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Abstract:
Cluster analysis is a popular technique for the
classification of data objects based on similarity features.
Top-clustering methods are majorly facing the problem
of cluster tendency. Estimation of the number of clusters
for unlabelled data is known as cluster tendency. Existing
visual techniques, visual access tendency (VAT), and
cosine-based VAT (cVAT) are used to enable the prior
knowledge about the clustering tendency, in which
similarity features are computed using distance metrics
Euclidean and cosine. In a cosine metric, similarity
features are computed using both the magnitude and
direction of the data vectors for the pair of data objects.
Thus, cluster tendency is also effectively determined
using cVAT in some datasets. However, only a single
viewpoint (i.e. origin) is taken as the reference in the
computation of similarity features among data objects.
For the more informative assessment, cosine-based
spectral features are used in our proposed work to obtain
a real cluster tendency visually to get an efficient
clustering result. Performance analysis is conducted in
the experimental study using various benchmarked
datasets for demonstrating the efficiency of proposed
cosine based spectral VAT (CS-VAT).
Abstract: Cluster Analysis, Cluster Tendency, Similarity
Features, Visual Technique, Viewpoints

1. Introduction
Data clustering is an essential technique for making
the data partitions of unlabelled data. Various
applications of data clustering are text clustering
[3], gene analysis [14], image clustering [15], video
mining [13], e-commerce etc. It poses the key
problem of cluster tendency. In top-clustering
methods [17], the unknown value of cluster
tendency 'k' is attempted (in k-means) with external
interference i.e., the user must guess the correct 'k'
value, some cases, it may be intractable. Bezdek et
al. proposed the visual technique, VAT, for an
assessment (or an estimation) cluster tendency, in
which dissimilarity features are computed using
distance measures [18], the matrix is reordered for
finding the visual clusters in the form of black
coloured square blocks in the diagonal of resulting
visual image of VAT. Pre-cluster estimation is the
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The significant idea of VAT, which useful for
getting the quality of clusters. Euclidean or cosine
metrics are used in VAT, cosine-based VAT
(cVAT) [1], respectively, for the pre-estimation of
clusters for the synthetic and real-life datasets. In
some applications, like speech clustering [12], and
text clustering [16], cVAT performs as the best
compared to VAT due to the fact of both magnitude
and direction of data vectors are considered while
measuring either similarity or dissimilarity between
any pair of data objects. Measuring the similarity
between pair data objects are performed for origin
in cosine distance measure. It means cosine distance
measure uses only a single viewpoint (i.e., origin)
and unable to use other reference points. Thus, for
the significance of multi-viewpoints, visual
technique, cVAT is extended with spectral features
for accessing the more informative assessment in
similarity (or dissimilarity) features computation,
its proposed technique known as cosine based
spectral VAT (CS-VAT). Its procedural steps are
shown in Fig. 1. Initially, the data matrix is derived
for the set of data objects and with their property
values. Derive the spectral features for the set of
data objects with the finding of normalized
Laplacian matrix, which derived from two matrices,
say, diagonal matrix 'M' of weighting matrix 'W'
and it is shown in Eqn. (1)
𝐿1 = 𝑀−1/2 𝑊𝑀−1/2

(1)

Find the cosine similarity for the spectral features
of data objects with respect to a single viewpoint
i.e., origin. The affinity or weighting matrix 'W' is
computed as per the Eqn. (2), in which distance
with nearest neighbors taken for smoothing the
data clustering results.
𝑊𝐼𝐽 = exp (−

𝑑𝑖𝑗 𝑑𝑗𝑖
𝜎𝑖 𝜎𝑗

) 𝑓𝑜𝑟 𝑖 ≠ 𝑗

(2)

Where dij refers to the dissimilarity between data
objects di and dj, 𝜎𝑖 refers to the nearest kth
neighbour with data object di and 𝜎𝑗 refers to the
nearest kth neighbour with data object dj.
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Reordered dissimilarity matrix ‘RD’ is derived for
obtained Laplacian matrix using VAT, namely,
Dissimilarity ‘L1'. With the RD, the indices of the
objects are reordered according to multiviewpoints similarity features.
Input:
Set of Data Objects
{d1, d2, …. d N}
for the Dataset

Form the Data Matrix based on Data
Objects Properties

Determine the Weighting or Affinity
Matrix, and its diagonal matrix, which is
W and M, respectively

Norm (di, dj) = Normalize (Laplacian
Matrix))

