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Abstract— Clustering is the process of organizing objects into groups whose members are similar in some way or differ 

significantly from other objects. There are two approaches viz., pre-clustering and post-clustering. Pre-clustering is an 

unsupervised learning that assigns labels to objects in unlabeled data. The important pre-clustering approaches that we have 

considered are Dark Block Extraction (DBE), Cluster Count Extraction (CCE) and Co-VAT (Visual Assessment of Cluster 

Tendency). The present work focuses on pre-clustering approach. The limitations of these pre-clustering algorithms are i) DBE 

can’t handle the large data ii) CCE suffers because of perplexing iii) Co-VAT works with only rectangular data. Our work 

proposes Extended Dark Block Extraction (EDBE), Extended Cluster Count Extraction (ECCE) and Extended co-VAT to 

overcome the above said limitations. The following five steps results after integrating pre and post clustering approaches. They are 

1) Extracting a VAT image of an input dissimilarity matrix. 2) Performing image segmentation on the VAT image to obtain a 

binary image, followed by directional morphological filtering. 3) Applying a distance transform to the filtered binary image and 

smoothing the pixel values on the main diagonal axis of the image to form a smoothening signal. 4) Applying first-order derivative 

and fast fourier transformation on smoothened signal for detecting major peaks and valleys. 5) Now post-clustering approach i.e. 

k-means algorithm is applied to the major peaks and valleys in-order to obtain refined clusters. The proposed algorithms viz., 

EDBE, ECCE and Extended Co-VAT uses VAT as well as the combination of several image processing techniques are applied on 

various real world data sets like IRIS, WINE and Image Data sets. These extended approaches use Reordered Dissimilarity Image 

(RDI) that highlights potential clusters as a set of 'Dark blocks' along the diagonal of the image. The simulation results show that 

EDBE, ECCE, Extended co-VAT outperform DBE, CCE and co-VAT in terms of time-complexity and accuracy of labeled and 

unlabeled data. 

 
Keywords: Clustering, DBE, CCE,CO-VAT, VAT, iVAT, EDBE, ECCE and Extended CO-VAT. 

 

 
I. INTRODUCTION 

1.1 Introduction to Pre-clustering 

 Pre-clustering tendency assessment is a process of 

finding the number of clusters in data sets, which is an 

important and challenging issue. Pre-clustering is an 

approach suggested by Huse et al. 2010. A common 

problem in the data mining community is how to organize 

the observed data into meaningful structures. As an 

exploratory data analysis tool, cluster analysis aims at 

forming objects of similar kind into their respective 

groups. Several clustering algorithms have been studied 

and are mentioned in the literature survey. In general, 

clustering of unlabeled data pose many problems like 

assessing cluster tendency, i.e., how many clusters to form 

or what is the value of „cluster count‟, partitioning the data 

into clusters, validating the cluster count and cluster 

performance i.e. how to increase the quality. Several 

attempts have been made to estimate number of clusters in 

a given data set. All these methods are used to identify the 

validity of the clusters, i.e., they try to select the best 

partition among all the alternatives. In contrast, tendency 

assessment attempts to estimate 'cluster count' before 

clustering occurs. 

 

 
Fig. 1.1: Classification of Clustering Techniques 

 

 There are large numbers of clustering algorithms 

reported in the literature such as VAT, iVAT, DBE, CCE, 
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Co-VAT. In general, clustering of labeled and unlabeled 

data pose four major problems: 1) Assessing cluster 

tendency, i.e., how many clusters to ask for or what is the 

„c‟ value 2) Partitioning the data into meaningful groups 3) 

Validating the discovered clusters „c‟ and  4) Increasing 

the quality of the clusters. The VAT algorithm addresses 

this problem by reordering the dissimilarity matrix D so 

that, the number of clusters is identified by just viewing the 

diagonal axis of an image, iVAT improves the contrast of 

the VAT images. The results obtained are useful to easily 

identify the cluster tendency. Rectangular data is the 

special form of relational data and it is the dissimilarity 

value between a set of row objects Or and a set of column 

objects Oc, where the relation among row or column 

objects is unknown. Co-VAT algorithm is a new 

formulation and it is a visual method for identifying the 

cluster tendency of the rectangular data. 

 

1.2 Visual Assessment of Cluster Tendency (VAT) 

 The VAT algorithm addresses the problem i.e. 

poor cluster performance on images by reordering the 

dissimilarity matrix D so that, the number of clusters is 

displayed as the number of “Dark Blocks” along the 

diagonal. The reordered dissimilarity image will highlight 

the potential clusters by just observing the number of dark 

blocks that are present in the diagonal axis of an image. 

