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Abstract: K-means is clustering technique that attempts to find a user-specified number of clusters (k),

which is one of the oldest and most widely used clustering algorithms. New clustering algorithms have

been developed in a beltline moulding applications. This study we suggest intra class inertia as a criterion

for performance comparison, it is uncertain that this is a complete measure for performance comparison

of the clustering algorithms. We can conclude from this analysis, we were found the best number of state,

k for four difference contours. The results are shown which contour number 4 have higher validation value

compared others contour. Consequently, the efforts to develop effective measures to compare clustering

algorithms should be done in this research.  We believe that the methodology introduced in this research

for determine number of clusters of the beltline moulding contours of clustering algorithms will prove to

be valuable ingredient in future clustering studies.
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INTRODUCTION

Various techniques have been developed to

visualize and manage huge graphs . Some of them[1]

are based on clustering techniques and provide graph

partition. Their objective is to maximize intra-cluster

connectivity (compactness) and minimize inter-cluster

connectivity (separability). Clustering quality depends

on the graph structure and the clustering technique. So,

we need appropriate validity value to analyze clustered

graph structure but also to compare number of clusters

for each beltline moulding contour.

K-means is a prototype-based, partitional clustering

technique that attempts to find a user-specified number

of clusters (k), which are represented by their

centroids, which is usually the mean of a group of

points, and is typically applied to objects in a

continuous n-dimensional space. The K-means, which

is one of the oldest and most widely used clustering

algorithms. K-means is a greater average dissimilarity

within clusters .[2]

Methodology: To assign a point to the closest centroid,

we need a proximity measure that quantities the notion

of closest for the specific data under consideration.

Usually, the similarity measures used for K-means are

relatively simple since the algorithm repeatedly

calculates the similarity of each point to each centroid.

To evaluate the quality of a graph partition we

usually compare inter-cluster and intra-cluster

connectivity. In this sub-topic, we present Euclidean

distance approach. Consider data whose proximity

measure is Euclidean distance. For our objective

function, which measures the quality of clustering for

each contour, we use the validate value. To find the

best groups, it is necessary to minimize the distance of

intra-groups and distance of inter-groups.

Intra=  

inter =  

Where;

N = Number of elements

Zi = Centroid for cluster i

Cluster validation is commonly used for evaluating

the quality of partition produced by any clustering

algorithm. In this research, we present a novel method

to assess the quality of clustering in gene expression

data. The methods we introduced which are totally

based on intra- and inter-cluster distances. Cluster

quality is measured based on information change and

the partition with the highest total information is

selected. The validity of a categorization is equal as

shown below:

Validate = Inter

   ))))

     Intra
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A generation characterized by compact (smaller

intra-cluster distance) and non-overlap (large inter-

cluster distance) clusters is considered to be the

preferable one . Next, we quantify this phenomena[3]

and quality of clustering using information theory.

A Real Data Set: Ideally, we would like to be able to

compare proposed clusterings having different numbers

of clusters. Unfortunately, determining the “right”

number of clusters in real data is a long-standing and

very difficult problem  evaluates the performance of[4 ,5 ]

30 procedures for estimating the number of clusters on

several artificial data sets. The gap statistic of  is an[6]

appealing recent attempt to estimate the number of

clusters by comparing within-cluster dispersion to that

of a reference null distribution. However, on purely

philosophical grounds, it seems impossible to determine

the “right” number of clusters, or even to define the

concept, in the absence of a well-grounded statistical

model . Clustering algorithms typically have[7 ]

parameters that directly for example, k-means

determine the number of clusters. To compare the

figures of merit of clusters produced by algorithms, we

adjust the number of clusters to find the best validate

from the clusters.

Validating clustering results is a well-studied

problem in statistics.  divides cluster validation[8]

procedures into two main categories: external and

internal criterion analysis. External criterion analysis

validates a clustering result by comparing it to a given

“gold standard” which is another partition of the

objects. The gold standard must be obtained by an

independent process based on information other than

the given data set. There are many statistical measures

that assess the agreement between an external criterion

and a clustering result. For example,  evaluated the[9 ,10]

performance of different clustering algorithms and

different statistical measures of agreement on both

synthetic and real data.

Different clustering algorithms optimize different

objective functions or criteria. Assessing the goodness

of fit between the input data set and the resulting

clusters is equivalent to evaluating the clusters under a

different objective function. Our approach compromises

these two extremes: no external standard is required,

and the clustering results are evaluated based on real

data that are available to the clustering algorithms. 

Develop New K-Means Clustering Algorithm: A

large number of clustering algorithms have been

developed in a variety of domains for different types of

applications. None of these algorithms is suitable for

all types of data, clusters, and applications. In fact, it

seems that there is always room for a new clustering

algorithm that is more efficient or better suited to a

particular type of data, cluster, or application. Instead,

we can only claim that we have techniques that work

well in some situations.