Choose ‘k’ largest Eigen Vectors for the
Spectral Features Extraction, Apply cVAT
Get Reordered Dissimilarity Matrix

Output:
Display Visual Image of RDM
Cluster Tendency and Effective Clustering
Results are Derived
Fig. 1 Procedural Steps for Proposed CS-VAT

Finally, visual clusters are estimated with counting
of appeared black coloured dark blocks found in
the visual image's diagonal. Complete clustering
results are also obtained with the crisp partitions of
RD visual image.
Contributions of the proposed work are presented
as follows:
1. Spectral features are derived for finding
accurate similarity features among data
objects
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2. Visual image is displayed based on reordered
spectral dissimilarity features of data objects
3. The best assessment of cluster tendency is
performed with cosine based spectral VAT
Image (CS-VAT Image)
4. Discover the robust clustering results by
deriving the crisp partitions of CS-VAT
Images
5. Demonstrate the efficiency of proposed work
with several benchmarked synthetic and reallife datasets
The paper's remaining sections are described as
follows: Section 2 presents the background study
of the work; Section 3 discusses the proposed
work; Experimental study is described in Section 4.
Finally, the conclusion and scope of the work are
presented in Section 5.

2. Background Study
Data clustering [8] is the technique of unsupervised
classification. Popular techniques are k-means [9],
minimum-spanning-tree (MST) based approaches
[10], and other methods described in [1]. These
techniques are recommended in real-time
applications. These techniques need the prior value
of 'k' for the quality of clustering results. The
estimation of 'k' for the given dataset is known as
cluster tendency.
Pre-assessment of cluster
tendency is the primary problem in such data
clustering algorithms. Objects are classified into
several clusters based on their similarity features.
Pre-initialized clusters help for the quality of data
clustering. Its issue is focused on this paper with the
in-depth study of relevant work. Many algorithms
are surveyed for determining the pre-cluster
tendency. Bezdek et al. proposed a visual access
tendency (VAT) [2] algorithm for the attracted
visual based cluster tendency assessment results. In
VAT, initially object’s dissimilarity values are
computed using an Euclidean distance and formed
the dissimilarity matrix ‘DM’; reordering the
dissimilarity matrix is performed with basic Prim’s
[11] algorithm, in which objects indices are
changed according to their similarity features. The
image of RDM is displayed- the reordering of
objects indices shown finally as a set of clusters, and
it is reflected and shown with square black coloured
blocks while displaying the RDM image. This
image is known as VAT Image. Estimation of preclusters is determined with the count of the number
of black or grey coloured blocks. Sample VAT
outputs are shown in Fig. 2
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3. Proposed Work
I=

(a) Dissimilarity matrix ‘DM’ and its dissimilarity image ‘I’ (before
applying the VAT)
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I=

(b) After applying VAT, Re-ordered dissimilarity matrix (RDM), and
its image ‘I’

Fig. 2 Visual Method – VAT- Illustrative Example

Spectral VAT (SpecVAT) [4] uses data objects'
spectral features for the better data clusters
assessment and is expensive for large datasets.
Another method, cVAT [19] uses the cosine
measure for computing the similarity features
among the data objects, which show impressive
results in specific applications like text and speech
clustering. State-of-the-art of VAT methods assess
cluster tendency effectively with a Euclidean and
cosine distance measures. It noted that cosine is
preferable due to its stunning results in data clusters
assessment—a single viewpoint used in cVAT for
pre-clusters assessment for the synthetic datasets
and real-life datasets.
Hybrid clustering methods are proposed in [2],
which combines the visual techniques and
traditional methods, k-means, and MST-based
clustering approaches. These hybrid approaches are
VAT-based-k-means,
and
VAT-based-MSTclustering algorithms [20] uses the cluster tendency
value in k-means and MST-based clustering
approaches. These techniques enable cluster
tendency and clustering results. The problem of
hybrid approaches is the processing complexity in
terms of time and memory allocation. The problem
is effectively handled in [1] with the visualized
clustering approach (VCA), and it derives the crisp
partitions instead of reusing the traditional
algorithms, unlike k-means and MST-based
clustering approaches. It is less expensive and
produces the quality of data clustering results than
hybrid clustering methods. Cosine based VCA is
the best choice for data clustering. The extended
idea of cosine based spectral VAT and the
development of cosine based spectral- VCA (CSVCA) are described in the following section.

