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ABSTRACT 

The process of clustering is denoted as data grouping analysis that have a set of data objects and they can be 

defined as distinguished groups or subsets according to the similarity features; assessment of number of clusters is a key 

issue in data clustering problem. The popular k-means may also suffer from the issue of initial number of clusters ‘k’; thus, 

it is noted that k-means may outputs the poor clustering results if user attempts incorrect ‘k’ value. Determining the 

number of clusters for given set of data objects are called as cluster tendency. In k-means, assessing the ‘k’ value is cluster 

tendency for given data. This paper is majorly focused on how to perform effective assessment of cluster tendency for real-

life datasets. Visual access tendency (VAT) is an optimal choice for assessment of clusters or cluster tendency. It finds the 

dissimilarity features using Euclidean metric and uses this matrix for determining the value of cluster tendency. Cosine 

metric is also most successful measure; however it computes the similarity between data objects using a single reference 

point. The proposed work uses multi view-points for measuring the accurate similarity matrix between data objects, and it 

is known as multi view-point based cosine similarity measure (MVS). The proposed MVS-VAT is experimented on 

various datasets for demonstrating better assessment of cluster results when compared to VAT and other related versions of 

VAT.  

 
Keywords: clustering tendency, mean shift, VAT, MVS, clustering validity index measures. 

 

1. INTRODUCTION 

The process of clustering [1] is to assign data 

object to its respective cluster based on computed 

similarity features between objects; generally, the 

similarity features are computed using either Euclidean or 

Cosine metrics [2]. The quality of clusters depends on the 

assessed value of clustering tendency (number of clusters). 

Pre-clusters are not initially defined in some of the 

clustering methods such as k-means [3] graph-based 

clustering approaches [4]. Bezdek proposed VAT [5], [6], 

[7], [8], and [9] for visual assessment of clusters. This 

VAT method follows two key steps, which are as follows: 

1) Pair-wise dissimilarity matrix ‘D’ and it used for giving 

the input of VAT 2) The objects are reordered using 

Prim’s logic i.e. .indices of objects are reordered; this 

reordered dissimilarity image (RDI) is represented as ‘n x 

n’ matrix which highlights the potential clusters along the 

diagonal of resulting image of VAT method and in this 

each squared shaped dark block denotes as a separate 

cluster. Most recently, Timothy C. Havens and James C. 

Bezdek [7] proposed an improved VAT (iVAT) using a 

graph-theoretic data transformation approach. In VAT 

method, the value of clustering tendency is assessed by 

counting the number of square-shaped dark-blocks along 

the diagonal in VAT image. The VAT is greatly succeed 

in assessing of number of clusters and it shows the clusters 

in visual form i.e. it shows each cluster as a separate 

square-shaped dark block. The Mean Shift also assess the 

clusters, however it suffers with band width problem for 

given data. The objective of  MS method [10], [11] is 

same to VAT method but the way of determining the 

cluster tendency approach is done by  mode seeking ide.  

Mean Shift is originally borrowed from image 

segmentation concept [11], in which determining the 

number of colors or number of objects used in image as 

cluster tendency. Recent version of Mean Shift (MS) [18] 

use the cosine distance metric in the problem of speech 

clustering for detecting of number of speaker clusters. The 

success rate of cosine distance metric in MS is higher than 

normal Euclidean distance metric in speech clustering 

problem [11]. Therefore, choice of cosine metric is a good 

either in MS or VAT for assessing the number of clusters. 

The Cosine metric is more robust than Euclidean but we 

use a single view point for calculating the value of 

similarity features between data objects. Cosine distance 

metric uses a single view point, which is an origin. Single 

view point in cosine cannot assess more informative of 

similarity features between a pair of objects.  Duc Thang 

Nguyen et al. [12], [13] proposed an extended cosine 

distance metric by multi view-points. It is possible to get 

more informative assessment of similarity features for a 

set of data objects by multi view-points. This approach is 

commonly known as multi view-point based cosine 

similarity (MVS). Therefore, we can achieve the better 

cluster tendency results in either VAT or MS by MVS 

metric. These extended methodologies are proposed, 

namely, MVSVAT and MVSMS in this paper for 

addressing effective cluster tendency for real life datasets.     