This chapter focuses on important issues in cluster

analysis and explores the concepts and approaches that

have been developed to address them. We begin with

a discussion of the key issues of cluster analysis,

namely, the characteristics of data, clusters, and

algorithms that strongly impact clustering. These issues

are important for understanding, describing, and

comparing clustering techniques, and provide the basis

for deciding which technique to use in specific

situation.

K-means is used to find k clusters, then the

distance of each point to each cluster centroid is

calculated at each iteration. When K is large this can

very expensive. Bisecting K-means starts with the

entire set of points and uses K-means to repeatedly

bisect an existing cluster until with obtained K clusters.

At each step, the distance of points to two cluster

centroids is computed which K=2. We only compute

the distance of subset of points to the two centroids

being considered. 

K-means is formally described by algorithm as

shown below. The operation of K-means is illustrated

in Figure 1, 2, 3 and 4, which shows how starting

from Contour number 2 with six clusters and the final

clusters are found in Contour number 5. In these and

other figures displaying K-means clustering, each

subfigure shows the centroids for each cluster and

member points in each cluster. The centroids are

indicated by the different colors while all points

belonging to the same cluster have the same color.

Basic K-means algorithm is composed of the

following steps using MATLAB programming:

1. Using 57 data with 2 points

1 2 5 7 57(x,y),(x ,x ),…………..,(x ,y ). Randomly by

considering two random points among the 57

points.

2. Select K points as initial centroids.

3. Form K clusters by assigning each point to its

closest centroid.       Compute the distance

between each of the 57 points and the 2 centroids.

14. Compute the gravity center of Cloud 1, C  and

2Cloud 2, C .

5. Repeat when;

1 1old 1newWhere D  is dist (C ,C ) < threshold and    

2 2old 2newD  is dist (C ,C ) < threshold 

1 26. If (D  and D ) , threshold

7. End

8. Else go to 4

9. Recompute the centroid of each cluster

10. until centroids do not change
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RESULTS AND DISCUSSIONS

A cluster is a set of objects in which each object

is closer to the prototype that defines the cluster than

to the prototype of any other cluster. For data with

continuous attributes, the prototype of a cluster is often

a centroid namely the mean of all the points in the

cluster. For many types of data, the prototype can be

regarded as the most central point, and in such

instances, we commonly refer to prototype-based

clusters as centre-based cluster.

Fig. 1: Graph validate value versus number of k=2

The results are given in Figure 1, where we also

provide the corresponding execution number of cluster,

k and validate value. We also conducted a second

series of experiments where we used Contour No. 3.

The results are displayed in Figure 2. 

Fig. 2: Graph validate value versus number of k=3

It can be observed that the k-means algorithm with

random initialization gives the worst results for almost

every number of clusters for each contour. Refer to

Figure 3 and 4.

Fig. 3: Graph validate value versus number of k=4

Fig. 4: Graph validate value versus number of k=5

Distance Measures: To reiterate, the classic k-Means

algorithm was popularized and refined by [81] and

[82]. The basic operation of that algorithm is relatively

simple: Given a fixed number of (desired or

hypothesized) k clusters, assign observations to those

clusters so that the means across clusters (for all

variables) are as different from each other as possible.

The joining or tree clustering method uses the

dissimilarities (similarities) or distances between objects

when forming the clusters. Similarities are a set of

rules that serve as criteria for grouping or separating

items. In the previous example the rule for grouping a

number of dinners was whether they shared the same

table or not. These distances (similarities) can be based

on a single dimension or multiple dimensions, with

each dimension representing a rule or condition for

grouping objects. For example, if we were to cluster

fast foods, we could take into account the number of

calories they contain, their price, subjective ratings of

taste, etc. The most straightforward way of computing

distances between objects in a multi-dimensional space

is to compute Euclidean distances. If we had a two- or

three-dimensional space this measure is the actual

geometric distance between objects in the space (i.e.,

as if measured with a ruler). However, the joining

algorithm does not "care" whether the distances that are

"fed" to it are actual real distances, or some other

derived measure of distance that is more meaningful to

the researcher; and it is up to the researcher to select

the right method for his/her specific application.

Euclidean distance: This is probably the most

commonly chosen type of distance. It simply is the

geometric distance in the multidimensional space. It is

computed as: 

distance(x,y) = 

Note that Euclidean (and squared Euclidean)

distances are usually computed from raw data, and not
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from standardized data. This method has certain

advantages (e.g., the distance between any two objects

is not affected by the addition of new objects to the

analysis, which may be outliers). However, the

distances can be greatly affected by differences in scale

among the dimensions from which the distances are

computed. For example, if one of the dimensions

denotes a measured length in centimetres, and you then

convert it to millimetres (by multiplying the values by

10), the resulting Euclidean or squared Euclidean

distances (computed from multiple dimensions) can be

greatly affected (i.e., biased by those dimensions which

have a larger scale), and consequently, the results of

cluster analyses may be very different. Generally, it is

good practice to transform the dimensions so they have

similar scales. An important component of a clustering

algorithm is the distance measure between data points.

