independent
Components (ICs) of X and then chooses the i-th (iε 2 {1, 2, . . . , K}) center as the point that has the least cosine distance
from the i-th IC.
III. PROPOSED APPROACH
In proposed approach we have used density based clustering method. The density based clustering algorithms are
designed to discover clusters of arbitrary shape in databases with noise. Dbscan is typical density based clustering
algorithm. It does clustering through growing high density area, and it can find any shape of clustering. In this paper we
have proposed to use Dbscan algorithm as a starting step for K-means and XK-Means algorithm in finding initial number
of clusters K. After using Dbscan algorithms for finding K, this k is then fed to XK-Means algorithms as initial clusters
which then find the initial cluster centers for these clusters, then partitioning of data into most optimal clusters by using
steps of simple K-Means algorithm. We have then evaluated the performance of proposed approach on iris data set.
Our proposed approach for automatically obtaining clusters from a given dataset is based on three steps as explained
below:
A. Obtaining the number of clusters.
B. Initialization of cluster center seeds.
C. Partitioning data into respective clusters.
A. Obtaining the number of clusters
Density-Based Spatial Clustering and Application with Noise (Dbscan) was a clustering algorithm based on density.
The Dbscan algorithm can identify clusters in large spatial data sets by looking at the local density of database elements,
using only one input parameter. Furthermore, the user gets a suggestion on which parameter value that would be suitable.
Therefore, minimal knowledge of the domain is required. The Dbscan can also determine what information should be
classified as noise or outliers. In spite of this, its working process is quick and scales very well with the size of the
database almost linearly. By using the density distribution of nodes in the database, Dbscan can categorize these nodes
into separate clusters that define the different classes. Dbscan can find clusters of arbitrary shape its working process is
quick and scales very well with the size of the database – almost linearly. By using the density distribution of nodes in the
database, Dbscan can categorize these nodes into separate clusters that define the different classes. Dbscan can find
clusters of arbitrary shape. Dbscan algorithms require two parameters: epsilon (eps) and minimum points (minpts).it starts
with an arbitrary starting point that has not been visited. It then finds all the neighbor points within distance eps of the
starting point. If the number of neighbors is greater than or equal to minpts, a cluster is formed. The starting point and its
neighbors are added to this cluster and the starting point is marked as visited. The algorithm then repeats the evaluation
process for all the neighbors‟ recursively. If the number of neighbors is less than minpts, the point is marked as noise. If
cluster is fully expanded (all points within reach are visited) then the algorithm proceeds to iterate through the remaining
unvisited points in the dataset.
Steps of Dbscan Algorithm
For each o ε D
If o is not yet classified then
If o is a core object then
Collect all object density reachable from
O and assign them to a new cluster
Else
Assign o to noise
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B. Initializing Cluster Centers
This novel algorithm is known as „exploratory k-means/XKmeans algorithm is given by [3].The objective of this
method is to reduce the computational load and enhance precision. This method has targeted the weakness of k-Means in
its ineffectiveness in exploring better search paths that may lead to optimal solution. So, this method suggests to integrate
an exploratory component into the k-means algorithm can be attributed to the general lack of exploration mechanism
which results in search paths permanently trapped in local minimum if the initial setting is not in a course leading to the
global solution.XK-means algorithm overcomes this flaw by incorporating exploratory mechanism. This method is
inspired by the concept of particle swarm optimization (PSO), which states the importance of integrating exploration and
exploitation in a search process.XK-means algorithm preserves the basic framework of k-means and on top of it an
exploratory vector is added to each centroid before k-means iteration. This algorithm has been evaluated with real gene
expression data sets. Its performance is compared against the k-means and Pk-means methods. It is noted that
amalgamation of exploratory capability of the search process, while preserving favorable exploitation property of the kmeans algorithm. This proposed method first samples a potential solution in the problem space in random manner while
evaluating the correctness of the solution (in terms of MSE) this algorithm will swiftly explore other potential solutions in
the neighboring area. This leads to better grouping of the clusters and improving speed of the grouping.
Steps:
1) Determine the number of centroids, k, and initialize the set of centroids randomly.
2) Initialize inertia magnitudes
𝑏𝑖 𝑎𝑛𝑑 𝑎𝑖 .
The terms 𝑎𝑖 𝑎𝑛𝑑 𝑏𝑖 are non zero and positive and are referred to as lower and upper inertia magnitudes in dimension i.
They are related as:
𝑏𝑖∗ = 𝛼𝑏 𝑖 Where