Clustering follows unsupervised approach; however the 

prediction of initial clusters is a sensitive problem. Quality 

of clustering depends on initial number of clusters. In k-

means, external interference is required for assigning the 

value of ‘k’. Sometimes, users may attempt incorrect ‘k’ 
value, such cases assessment of cluster tendency play a 

major role. The validity of clusters is generally determined 

by post clustering methods [14], [15], [16], [17]. These are 

used for .measuring the cluster validity after clustering 

process. The clustering validity gives the clarity about 
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“Are the partitions good for given data”. Obtained number 

of clusters and its validity is checked by different validity 

indices [19] includes Dunn’s Index, C-index, Davies-

Bouldin Index (DB), Silhouette Index, Correlation cluster 

validation. The derived number of clusters and clustering 

partitions can be evaluated i.e. the data members should be 

close in a cluster but the clusters should be well separated.  

Dunn’s Index measures the compactness and separation of 

the cluster. Silhouette index evaluate all the possible 

distances between the clusters. DB Index highlights that 

smaller values are always represent to compact and well 

separated clusters. This paper modified the existing 

techniques of VAT, spectral VAT and MS in MVS cosine 

space that works effectively for real and synthetic datasets 

by different cluster validation index measures. The 

comparative study of proposed methods and traditional 

methods are presented using Euclidean and cosine spaces 

for demonstrating the efficiency in the experimental study.  

 

The contribution of the paper is summarized as 

follows: 

a) The VAT and MS methods are used for detecting the 

number of clusters for real life datasets. 

b) To show automatic assessment of clustering tendency 

by VAT, spectral VAT, and MS using Euclidean and 

Cosine spaces 

c) To develop MVS cosine space using multi view-

points and it is optimal choice than Euclidean and 

Cosine spaces.  

d) In contrast with previous work, this paper proposes 

MVS-VAT and MVS-MS methods that are validating 

by different cluster validity index measures and also 

shows the effectiveness of proposed approaches. 

 

Remaining part of the paper is organised as 

follows: Section 2 illustrates the procedures of VAT and 

MS. Section 3 presents the MVS cosine space. Section 4 

presents the two proposed methodologies, namely MVS-

VAT, and MVS-MS. Experimental results discussion and 

comparative study are presented in Section 5. Section 6 

presents the conclusion with future scope. 

 

2. THE PROCEDURES OF VISUAL ACCESS 

TENDENCY (VAT) AND MEAN SHIFT (MS)  

The VAT method used in clustering for assessing 

the required number of valid clusters. VAT [6] is helps for 

revealing the hidden cluster structure for unlabeled 

datasets and it shows squared shaped dark blocks along the 

diagonal in the resulting VAT image.  Therefore, it is used 

for assessing the clustering tendency that useful for 

estimation of number of clusters ‘c’ in the pre-clustering 

step. Prim’s logic play core logic of VAT that reorder the 

indices of ‘n’ objects and it is an effective procedure for 

showing the clustering tendency in a pure visual form by 

assessing the number of square shaped dark blocks in 

VAT image. The observations made clear from following 

Figure-1a and Figure-1b about assessing the cluster 

tendency in visual form. 

 

 
 

Figure-1a. Dissimilarity matrix ‘R’ and its dissimilarity 

image ‘I’ (before applying the VAT). 

 

 
 

Figure-1b. After applying VAT. 

 

Most common problem of clustering is to get the 

information about number of clusters prior to clustering 

and it referred as cluster tendency. This problem is 

addressed by visual access tendency (VAT) [6] for some 

of datasets. 