Volume XII, Issue X, 2020

ISSN No : 1006-7930

The proposed work uses spectral features while
performing the similarity features computation.
Here, the largest k-eigenvectors are computed from
the Laplacian matrix, in which affinity values of
data objects are computed to k-nearest neighbours;
it has taken the more informative assessment with
k-neighbours. Weighted matrix W and diagonal
matrix are the primary computation sources for
deriving the spectral features. The critical formulas
involved in the work is shown in Eqn. (3)
CS (di , dj ) = ∑N
i,j=1 and i !=j cosine(di , dj ),

(3)

Where di and dj are collected from k-largest
Eigenvectors of ith and jth rows of Eigen matrix of
Laplacian matrix
Following algorithm 1 describes the procedural
steps of cosine based spectral VAT (CS-VAT)
Algorithm 1: CS-VAT
Input :
Set of data objects with size of N, {d1, d2
,……..dN}
Output:
Cluster Tendency – k
Methodology:
1. Find the data matrix of DM with the
properties (or values) for the set of
documents {d1, d2 ,……..dN}
2. For i = 1 to N
Compute affinity scale 𝜎𝑖 for the ith data
object using nearest kth nearest
neighbour, 𝜎𝑖 = 𝑑(𝑑𝑖 , 𝑑𝑘 )
For j = 1 to N
Compute affinity scale 𝜎𝑗 for the jth
data
object using nearest kth
nearest neighbour, 𝜎𝑗 = 𝑑(𝑑𝑗 , 𝑑𝑘 )
Compute Wij using Eqn. (3)
End for
End for
3. Determine the diagonal matrix ‘M’ of W
and construct the Laplacian matrix L1
using Eqn. (1)
4. Select the first k-largest Eigen vectors of
L1 and form the matrix spectral based data
matrix, S-DM with size of N x k (for N data
object with ‘k’ Eigen vectors)
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5. Apply cVAT on S-DM in order to find the
cosine
based
spectral
re-ordered
dissimilarity matrix (CS-RDM)
6. Display the image or heatmap of CS-RDM
7. Access the cluster tendency ‘k’ with the
informative counting assessment of
square-shaped black (or grey) coloured
blocks appeared in the CS-RDM image
8. Return k
Based on data objects' properties, the data matrix is
derived in step 1 of algorithm 1. Step 2 shows the
computation of affinity values of data objects based
on k-nearest neighbours. Further, weighted matrix
and diagonal matrices are derived with reference to
affinity values in order to determine the
corresponding Laplacian matrix L1 and it shown
step 3. Spectral features are selected with the
largest-k-Eigenvectors and respective matrix SDM, which denotes the spectral based data matrix
with size of N x k for the N documents and
illustrated in Step 4. In step 5, cVAT is applied, in
which cosine based spectral dissimilarity (or
similarity matrix is derived and its heatmap image
shown in Step 6 for the visual clusters information.
Clusters estimation is accessed with black coloured
blocks along the diagonal of CS-RDM image in
step 7 and returns the value of numbering clusters
'k' in step 8.
Algorithm 2: CS-VCA
Input:
CS-RDM – cosine based spectral
reordered dissimilarity matrix
Cluster tendency – k
Output:
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step 2 is taken for the derivations of the crisp
partition matrix and its explained in step 4 of
algorithm 2. Associated cluster labels of data
objects are derived from the crisp partition matrix
information, then the complete clusters for the data
objects are discovered, which is illustrated in step
5.
The proposed work develops the data clusters
assessment methods based on spectral with two
algorithms CS-VAT, and CS-VCA. Supporting
experimental study is discussed in the following
section.

4. Experimental Study
Performance of visual techniques, existing and
proposed CS-VAT, are evaluated and compared in
the demonstration of experimental conduced
benchmarked synthetic and real-life datasets. Data
sets, Goodness of visual images, and performance
study are presented in the following sub-sections.
4.1 Datasets
Synthetic datasets shown in Fig. 3 are generated,
and real-life datasets of [5] used (which are
mentioned in Table 1) in our experiment. Synthetic
datasets are generated by fixing the appropriate
mean and covariance values between the data
points in two-dimension space.
Table 1: Details of Real-life datasets
Real-life
dataset
R-1
R-2
R-3
R-4

Name of the
Dataset
Seeds
Iris
Voting
Wine

Number of Clusters
3
3
2
3

Data clusters

Methodology
1.

2.
3.
4.
5.