The RDI image will provide the number of clusters by just 

identifying the dark blocks that are present in the diagonal 

axis of an image; each cluster is different from the other. 

This dissimilarity matrix generated is provided as input to 

the VAT algorithm. The Reordered Dissimilarity Image 

provides a potential cluster structure from the pair wise 

dissimilarity matrix of the data by using VAT. Region 

segmentation, directional morphological filtering, and 

distance transformation are the image processing 

operations used to segment the regions of interest in the 

RDI to convert the filtered image into a distance 

transformed image. The number of clusters can be easily 

extracted from the one dimensional signal which is nothing 

but the diagonal axis of the reordered dissimilarity image. 

These extracted clusters use sequential signal processing 

operations like average smoothing and peak detection. 

These operations are used to found the peaks and valleys 

from the work signal and those are made to satisfy certain 

conditions. The curves which satisfy the given conditions 

will only be considered as the valid points.  

 

1.3 Dark Block Extraction (DBE) 

In DBE, simple euclidean space is used to calculate 

pairwise dissimilarities when the input records are feature 

vectors. The euclidean distance may not be appropriate for 

high dimensional or composite data. The results of DBE 

are not clear and the cluster extraction is not performed 

accurately as DBE is based on VAT. DBE cannot handle 

the large datasets. In short, DBE counts the dark blocks 

along the diagonal of an RDI. By integrating DBE with k-

means algorithm, it is modified as Extended Dark Block 

Extraction (EDBE). Hence EDBE assures a good quality 

dissimilarity measures for diverse types of given large data 

sets.  

1.4 Cluster Count Extraction (CCE) 

In CCE, the histogram is generated by first thresholding 

and then applying the 2-Dimensional Fast Fourier 

Transformation (FFT). It is further continued by window 

correlation in the frequency domain, later by back-

transforming to the spatial domain and finally by 

performing the correlated primer off-diagonal histogram. 

The positions of peaks and valleys in DBE implicitly 

correspond to centers and ranges of sub blocks (or 

clusters).  It is hard to observe similar phenomenon from 

the CCE histograms. CCE also counts dark blocks in RDIs 

using a combination of several image processing 

techniques. K-Means algorithm increases the accuracy of 

the CCE compared to that of DBE. 

1.5 Co-VAT 

In Co-VAT, it takes only rectangular dissimilarity matrix 

of size m × n matrix D, where the elements of D are pair-

wise dissimilarities between m row objects Or and n 

column objects Oc. The union (Dr ᴜ Dc) of these disjoint 

sets of (N = m + n) objects O. Clustering tendency 

assessment is a process by which a dataset is analyzed to 

determine the number(s) of clusters present. Co-Visual 

Assessment of Tendency (Co-VAT) algorithm is proposed 

for rectangular data. Co-VAT first inputs pair-wise 

dissimilar values among the row objects, and renders a 

square relational matrix Dr and Dc for the column objects 

and then builds a larger square dissimilarity matrix Dr ᴜ 

Dc. The clustering questions can be addressed by using the 

VAT algorithm on Dr, Dc, and Dr ᴜ Dc, where D is 

reordered by shuffling the reordering indices of Dr ᴜ Dc 
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II. LITERATURE SURVEY 

 

 In this chapter the existing pre-clustering 

addressed in the literature are discussed briefly. Clustering 

approaches are broadly classified into two categories, 

which are pre-clustering and post-clustering. The process 

of grouping data into subgroup classifications prior to 

clustering has been described as 'pre-clustering'. Post- 

Clustering is “the process of organizing objects into groups 

whose members are similar in some way”. Each approach 

is explained elaborately. The criterion of user, supplying 

the number of clusters to be formed increases the 

complexity and also it is highly expensive, because the 

same clustering algorithm needs to be implemented many 

times with different user inputs. There by, it follows some 

pre-clustering approaches like CCE, DBE and co-VAT [3] 

to estimate the number of clusters before clustering. In this 

chapter, the literature review of various pre-clustering 

approaches has been discussed. In the existing studies the 

number of pre-clustering is not considered in prior to the 

clustering process. However, a completely satisfactory 

solution (best number of clusters and comparative study) is 

not available in the literature.  