𝛼 = 0,1 𝑎𝑖 = 𝛽𝑏𝑖 𝑤𝑒𝑟𝑒 𝛽 = 0,1

3) Update the inertia magnitudes according to equations:
𝑎𝑖 = 𝛽𝑏𝑖 𝑤𝑒𝑟𝑒 𝛽 = 0,1
𝑏𝑖∗ = 𝛼𝑏 𝑖 Where 𝛼 = 0,1
𝑏𝑖∗ 𝑖𝑠 𝑡𝑒 𝑛𝑒𝑥𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑡𝑒 𝑏𝑖
4) Add exploratory vector to explore each centroid using equation:
𝑧𝑗∗ = 𝑧𝑗 + 𝑣𝑗
𝐯𝐣 is a D- dimensional exploratory vector at current iteration and Quantity of its dimensions is defined as:
𝑣𝑗 ,𝑖 | = 𝑟𝑎𝑛𝑑 𝑎𝑖 , 𝑏𝑖 ∗ 𝑟𝑎𝑛𝑑𝑠𝑖𝑔𝑛(𝑖)
5) Assign each data point to the cluster with the closest (Euclidean) distance between them.
6) Compute new centroid according to the classic K-Mean.
7) Evaluate MSE (mean square error).
8)

If stopping criteria has reached then stop else update

the inertia magnitudes again i.e. go to step 3.

C. Partitioning data into respective clusters
K Means is a classic clustering method that has been widely adopted in numerous engineering applications. Its
popularity is supported by the simplicity of the algorithm, as well as the fast convergence rate especially in highdimensional problems. K-Means is a method to partition a given set of N data points into K groups (called clusters) in Ddimensional Euclidean space. The partitioning in the space is based on certain similarity metrics which is usually
Euclidean distance. The objective of the partitioning process is to minimize the error, generally expressed as the mean
squared error (MSE), in approximating each data point with its nearest centroid.
Input: k: the number of clusters
D: a data set containing n objects.
Output: A set of k clusters.
Method:
1) Arbitrarily choose k objects from D as initial cluster centers:
2) Repeat
3) (re)assign each object to the cluster to which the object is the most similar, based on the mean value of the object in
the cluster;
4) Update the cluster means ,i.e., calculate the mean value of the objects for each cluster;
© 2013, IJARCSSE All Rights Reserved

Page | 1145

Riyaz et al., International Journal of Advanced Research in Computer Science and Software Engineering 3(12),
December - 2013, pp. 1143-1147
5) Until no change.
IV. PERFORMANCE EVALUATION
TABLE I
FINDING NO.OF CLUSTERS BY DBSCAN
Eps

Minpts

No. Of Cluster

1.5
2
2.5
3
3.5

3
3
3
3
3

3
5
7
10
10

TABLE II
K-MEANS ALGORITHM FOR K=3
Cluster No.

Iris Setosa

Iris Versicolor

Iris Virginica

1

45

0

8

2
3

3
0

35
8

10
31

TABLE III
XK-MEANS ALGORITHM FOR K=3
Cluster No.

Iris Setosa

Iris Versicolor

Iris Virginica

1

47

0

0

2

2

38

5

3

1

2

39

V. CONCLUSION
K-Means greatly depends on initial cluster centers. Selection of appropriate value of K and cluster center objects is a
challenging issue. Lot of research has been already done on it and much more is yet to be done. The proposed method can
help in choosing better values of K which in turn results in better clustering. We have employed improved K-means i.e.
XK-Means algorithm for testing proposed approach. Results show that there is considerable improvement in clustering.
This however can be further improved by using more efficient cluster initialization techniques.
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