In this research the components of the data instance

vectors are all in the same physical units that the

simple Euclidean distance metric is sufficient to

successfully group similar data instances. Figure 6.6

shown below illustrates this with beltline cross section

contours for vector a, and vector b measurements.

Despite both measurements being taken in the same

physical units, an informed decision has to be made as

to the relative scaling.

For higher dimensional data, a popular measure is

the Minkowski metric, 

Where d is the dimensionality of the data. The

Euclidean distance is a special case where p=2, while

Manhattan metric has p=1. However, there are no

general theoretical guidelines for selecting a measure

for any given application. The data is represented as a

graph, where the nodes are objects and the links

represent connections among objects then a cluster can

be defined as a connected component which is a group

of objects that are connected to one another, but that

have no connection to objects outside the group. 

The screen shot or graph from the MATLAB

programming is shown below. The programming with

input data (a,b) will make cluster the data by

minimizing the sum of squares of distances between

data and the corresponding cluster centroid. Each dot

with difference colours representing cross section

beltline contour and the coordinate (a,b) represents two

attributes of the contour. The colours of the dot and

label number represent the cluster.

At the below is a Figure 6 showing a distribution

of Contour No. 3 with only three clusters group. These

clusters will be used to perform a K-means clustering

of this data for some of the distance measure and

different objectives to minimize.

Fig. 5: Contour Number 2 with k=6

Fig. 6: Contour Number 3 with k=3

Figure 7, illustrates a beltline moulding contour

number 4 data set in two-dimensional in which the

points are scatter with two clusters. The average

pairwise Euclidean distance is a possible measure of

compactness of each clusters. In this research, there are

two reasonable clusters results: cluster 1 and cluster 2.

Fig. 7: Contour Number 4 with k=2
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Fig. 8: Contour Number 5 with k=4

Table 1: The Best Number of state,k for Each Contours

Contour k Validate

2 6 0.0437

3 3 0.0436

4 2 0.0559

5 4 0.0417

We can conclude from this analysis, we were

found the best number of state, k for four difference

contours. The results are shown in Table 6.5 which

contour number 4 have higher validation value

compared others contour. 

Conclusions: To summarize, develop k-means

clustering algorithm is a difficult problem. We believe

that the methodology introduced in this research for

determine number of clusters of the beltline moulding

contours of clustering algorithms will prove to be

valuable ingredient in future clustering studies. 

REFERENCES

1. Herman, I., G. Melancon and M.S. Marshall, 2000.

Graph Visualization in Information Visualisation:

a Survey. IEEE Transactions on Visualization and

Computer Graphics, 6(1): 24-44.

2. Prasanna, K., Velamuru, Hongbin Guo, Rosemary

Renaut, Kewei Chen. 2005. Robust Clustering of

PET data. Interface/CSNA. Arizona State

University.

3. Sudhakar Jonnalagadda and Rajagopalan

Srinivasan. An Information Theory Approach for

V alida ting Clusters in  M icroarray D ata .

Department of Chemical and Biomolecular

Engineering, National University of Singapore.

4. Jain, A.K. and J.V. Moreau, 1987. Bootstrap

technique in cluster analysis. Pattern Recognition,

20: 547-568.

5. Milligan, G.W. and M.C. Cooper, 1985. An

examination of procedures for determining the

number of clusters in a data set. Psychometrika,

50: 159-179.

6. Tibshirani, R., G. Walther and T. Hastie, 2000.

Estimating the number of clusters in a dataset via

the gap statistic. Technical Report. 208,

Department. of Statistics, Stanford University.

7. Banfield, J.D. and A.E. Raftery, 1993. Model-

based gaussian and non-gaussian clustering.

Biometrics, 49: 803-821.

8. Jain, A.K. and R.C. Dubes, 1988. Algorithms for

Clustering data Prentice Hall, Englewood Cliffs,

NJ.

9. Milligan, G.W., S.C. Soon and L.M. Sokol, 1983.

The effect of cluster size, dimensionality, and the

number of clusters on recovery of true cluster

structure. IEEE Transactions on Pattern Analysis

and Machine Intelligence, 5: 40-47.

10. Milligan, G.W. and M.C. Cooper, 1986. A study

of the comparability of external criteria for

hierarchical cluste r  analysis. M ulti-variate

Behavioral Research, 21: 441-458.