 

 Bezdek & Hathaway (2002) implemented a VAT 

algorithm [8] for visually identifying the number of 

clusters. It is used only a pair wise dissimilarity matrix D is 

needed as the input. When the vectorial forms of objects 

are presented, it is easy to convert them into D using 

dissimilarity methods. Even when vectorial data are not 

clearly presented, it is still possible to use certain metrics 

to calculate a pair wise dissimilarity matrix. The VAT [8] 

image shows the number of clusters and estimated 

members of object, matrix reordering produces in a 

hierarchy of clusters.  

 

 Liang Wang et al (2009) described a new Dark 

Block Extraction (DBE) method for identifying the number 

of clusters in large amount of datasets automatically. It is 

used in many common image and signal handing 

techniques with the existing VAT algorithm [8]. First the 

dissimilarity matrix is formed from the VAT [8] image, 

next apply the segmentation processing in the image. Next 

step is to apply a distance transforming method to an image 

and representing the pixel values to diagonal axis of the 

image. Finally we get number of clusters based on the 

smoothing projection signal. 

 

 Liang Wang et al (2010) defined improved visual 

representation for finding number of clusters 

automatically. It handles the complex datasets and hidden 

objects using spectral analysis of the final clusters. First it 

converts the given dataset into pair wise dissimilarity 

matrix. From the matrix, we form an image of each object 

that is reordered as dark blocks along the diagonal to reveal 

hidden cluster structure. The algorithm unsuccessful in 

highly complex datasets which are not possible to highlight 

the cluster structure and also visual data partitioning, index 

based cluster validation is not supported. This method 

clearly shows the cluster results which depend on the 

selection of input criteria.  

 

 Havens & Bezdek (2012) defined graph-theoretic 

distance transform method called improved VAT (iVAT) 

algorithm [2], to overcome the issues of VAT algorithm 

[8]. This method is a combination of VAT image and 

iVAT [2] image which are extensively reduces the 

computational complexity. This method finds the VAT 

reordered dissimilarity matrix, in this the distance 

transform functions is applied.  The iVAT [2] algorithm is 

to display very large dissimilarity images due to resolution 

limitations which are imposed by current graphics.  In 

order to solve all the issues of above mentioned 

approaches, a new extended approach is introduced for 

automatically identifying the number of clusters in 

numerical, character and image data.   

 

III. MOTIVATION AND OBJECTIVES 

 

 One of the major problems in cluster analysis is to 

determine the number of clusters in unlabeled data prior to 

clustering. The major limitations of these pre-clustering 

algorithms are: i) DBE can‟t handle the large data ii) CCE 

suffers from perplexing  iii) Co-VAT works with only 

rectangular data. The above limitations are the key 

motivations for extending pre-clustering approaches and 

they are as described:  DBE can‟t handle the large data: 

DBE with VAT algorithm effectively handles smaller data 

sets of size 50x50 or less than that. So DBE works only 

with smaller matrices. This remains as a limitation with 

DBE. CCE suffers from perplexing: In CCE, after 

correlation filter is computed to clean the VAT image 

which is done by multiplying the complex conjugate of the 

filter to the VAT image by applying the Fast Fourier 
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Transform. After performing image processing techniques, 

CCE generates histograms. These histograms contain 

valleys and peaks, where to cut the histogram valleys and 

peaks i.e. perplexing problem. 

 

Co-VAT works with only rectangular data: Co-VAT first 

computes row objects pair-wise dissimilarity values (i.e. 

the rectangular relational matrix Dr) and the column 

objects (i.e. the rectangular relational matrix Dc), and then 

builds a larger dissimilarity matrix (i.e. the rectangular 

relational matrix Druc). Here it is observed that all the 

above said matrices are rectangular relational matrices. So 

Co-VAT works only with rectangular matrices. This is the 

limitation of Co-VAT. 

 

To solve the above said drawbacks, new extended 

approaches are proposed. These proposed approaches 

overcome the shortcomings mentioned above and also 

produces better result compared to existing approaches. 

Objectives of the proposed work 

 

 To find the number of clusters in IRIS, WINE and 

IMAGE data sets into homogeneous and distinct 

groups.   

 To identify the group of similar objects and to 

discover division of patterns and correlations in 

large data sets.  

 To integrate pre and post-clustering approaches to 

improve the quality and performance of a cluster 

count.  

 To estimate the number of clusters in both the 

labelled and unlabeled data prior to the 

application of clustering mechanism.  

 

The salient contributions of the research work are: 

 

 The Extended Dark Block Extraction (EDBE) is 

proposed to overcome the limitation of DBE, as 

DBE can‟t handle the large data. 