 

VAT algorithm [5] 

Input: Dissimilarity Matrix D=[rij], for 1 ≤ i,j ≤ n 

Method: 

Step 1: Set I = { };  

 J = {1,2,…,n};  
 P = (0, 0, …, 0); 
 Select (i,j)arg max p J,q J {rpq} ;  

  Set P(1) = j; 

 ReplaceI = I  {j} and J = J – {j} 

 

Step 2: For t = 2,…, n: 
 Select (i,j)arg min p I,q J {rpq} ;  

 Set P(t) = j;  

 ReplaceI = I  {j} and J = J – {j} 

 

Step 3: Dreordered= [ri j ]= [rP(i)P(j) ] for 1 ≤ i,j ≤ n 

 

For more effective cluster tendency purpose, 

Liang Wang et al. proposed spectral VAT (SpecVAT) [6] 

and it reveals the hidden sub-clusters and clustering 

structure from complex datasets. In irregular clusters, 

clusters are formed with an overlaps i.e. they are not 

smoothly separated. VAT is use the spectral approach 

(SpecVAT) for handling of this issue in which it  maps the 

dissimilarity matrix ‘D’ to ‘DG’ in graph embedded space, 

it reorder the DG by VAT. Mean Shift (MS) is quite 

natural and basic clustering method that finds the clusters 

by a mode seeking approach that uses a non-parametric 

distribution. An intuitive extension approach of MS is 
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based on cosine distance [10]. The mathematical 

convergence of the proof for the sequence of successive 

positions {yi}i-=1,2,..... is described in [20], [21]. MS is 

known as Kernel Density Estimation (KDE). The 

estimated kernel density function ˆ ( )f x at any random 

selected point is as follows: 

 

1

1ˆ( ) in
id

x x
f x k

hnh





 
 
 

                                 (1)  

 

Here k(x) is a kernel function and h is a radial 

width which is depends on type of kernel. If the selection 

of kernel type is ignored then h is becomes tunable 

parameter in the algorithm of MS. The role of h is to 

smooth the estimated density function. The major purpose 

of KDE is to estimate the density function. The algorithm 

of MS is required to find the modes by calculating the 

gradient of the density function f(x). The mathematical 

procedure for estimating the gradient of the density 

function f(x) by ˆ ( )f x is as follows [10] [11] [20] [21]: 
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The Epanechnikov kernel is given by the 

following formula: 
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In the case of uniform kernel g(x), we follows as 
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It should noted that we satisfies as 

 

'( ) ( )k x cg x                       (5) 

 

Then we write the Equation (2) as  
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Therefore, the relevant Mean Shift vector 

expression is 
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This vector defines the differences between the 

current positions from the next position. For making of 

simplicity, we denote the uniform kernel with bandwidth 

parameter h by g(x,xi,h), this is 

 

2 21,
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                   (8) 

 

The function ( , , )ig x x l selects a subset of samples 

(In parzen windows, this subset is refers as a window) 

based on pairwise distances with x are less or equal to the 

given threshold h. The distances are calculated in the 

Euclidean space. We represent mathematically as  

 

 ( ) :h i iS x x x x h                       (9) 

 

The mean shift vector is defined as: 

 

( )h hm x x                     (10) 

 

In equation (10), ( )h x is the sample mean of 

the samples of ( )hS x ,  
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i h
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                    (11) 

 

Iterative steps of calculating the sample mean is 

derived from mean data shifting and it converges a mode 

during peak level of data distribution. During the 

convergence of the Mean Shift process, the respective 

visited samples are assigned to first cluster.  In a similar 

way, some other unvisited samples are visited in the 

second running Mean Shift process, these second running 

process visited sample are assigned to a second cluster. 