Pick the cluster tendency ‘k’ and CS-RDM
from CS-VAT for the set of data objects
{d1, d2 ,……..dN}
Display the heatmap or image of CS-RDM
Derive the crisp partitions of CS-RDM
Find the cluster labels of data objects with
the information of crisp partitions
Discover the data clusters by placing the
data objects into respective clusters
according to cluster labels of data objects.

CS-VCA derives the complete clusters information
with the accessed value of cluster tendency 'k' in
CS-VAT algorithm. A visual heatmap image of
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Fig. 3. Synthetic Datasets
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4.2 The goodness of Visual Images
Visual images of VAT, cVAT (existing methods)
and CS-VAT (proposed method) are displayed in
Fig. 4 for comparative analysis. With the
observation of visual images, it noted that CS-VAT
had shown the excellent clarity of visual images
compared to VAT, cVAT images.

VAT

cVAT
CS-VAT
(a) Synthetic Data – S1

Thus, there is possible for the good assessment of
cluster tendency with CS-VAT images. Clarity or
goodness of images are obtained through OTSU and
presented in Table 2. The goodness of images is
indicated with bold font. MV-VAT images score
more goodness as per achieved results from this
table.
Suppose the number of pixels are denoted with L
grey levels i.e., {1,2,….L} and N=n1+ n2 +…….+
nL, here ni defines the number of pixels consists of
‘i’ intensity. Background and foreground (squareshaped clusters) objects information is accessed
with two classes, namely, C0 and C1; whereas C0
and C1 represents the pixels with grey level sets
{1,2,…k}, and {k+1,….L}respectively.
𝜇0 = ∑𝑘𝑖=1 𝑖𝑃𝑟(𝑖|𝐶0 ) =

VAT

cVAT
CS-VAT
(b) Synthetic Data – S2

𝜇(𝑘)
𝑤(𝑘)

𝜇1 = ∑𝑘𝑖=1 𝑖𝑃𝑟(𝑖|𝐶0 ) =

𝜇𝑇 −𝜇(𝑘)
1−𝑤(𝑘)

𝑤(𝑘) = ∑𝑘𝑖=1 𝑝𝑖 𝑎𝑛𝑑 𝑝𝑖 =

𝑛𝑖
⁄𝑁 ; ∑𝐿𝑖=1 𝑝𝑖 = 1 (6)

𝜇(𝑘) = ∑𝑘𝑖=1 𝑖𝑝𝑖
𝜇 𝑇 = 𝜇(𝐿) = ∑𝑘𝑖=1 𝑖𝑝𝑖

VAT

VAT

cVAT
CS-VAT
(c) Synthetic Data – S3

cVAT
CS-VAT
(d) Synthetic Data – S4

cVAT
CS-VAT
(e) Synthetic Data – S5

cVAT
CS-VAT
(f) Synthetic Data – S5
Fig. 4: Visual Image Clusters for the Visual Techniques
(Top-Bottom for S1 to S6 Datasets, Left-to- Right for
VAT, cVAT, CS-VAT Visualized Clustering Results)
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(7)
(8)

In the measure of cluster (or class) separability,
Eqn. (11) to (13) are used and which indicate the
within-cluster variance, between cluster-variance,
and the total variance of levels.
(11)
(12)
(13)

The optimal threshold is selected ‘k’ is selected in
such a way that it maximizes the following OTSU
Eqn. (14)
𝑛(𝑘) =

VAT

(5)

Variances are computed using Eqn. (9) and (10)
𝑝
𝜎02 = ∑𝑘𝑖=1(𝑖 − 𝜇0 )2 ( 𝑖⁄𝑤0 )
(9)
𝑝
𝑘
2
2
𝑖
𝜎1 = ∑𝑖=1(𝑖 − 𝜇1 ) ( ⁄𝑤1 )
(10)

𝜎𝑤2 = 𝑤0 𝜎02 + 𝑤1 𝜎12
𝜎𝐵2 = 𝑤0 𝑤1 (𝜇1 − 𝜇0 )2
𝜎𝑇2 = ∑𝐿𝑖=1(𝑖 − 𝜇𝑇 )2 𝑝𝑖

VAT

(4)

𝜎𝐵2 (𝑘)
⁄ 2
𝜎𝑇

(14)