 The Extended Cluster Count Extraction (ECCE) is 

proposed to overcome the limitation of CCE 

which suffers from perplexing. 

 The Extended co-VAT is proposed to overcome 

the limitation of Co-VAT which works only with 

rectangular data.  

 

IV. PROPOSED APPROACHES 

 

 Diverse pre-clustering algorithms have been 

proposed in this work for efficient clustering process, i.e., 

EDBE, ECCE and Extended co-VAT. Clustering objects 

can be represented by means of labeled and unlabeled data. 

The proposed approaches in this work perform efficient 

clustering. The clustering process may result in different 

partitioning of a data set, depending on the specific 

criterion used for clustering. Thus there is a need of 

preprocessing the dataset before we initiate the clustering 

process. The existing system determines the number of 

clusters in unlabeled data sets with limitations like 

perplexing, and its inability in overlapping of histograms is 

overcome by the proposed techniques. The proposed 

approaches are developed to automatically determine the 

number of clusters in labeled and unlabeled datasets.  

 

4.1 Extended Dark Block Extraction (EDBE)  

 EDBE aims to overcome the limitations of DBE. 

In DBE, simple euclidean space is used to calculate 

pairwise dissimilarities when the input records are feature 

vectors. The euclidean distance may not be appropriate for 

high dimensional or composite data. The results of DBE 

are not clear and the cluster extraction is not performed 

accurately as DBE is based on VAT. DBE cannot handle 

the large datasets. In short, DBE counts the dark blocks 

along the diagonal of an RDI. EDBE results by integrating 

DBE with k-means algorithm. Hence EDBE assures a good 

quality dissimilarity measures for diverse types of given 

large data sets. 

 

The limitations of DBE is summarized as follows 

 

 DBE cannot handle larger datasets. 

 DBE uses complex techniques for smoothing and 

filtering. 

 DBE does not overcome the problem of 

perplexing in CCE. 

 DBE is less reliable than CCE. 

 DBE yields modest better accuracy than CCE. 

 EDBE is proposed to overcome the above said 

drawbacks of DBE. 
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The basic steps involved in EDBE are as listed below 

1. Dissimilarity Transformation and Image 

segmentation: As the information about possible 

cluster in the data is embodied in the dark blocks 

in the RDI, an important preprocessing 

mechanism is used to extract the regions of 

interest. 

2. Directional Morphological filtering of binary 

image: To make the segmented image clearer, 

especially for the cases in which the degree of 

overlap between-clusters is large, morphological 

operations is used to perform binary image 

filtering. 

3. Distance transformation and diagonal 

smoothening of filtered image: In order to convert 

the morphologically filtered image into an 

informative one that clearly shows the dark block 

structure information, it is necessary to consider 

the values of pixels that are along or off the main 

diagonal axis of the image. 

4. Detection of major peaks and valleys in the 

smoothed signal: The number of dark blocks in 

any RDI is equivalent to the number of “major 

peaks” in the smoothening signal. 

5. Applying the k-means algorithm to the major 

peaks: The k-means algorithm is applied to major 

peaks and valleys to generate accurate number of 

clusters. 

The detailed algorithm of EDBE is as given below 

EDBE Algorithm 
1) Start  

2) Find the threshold value „α‟ from „m‟ using Otsu's 

algorithm. 

3) Transform „m‟ in to new dissimilarity matrix „m1‟ 

with m1ij   = 1- exp(-m/α). 

4) Form an RDI image „I1‟ using the previous 

module. 

5) Threshold „I1‟ to obtain a binary image „I2‟ using 

algorithm of Otsu.  

6) Filter „I2‟using morphological operations to 

obtain a filtered binary image „I3‟. 

7) Perform a distance transform on „I3‟ to obtain a 

gray scale image „I4‟and scale the pixel values to [0, 1].  

8) Project the pixel values of the image on to the 

main diagonal axis of „I4‟ to form a projection signal „H1‟. 

9) Smoothen the signal „H1‟ to obtain the filtered 

signal „H2‟ by an average filter. 

10) Compute the first order derivative of „H2‟ to 

obtain „H3‟. 

11)  Find peak position „pi‟ and valley positions „vj‟ 

in „H3‟. 

12)  Select valid peaks by considering some 

conditions and number of valid peaks which gives number 

of clusters. 

13)  Put the number of clusters into k-means 

clustering algorithm and gives very good accuracy. 