We continue this iterative process until we have no visited 

samples.  
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The success of cosine space is well known in 

[22], we organize the process of Mean Shift with cosine 

metric is derived as follows [10]: 

 

 ( ) : ( , )h iS x x D x y h                    (12) 

 

Where D(x,y) is cosine distance between two 

objects x and y is given by: 

 

( , ) 1
x y

D x y
x y

 
    

 

g
                  (13) 

 

The cosine based similarity features are derived 

using above equation and which similarity features are 

optimal than normal Euclidean space. The cosine angle is 

derived between a pair of objects x and y with respect to a 

single view point (i.e origin) in Equation (13). For 

achieving more accurate Mean Shift clustering results in 

cosine space, it is required to use multiple view-points 

instead of a single view point. Multi view-points based 

similarity between objects is explained in the next section.  

 

3. THE MULTI VIEW-POINTS BASED 

SIMILARITY (MVS) COSINE SPACE 

Success rate of clustering of data objects depends 

on similarity measures during computation of similarity 

features between objects and it is well-known that cosine 

is greatly succeed that other metrics.  In cosine space, the 

similarity is determined with respect to an angle between 

two objects with reference of origin.  

Duc Thang Nguyen et al. [12] proposed a 

procedure of finding similarity matrix by MVS in cosine 

space; this matrix is used to extract accurate similarity 

features than a normal cosine space. The authors of [12] 

have taken more than one reference for constructing of 

new concept of similarity. We define a similarity between 

two objects di, and dj w.r.t. different view-points as 

follows and the corresponding equation is shown in 

Equation. (14): 

 

1
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     (14) 

 

The ‘Sr ‘include all objects except di and dj, thus 

we have taken the average similarities between di and dj  

w.r.t. ‘ (n-2)’  number of multiple view-points in MVS 

cosine space.  

From the evidence of practical results of MVS 

cosine space [12], it is clear that to get the more 

informative assessment of similarity than a single 

reference cosine space.  

The techniques of VAT and MS are required to 

input of either similarity matrix (S) or dissimilarity matrix 

(D=1-S) for finding of number clusters. Accuracy of VAT 

and MS are depends on similarity (or dissimilarity matrix). 

This kind of accurate similarity matrix is possible only in 

MVS cosine space. The enhanced algorithms of VAT and 

MS in MVS cosine space are presented in the next section. 

 

4. PROPOSED METHODOLOGIES 

The intuitive work of MVS is plays a vital role in 

both VAT and MS proposed method that extensive ideas 

are presented in the following sub-sections. 

 

A. Multi view-points based similarity VAT 

     (MVS-VAT) 

By default,  Cosine metric [16] uses only a single 

view point or a single reference (i.e origin) during the 

computation of dissimilarity matrix,  but single reference 

may not be sufficient; hence , multiple view-points are 

preferred for producing of  finer results than a single-view 

point approach. This extended approach of MVS-VAT 

always assess accurate cluster tendency for real life 

datasets. The methodology is described as follows.  

The similarity between two objects ‘di
’
 and ‘dj’ is 

calculated with respect to any other view point but not be 

either with ‘di
’
 or ‘dj

’
. Therefore, Equation (14) is 

simplified as follows for clustering.  
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Here 
, ,h h i h

S h
d S d d d dj

D d
  

  is composite vector 

of the all objects except for ‘di
’
 and ‘dj

’
 , ‘CS

’
 is the cetroid 

of ‘DS
’
, and CS=DS/(n-2) 

 

 The present procedure of VAT is extended with a 

concept of MVS (described step-by-step in Equation (15)). 

The outline of extended algorithm called MVSVAT is 

described as follows. 

 

Algorithm:  MVSVAT  

Input: O= {d(1),d(2),d(3),....d(n)}, a set of objects  

Output: RDI, a reordered dissimilarity image (VAT 

Image)  

Method: 

Step1: 

For i1: n do 

For j1:n do 

For h1:n do 

S={ }; 

If ((h≠i) and (h≠j))  
S=S U {d(h)}; 
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Endif 

End for 

( )

( )S
d h S

D d h


 ; 

CS=DS/(n-2); 

( ) ( ) ( ) ( ) 1t t t
ij S SS d i d j d i C d j C    ; 

1ij ijD S  ; 