Table 2: Goodness of Images of Visual Techniques
Dataset
VAT
cVAT
CS-VAT
R-1
0.465
0.481
0.759
R-2
0.396
0.512
0.640
R-3
0.291
0.443
0.789
R-4
0.458
0.532
0.644
S-1
0.465
0.509
0.786
S-2
0.489
0.612
0.684
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S-3
S-4
S-5
S-6

0.479
0.496
0.917
0.496

0.521
0.332
0.651
0.765

0.663
0.999
0.999
0.866

Table 3: Clustering Accuracy (CA) of Images of
Visual Techniques
Dataset
VATcVATCS-VATVCA
VCA
VCA
R-1
0.814
0.814
0.885
R-2
0.866
0.866
0.921
R-3
0.581
0.583
0.791
R-4
0.713
0.711
0.730
S-1
0.375
0.375
0.375
S-2
1
1
1
S-3
0.63
0.63
0.72
S-4
0.518
0.518
0.52
S-5
1
1
1
S-6
0.796
0.718
0.961
Table 4: Normalized Mutual Information of Images
of Visual Techniques
Dataset
VATcVATCS-VATVCA
VCA
VCA
R-1
0.497
0.497
0.647
R-2
0.696
0.692
0.712
R-3
0.111
0.121
0.221
R-4
0.458
0.512
0.644
S-1
0.251
0.251
0.251
S-2
1
1
1
S-3
0.49
0.49
0.59
S-4
0.368
0.368
0.465
S-5
1
1
1
S-6
0.551
0.457
0.856
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values of both CA and NMI observed that CS-VCA
scores the best values compared to VAT-VCA and
cVAT-VCA. CS-VAT has a good visual image for
showing the data clusters, and its crisp clustering
partitions are also generated as the best. Data
clustering of CS-VCA depends on CS-VAT visual
crisp partitions; thus, CS-VCA is significantly
improved compared to other visual techniques.

Fig. 5 Empirical Analysis of Visual Techniques (with CA)
for Synthetic Data

4.3 Performance Evaluation
Two measures are used, i.e. clustering accuracy
(CA) [6], and normalized mutual information
(NMI) [7 ] are taken for the performance evaluation
of visual techniques. Formulas of CA and NMI are
shown in Eqn. (15) and (16), respectively.
CA =

∑N
i=1 δ(gi ,fi )

Fig. 6 Empirical Analysis of Visual Techniques (with CA)
for Real-life Data

(15)

N

whereδ(g i , fi ) = 1 if and only if g i = fi
g i , fi is referred to the ground and obtained cluster
labels for the ith data object.
nij

NMI =

∑ci=1 ∑k
j=1
√(∑ci=1

n

nij n

logn n
i. .j

−nj.
nj.
−ni.
n
log i. )(∑k
j=1 n log n )
n
n

(16)

Where,𝑛𝑖. = ∑𝑘𝑗=1 𝑛𝑖𝑗 , 𝑛.𝑗 = ∑𝑐𝑖=1 𝑛𝑖𝑗 , 𝑛, 𝑐,
𝑘 are denoting the total number of data objects,
clusters, and estimated classification of clusters
respectively—performance of visual techniques
described in Table 3 and Table 4 shown using CA
and NMI respectively. Higher values of CA and
NMI indicates the best clustering results. The
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Fig. 7 Empirical Analysis of Visual Techniques (with
NMI) for Synthetic Data
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3.

Fig. 8 Empirical Analysis of Visual Techniques (with
NMI) for Real-life Data

A graph-based empirical analysis for the visual
techniques shown in Fig. 5 and Fig. 6 for synthetic
and real-life datasets, respectively. It stated that
CS-VCA achieves good CA empirical values. The
same observation is made in the empirical analysis
of NMI values in Fig. 7 and Fig. 8, respectively.
In the experimental, cosine-based similarity
features are computed with (N-2) viewpoints. For
large datasets or big datasets, it demands more
computational time and memory allocations. In
future work, it recommends developing the
scalable visual techniques for the large datasets.

5. Conclusion and Scope of the Work
The visual techniques are widely used for the
estimation of cluster tendency in data clustering
problems. Existing techniques use the Euclidean
and cosine distance measures for finding the
similarity features of data objects, in which cosine
is recommended for the best assessment of cluster
tendency in various applications. However, it uses
a single viewpoint in the similarity features
computation among the data objects. Our proposed
work uses the spectral features; thus, it discovers
the robust clustering results in the experimental
study. Due to improving the scalability feature, it
suggests that develop scalable visual techniques for
large datasets.
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