14)  Stop  

 

Performance Evaluation of EDBE 

 
Fig. 4.1(a),(b),(c),(d),(e),(f): EDBE with k-means 

Algorithm 

 

The above Fig. 4.1(a)  shows the number of dark blocks 

after computing first order derivative projection signal of 

sample dataset using "smoothing" filter. Fig. 4.1(b) shows 

the number of dark blocks after computing first order 

derivative projection signal of sample dataset using 

"moving" filter. And in Fig. 4.1(c) it is evident that the 

number of dark blocks after computing first order 

derivative projection signal of sample dataset is calculated 

using "sgolay" filter. Fig.4.1 (d)(e)(f) shows the peaks in 

the graphs between positions of Diagonal axis of image 

and Projection value. 

 

Merits of EDBE 

• EDBE handles the larger data sets. 

• EDBE overcomes the problem of perplexing in 

CCE. 

• EDBE is independent of the representation of data 

to be clustered, so long as a pair wise distance matrix is 

available to represent the data. 

• EDBE handles the problem of contiguous 

overlapping regions through morphological operations. 

• EDBE uses simple techniques for smoothing and 

filtering. 
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4.2 Extended Cluster Count Extraction (ECCE) 

ECCE aims to overcome the limitations of CCE. In CCE, 

the histogram is generated by first thresholding and then 

applying the 2-Dimensional Fast Fourier Transformation 

(FFT). It is further continued by window correlation in the 

frequency domain, later by back-transforming to the spatial 

domain and finally by performing the correlated primer 

off-diagonal histogram. The positions of peaks and valleys 

in DBE implicitly correspond to centers and ranges of sub 

blocks (or clusters).  It is hard to observe similar 

phenomenon from the CCE histograms. CCE also counts 

dark blocks in RDIs using a combination of several image 

processing techniques. K-Means algorithm increases the 

accuracy of the CCE compared to that of DBE. 

The limitations of CCE is summarized as follows 

• CCE faces the problem of perplexing (where to 

cut the histogram). 

• CCE is much less reliable than DBE.  

• The results of CCE are less accurate than DBE. 

The detailed algorithm of ECCE is as given below 

ECCE Algorithm 

1) Start  

2) Threshold the RDI image with Otsu‟s algorithm. 

3) Choose a correlation filter ratio of size s. 

4) Apply the Fast Fourier Transform (FFT) to both 

the segmented RDI and the filter. 

5) Multiply the transformed RDI with the complex 

conjugate of the transformed filter. 

6) Compute the inverse FFT for the filtered image. 

7) Take the off-diagonal pixel values (e.g., qth off 

diagonal) of the back-transformed image and compute its 

histogram. 

8) Cut the histogram at an arbitrary horizontal line y 

¼ v and count the number of spikes. 

9) Put the number of clusters into k-Means 

Clustering Algorithm as it gives very good accuracy. 

10) Stop 

Performance Evaluation of ECCE 

 
Fig. 4.2(a),(b),(c): Results of ECCE approach (a) Scatter 

plot of sample data set (b) Ordered VAT image (c) ECCE 

histogram 

The above Fig. 4.2(a) displays the number of clusters over 

attributes A1 with attribute A2 after computing Fast 

Fourier Transformation (FFT) projection signal of sample 

dataset using "smoothing" filter. The above Fig. 4.2(b) 

shows the number of dark blocks over pixel values of 

attribute A1 and A2. After computing Fast Fourier 

Transformation (FFT) projection signal of sample dataset 

using "moving" filter. The above Fig.4.2(c) displays the 

number of valleys over off-diagonal pixel values after 

computing Fast Fourier Transformation (FFT) projection 

signal of sample dataset using "smoothing" filter. 

Merits of ECCE 

• ECCE overcomes the problem of perplexing 

(where to cut the histogram).  

• ECCE is much more reliable than CCE.  

• The results of ECCE are more accurate than CCE. 

• k-Means algorithm increases the accuracy of the 

ECCE to that of CCE 

4.3 Extended Co-VAT 

Extended Co-VAT aims to overcome the limitations of Co-

VAT. In Co-VAT, it takes only rectangular dissimilarity 

matrix D of size m × n, where the elements of D are pair-

wise dissimilarities between m row objects Or and n 

column objects Oc. The union of these disjoint sets Dr ᴜ 

Dc consists of N objects where N = m + n. Clustering 

tendency assessment is a process by which a dataset is 

analyzed to determine the number(s) of clusters present. 