Endfor  

Endfor  

Dissimilarity Matrix R=D; 

Step 2: Set I = { };  

J = {1,2,…,n};  
P = (0, 0, …, 0); 
Select (i,j)arg max p J,q J {rpq} ;  

Set P(1) = j; 

ReplaceI = I  {j} and J = J – {j} 

Step 3: For t = 2,…, n: 
Select (i,j)arg min p I,q J {rpq} ;  

Set P(t) = j;  

ReplaceI = I  {j} and J = J – {j} 

Step 4: RDI= [ri j ]= [rP(i)P(j) ] for 1 ≤ i,j ≤ n 

 

Step1 derives the dissimilarity features between 

every pair of objects exclusively using MVS cosine space 

and stores these features in matrix ‘R’. The existing work 

of VAT is defined consequently in step2, step3, and in 

step4. In step4, RDI is derived which defines the reordered 

dissimilarity image using a MVS cosine space. This RDI 

is display the MVS-VAT Image for the purpose of 

extraction of number of clusters, and respective part of 

results are explained in the experimental section.  

 

B. Multi view-points based similarity mean shift  

     (MVSMS) 
Aim of MS is to detect the different modes of 

unlabelled data. The meaning of number of modes is 

nothing but number of created clusters during the MS 

processing. Therefore, we detect the number of clusters by 

Mean Shift process for given unlabelled data. More 

recently, an extended MS is described [10] in cosine 

space, which is the latest improvement of Mean Shift. It is 

noted from [12], MVS cosine space is practically proven 

that it give the more informative assessment of similarity 

features than others such as normal Euclidean space and a 

single view-point cosine space. Due to this strong 

inference, further this paper extends the MS method in a 

MVS cosine space for achieving of more assessment of 

either dissimilarity or similarity features. The proposed 

MVS-MS is described as follows. 

                                                                             

Algorithm: MVS-MS 

Input: O={d(1),d(2),d(3),....d(n)}, a set of objects  

Method: 

Step1: 

For i1: n do 

For j1:n do 

For h1:n do 

S={ }; 

If ((h≠i) and (h≠j))  
S=S U {d(h)}; 

Endif 

End for 

( )

( )S
d h S

D d h


 ; 

CS=DS/(n-2); 

( ) ( ) ( ) ( ) 1t t t
ij S SS d i d j d i C d j C    ; 

1ij ijD S  ; 

Endfor  

Endfor  

Dissimilarity Matrix R=D; 

 

Step2:   

Repeat   

Repeat  

( ) { : R( , ) }h i iS x x x x h   

( ) ( )h hm x x x   

( )

1
( )

i h

h i
x S xx

x x
n



  

Until a mode has been found 

Until no more unvisited objects 

 

Finding of dissimilarity features using a MVS 

cosine space is illustrated in step1 of MVSMS and step2 

will be converges at different modes. The experimental 

results discussion and comparative study of our proposed 

approached are illustrated in the following section.  

 

5. EXPERIMENTAL RESULTS DISCUSSION AND 

COMPARATIVE STUDY 

Proposed methods are evaluated on various 

bench-marked datasets, includes, synthetic, audio, and 

other real life datasets. Three measures, namely, clustering 

accuracy (CA) [24], normalized mutual information (NMI) 

[24], and OTSU goodness [23] are used for measuring the 

performance of proposed and traditional methods. 

Description of datasets as follows in Table-1 and used 

synthetic data is depicted in Figure-1.  
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Table-1. Description of the datasets. 
 

Real 

dataset 
Name of the dataset 

No of clusters 
(or Classes) 

R-1 Iris 3 (No of classes) 

R-2 Voting 2( No of classes) 

R-3 Wine 3 

R-4 Seeds 3 

R-5 Speech Data from TSP 2 Speakers data 

R-6 Speech Data from TSP 3 Speakers data 

R-7 Speech Data from TSP 4 Speakers data 

R-8 Speech Data from TSP 5 Speakers data 

 

 
 

Figure-2. Synthetic datasets (S-1 to S-4). 