Co-Visual Assessment of Tendency (Co-VAT) algorithm 

is proposed for rectangular data. Co-VAT is a visual 

approach that addresses four clustering tendency questions: 

i) How many clusters are in the row objects? 

ii) How many clusters are in the column objects Oc? 

iii) How many clusters are in the union of the row and 

column objects Or ᴜ Oc? 

iv) How many (co)-clusters are there that contain at least 

one of each type? 

Co-VAT first inputs pair-wise dissimilar values among the 

row objects, and renders a square relational matrix Dr and 

Dc for the column objects and then builds a larger square 

dissimilarity matrix Dr ᴜ Dc. The clustering questions can 

be addressed by using the VAT algorithm on Dr, Dc, and 

Dr ᴜ Dc, where D is reordered by shuffling the reordering 

indices of Dr ᴜ Dc. 

The limitations of co-VAT is summarized as follows 

• Co-VAT works only on rectangular datasets. 

• Computation time is more. 
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• Shows nominal cluster tendency of images in 

“tough” cases (i.e. does not comply with large image 

datasets). 

The detailed algorithm of Extended Co-VAT is as given 

below 

Extended co-VAT Algorithm 

1) Start 

2) Input the rectangular matrix D (m*n). 

3) Build estimates of Dr and Dc. 

4) Build estimate of Dr ᴜ Dc. 

5) Run VAT on Dr ᴜ Dc. 

6) Form the Co-VAT ordered Rectangular 

dissimilarity matrix D*. 

7) Forms a Reordered dissimilarity matrices images 

of D*, D*r , D*c ,and D*rᴜDc 

8) Stop 

 

Performance Evaluation of Extended Co-VAT 

 
Fig. 4.4(a),(b),(c),(d),(e),(f),(g),(h): Results of applying 

Extended Co-VAT algorithm on image dataset 

The above Fig 4.4(a)(b)(c)(d)(e)  show the number of 

clusters  over 'D' (Dissimilarity) as object image after 

computing dissimilarity matrix. It is also observed that Fig 

4.4(f) is obtained from Dissimilarity row wise 

computation. Fig 4.4(g) is obtained from dissimilarity 

column wise computation and Fig 4.4(h) is obtained from 

dissimilarity row union column matrix computation.  

Merits of Extended co-VAT 

• Extended Co-VAT works both for square and 

rectangular matrices m x n (or)     n x n 

• Fast computation time. 

• Shows good cluster tendency of images in 

“tough” cases (i.e. does comply with large image datasets). 

• It works for any size of datasets.  

 

  

5. RESULTS OF PROPOSED APPROACHES 

In order to evaluate the performance of proposed 

approaches, we consider various types of data sets such as 

numerical, character and image. 

5.1 Numerical datasets and Image Data sets: 

The following data sets are taken for comparative study 

1. IRIS Data 

2. WINE Data 

3. IMAGE Data 

5.1.1 IRIS dataset:  

Iris dataset may consist of five attributes such as SL, SW, 

PL, PW and the Class, where Class represents three types 

such as IRIS Setosa, Iris Versicolor, and IRIS Virginica. 

The sepal length, sepal width, petal length, and petal width 

is determined in centimeters. This dataset may consist of 

150 instances where each class will have 50 instances. This 

IRIS dataset was obtained from the UCI website, available 

on this link, https://archive.ics.uci.edu/ml/datasets/Iris. 

This dataset has no missing values. The following may 

represent the summary statistics of the IRIS data.  

5.1.2 WINE data:  

The attributes are filtered pair wise and dissimilarity matrix 

is computed by using the visual assessment of cluster 

tendency algorithm and also the Euclidean distance is 

calculated. The results obtained by applying the DBE to 

this wine data, where the number of clusters formed is 

equal to 3. The first order derivatives at the values of α as 

0.01 and 0.03, which obtains the c value as 3. The 

smoother appearance of the signal is obtained by the larger 

filter values. 

5.1.3 IMAGE Data:  

This face dataset was first used in the paper clustering 

through ranking on manifolds, which is extracted from the 

Yale-B face dataset. This data consists of only single light 

source image. The images are in different poses and with 

different conditions. The total of 576 views of an image is 

present in this dataset. The background details related to 

every subject in the 9 poses are captured. The number of 
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images (n) that are present in this dataset is 1755. Each and 

every image may consist of 30×40 number of pixels. 