 

 
a) VAT image      b) SpecVAT image 

 

 
c)  MVS-VAT Image              d) MVS-MS Image 

 

Figure-3. Cluster tendency results for S-4 datasets. 

 
a) VAT image       b) SpecVAT image 

 

 
c)  MVS-VAT image             d) MVS-MS image 

 

Figure-4. Resulting images for R-7 four speaker dataset. 

 

Sample experimental results of proposed VAT 

methods (MVS-VAT and MVS-MS) are shown in Figure-

2 and Figure-4 for synthetic and speech datasets. It is 

observed that clarity of square shaped dark blocks is 

happen more in the proposed methodologies than VAT 

and SpecVAT methods. Number of square shaped dark 

blocks represents the number of clusters or cluster 

tendency for datasets.  VAT and SpecVAT methods create 

an ambiguity about number of clusters because clarity is 

missing in square shaped dark blocks; however it is very 

clear in MVS-VAT and MVS-MS methods.  
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Table-2. Performance measure: goodness (by OTSU). 
 

Real 

Dataset 
VAT SpecVAT MVS-VAT MS-VAT 

S-1 0.9867 0.5933 0.9961 0.9967 

S-2 0.7622 0.6044 0.8886 0.8889 

S-3 0.7100 0.5718 0.8145 0.8145 

S-4 0.7100 0.665 0.9980 0.9980 

R-1 0.8667 0.8667 0.8511 0.8621 

R-2 0.6345 0.6805 0.6121 0.6299 

R-3 0.4264 0.3682 0.3251 0.3256 

R-4 0.7135 0.5337 0.7111 0.7303 

 

Table-3. Clustering accuracy (AC). 
 

Real 

Dataset 
VAT SpecVAT MVS-VAT MS-VAT 

S-1 0.4959 0.7542 0.9384 0.9508 

S-2 0.4981 0.7801 0.9028 0.9416 

S-3 0.4976 0.6587 0.8625 0.9341 

S-4 0.4986 0.5912 0.8688 0.9415 

R-1 0.3969 0.8519 0.4060 0.6405 

R-2 0.2931 0.2029 0.7107 0.7901 

R-3 0.4899 0.4868 0.4058 0.4355 

R-4 0.4581 0.5145 0.4089 0.6446 

 

Table-4. Normalized mutual information (NMI). 
 

Real 

Dataset 
VAT SpecVAT MVS-VAT MS-VAT 

S-1 0.8978 0.0253 0.9666 0.9678 

S-2 0.5249 0.3721 0.7641 0.7644 

S-3 0.5934 0.5214 0.7081 0.7092 

S-4 0.9505 0.5675 0.9922 0.9922 

R-1 0.6563 0.6963 0.6265 0.6665 

R-2 0.091 0.1563 0.0726 0.0856 

R-3 0.1529 0.063 0.0113 0.0123 

R-4 0.3197 0.1978 0.3214 0.3215 

 

From the clustering results of Table-2, Table-3, 

and Table-4, it is noted that MVS-VAT and MS-VAT 

visualize the clusters for a set of data objects more 

effectively than other visual methods VAT and SpecVAT. 

Hence, our proposed methods are superior that other 

existing visual methods.  

 

6. CONCLUSION AND FUTURE SCOPE 

Traditional visual cluster assessment methods are 

useful for accessing the number of clusters prior to 

clustering. However, they showing the less clarity of 

square shaped dark blocks for some of datasets, eg. Speech 

datasets. Cosine metric is most successful metric in speech 

clustering with a single reference point. This paper uses 

multi view-points in cosine similarity measure and this 

metric is used in VAT and traditional Mean Shift methods 

for improving the clarity of visual clusters for various real 

life and speech datasets. Further, there is a scope to extend 

this work on video surveillance date for finding video 

scenes clusters that useful for video forensic applications.  
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