5.2 Extended Dark Block Extraction (EDBE) 

The EDBE automatically estimates the number of clusters 

in unlabeled data sets. The dark block extraction method 

combines both the images and the signal processing 

techniques. The reordered dissimilarity matrix is obtained 

by using VAT algorithm which is computed by using the 

Euclidean distances. It shows that the data contains only 

two geometric clusters. By applying this IRIS dataset to the 

EDBE algorithm, it is known that the number of clusters 

obtained is equal to three. This is an encouraging result 

from both the geometric or physical point of view. The 

EDBE is one of the methods which is used to estimate the 

number of clusters in an unlabeled data. This approach 

estimates the number of clusters by diagonally counting the 

number of dark blocks in a reordered dissimilarity image. 

 
   Fig. (a)      Fig. 

(b) 

Fig. 5.1(a), (b): Results on the wine data 

 

In the above mentioned figures, the two main dark blocks 

indicate that the value of cluster count i.e. 'c' is 2. By 

observing the diagonal of an image, it is clear that dark 

blocks are related to the geometric clusters. The larger dark 

block in this VAT image consists of two subspecies. The 

above Fig. 5.1(a) indicates that the number of clusters that 

are formed is equal to 3 as where Fig. 5.1(b) indicates the 

number of clusters as two. 

 
Fig 5.2: Graph for EDBE with k-Means Algorithm 

Fig 5.2 displays the number of clusters as three after 

integrating pre clustering approach EDBE with k-means 

algorithm. The colors of these clusters are indicated in 

green, red and blue. 

5.3 Extended Cluster Count Extraction (ECCE)  

The Extended Cluster Count Extraction is used to count the 

number of clusters in unlabelled datasets which uses the 

VAT algorithm and combination of some image processing 

techniques. This algorithm also counts the number of dark 

block diagonally in an image by using FFT (Fast Fourier 

Transform) which is one of the methods that are used in 

this algorithm.  

The major steps involved here is to compute the FFT and 

also the inverse of 

FFT.  

Fig 5.3: Results on image data 

The results in Fig 5.3 are obtained by applying the visual 

assessment of cluster tendency algorithm to the Face 

dataset. We can observe that in the VAT image, the middle 

dark block in the diagonal axis is divided into two small 

blocks. By applying the DBE algorithm to this data, the 

number of clusters obtained is equal to four, even though 

the number of groups that are present in this data is equal 

to three. 
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Fig 5.4: Graph for ECCE with k-means Algorithm 

Fig 5.4 displays the number of clusters as three after 

integrating pre clustering approach ECCE with k-means 

algorithm. The colors of these clusters are indicated in 

green, red and blue. 

5.4 Extended Co-VAT 

The Extended Co-VAT algorithm displays the cluster 

tendency of the multiple types of rectangular data clusters 

before submitting the k-means Algorithm. It is the Co-

visual assessment of tendency that is mainly proposed for 

the rectangular data. 

 
Fig 5.5: Results on the IRIS data 

Co-VAT first computes row objects pair-wise dissimilarity 

values (i.e. the rectangular relational matrix Dr) and the 

column objects (i.e. the rectangular relational matrix Dc), 

and then builds a larger dissimilarity matrix (i.e. the 

rectangular relational matrix      Dr ᴜ Dc). After computing 

the above three steps of data, Fig 5.5 displays the dark 

block on diagonal, after computing first-order derivative 

signal over the dark blocks. The number of clusters 

displayed is shown on diagonal axis of image. 

 
Fig 5.6: Graph for Extended Co-VAT k-means 

Algorithm 

Fig. 5.6 displays the number of clusters as three after 

integrating pre clustering approach i.e. Co-VAT with k-

means algorithm. The colors of these clusters are shown in 

green, red and blue. 

 

6. COMPARATIVE STUDY 

This section discusses the comparative study of the 

proposed approaches viz., Extended Dark Block Extraction 

(EDBE), Extended Cluster Count Extraction (ECCE), & 

Extended Co-VAT approaches.  

 
Table 6.1:  Data sets used and the number of clusters C 

for the proposed approaches 

 

where N1 – N4 stands for numerical data sets, I1- I4 is 

image data sets.  

The data set characteristics viz., size of datasets, physical 

classes, attributes, number of clusters of EDBE, ECCE and 

Extended Co-VAT are summarized in Table 6.1. 

Evaluation Metrics: The performance of the proposed 

approaches is calculated using constraint partitioning k-

means algorithm and they are computed by means of three 

evaluation measures.  

1. Clustering Accuracy (Ca). 

2. Clustering Error (Ce).  

3. Time Complexity (O(n)) 

The above evaluation metrics are used in the proposed 

approaches 

6.1 Clustering Accuracy: Clustering accuracy is used for 

estimating the performance, which is given as follows: 
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𝑐𝑎  =
1

𝑁𝑑
 𝑁𝑐𝑐
𝑁𝑐
𝑖=1  

where, Nd = Number of data points in the dataset. 

 Nc = Number of resultant clusters. 

 Ncc= Number of data points occurring in both cluster 'N' 

and its   

           corresponding class. 

 

In-order to determine the cluster tendency of data using 

proposed approaches, it can group the data based on 

characteristics using VAT. Correlation of incidence and 

VAT image results  for the proposed approaches viz., 

EDBE,ECCE and Extended Co-VAT with integration of k-

means algorithm for two data sets is as given below. 

 
Fig. 6.1: Number of clusters of IRIS and WINE data 

sets 

 

Fig 6.1 displays three  clusters  after integrating pre-

clustering approaches viz., DBE, CCE and Co-VAT with 

k-means algorithm. The colors of the three clusters are 

indicated in green, red and blue. 

 

5.2 Clustering Error: Cluster 1 is the same as Cluster 2, 

but comparing Cluster 1 and Cluster 2 element-by-element 

leads to Clustering Error. 

Clustering Error is Ce= 1 − Ca 

where, Ce = Clustering Error . 

 Ca =  Clustering Accuracy. 

 

EDBE,ECCE and Extended Co-VAT is run on the given 

data set and it will take 1.130691 sec, 2.130691 sec and 

3.130691 sec respectively to obtain the number of clusters. 

The following Table 6.2 discusses the comparative study 

of the proposed approaches with existing approaches. 

 
Table 6.2: Comparison of Real Data Sets characteristics 

and results using Existing vs. Proposed Approaches 

In Table 6.2, several real-time examples are considered to 

evaluate the performance of proposed approaches viz., 

EDBE, ECCE, and Extended Co-VAT. The tested three 

examples viz., IRIS, WINE and IMAGE data is from UCI 

Machine learning repository. In each data set, VAT image 

is calculated and the corresponding first-order derivative 

and Fast Fourier Transformation is also computed. The 

first order derivative signal is calculated with α=0.03 value 

for comparison of different 'α' values in Cluster Error(α). 

The proposed approaches show results with parameters 

such as cluster accuracy, cluster error and computational 

time. The extended pre-clustering approaches are 

compared with existing approaches by taking the above 

said parameters into account and which significantly 

reduced the computational complexity of estimation of 

cluster count when compared with the existing DBE, CCE, 

Co-VAT algorithms. The integration of pre and post-

clustering techniques results in better computational cost 

and cluster count accuracy.  

7. CONCLUSION AND FUTURE WORK 

 

The novel algorithms that have been represented in this 

thesis estimates the number of clusters in labeled and 

unlabeled datasets. The proposed pre-clustering techniques 

i.e., Extended Dark Block Extraction (EDBE), Extended 

Cluster Count Extraction (ECCE), Extended Co-VAT 

approaches overcomes the limitations of DBE, CCE and 

Co-VAT. The limitations include i) Dark Block Extraction 

(DBE) can‟t handle the large data, ii) Cluster Count 

Extraction (CCE) suffers from perplexing, iii) co-VAT 

works with only rectangular data. 

The extended pre-clustering algorithms improved the 

quality of VAT images, which ideally increased the 

5.3  Time  Complexity:  The  code  corresponding  to
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interpretability of clustering tendency. The post-clustering 

approach i.e. k-means resulted into accurate output of 

number of clusters. The comparative study of existing pre-

clustering  approaches viz., VAT, Co-VAT, DBE, CCE 

with extended approaches viz., Extended Co-VAT, EDBE 

and ECCE has been carried out by simulation and taken 

various sized numerical and real time image datasets (IRIS 

and WINE) as input. The outcome of comparative study is 

that EDBE shows better performance and computational 

efficiency than ECCE and Extended Co-VAT. These 

extended pre-clustering techniques are compared with 

existing approaches by taking the following parameters 

into account i) Cluster Error              ii) Cluster Accuracy 

and iii) Time Complexity and which significantly reduced 

the computational complexity of estimation of cluster 

count when compared with the existing DBE, CCE, Co-

VAT algorithms. The integration of pre and post-clustering 

techniques results into better computational cost and 

cluster count accuracy and have produced a large amount 

of new knowledge resources which leads to new research 

directions for big data sets such as Facebook and Twitter.   
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