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Abstract. Given a pairwise dissimilarity matrix D of a set of n objects,
visual methods (such as VAT) for cluster tendency assessment generally
represent D as an n X n image I(f)) where the objects are reordered
to reveal hidden cluster structure as dark blocks along the diagonal of
the image. A major limitation of such methods is the inability to high-
light cluster structure in I(]j) when D contains highly complex clusters.
To address this problem, this paper proposes an improved VAT (iVAT)
method by combining a path-based distance transform with VAT. In
addition, an automated VAT (aVAT) method is also proposed to au-
tomatically determine the number of clusters from I(f)) Experimental
results on several synthetic and real-world data sets have demonstrated

the effectiveness of our methods.

Keywords: Visual cluster analysis, cluster tendency assessment, VAT,
path-based distance, chamfer matching.

1 Introduction

A general question in the pattern recognition and data mining community is how
to organize observed data into meaningful structures or taxonomies. As such,
cluster analysis aims at grouping objects of a similar kind into their respective
categories. Given a data set O comprising n objects {01,02,---,0,}, (crisp)
clustering partitions the data into ¢ groups C1,Cs,---,Ce, so that C; N C; =
¢,if i #£ j and C; UCy U ---UC. = O. There have been a large number of
clustering algorithms reported in the recent literature [I]. In general, clustering
of unlabeled data poses three major problems: (1) assessing cluster tendency, i.e.,
how many groups to seek or what is the value of ¢? (2) partitioning the data into ¢
groups; and (3) validating the c¢ clusters discovered. Given a pairwise dissimilarity
matrix D € R™ ™ of O, this paper addresses the problem of determining the
number of clusters prior to clustering.
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Most clustering algorithms require the number of clusters ¢ as an input, so the
quality of the resulting clusters is largely dependent on the estimation of ¢. Vari-
ous attempts have been made to estimate c¢. However, most existing methods are
post-clustering measures of cluster validity [2ITI345J6/7]. In contrast, tendency
assessment attempts to estimate ¢ before clustering occurs. Visual methods for
cluster tendency assessment [SIOITOITTIT2IT3ITAITE] generally represent pairwise
dissimilarity information about a set of n objects as an n x n image, where the
objects are reordered so that the resulting image is able to highlight potential
cluster structure in the data. A “useful” reordered dissimilarity image (RDI)
highlights potential clusters as a set of “dark blocks” along the diagonal of the
image, and can be viewed as a visual aid to tendency assessment.

Our work is built upon one method for generating reordered dissimilarity
images, namely VAT (Visual Assessment of cluster Tendency) of Bezdek and
Hathaway [8]. Several algorithms extend VAT for related assessment problems.
For example, bigVAT [13] and sVAT [I1] offer different ways to approximate the
VAT reordered dissimilarity image for very large data sets. CCE [16] and DBE
[I7] use different schemes to automatically estimate the number of clusters in
the VAT images. In addition, Havens et al. [I§] perform data clustering in or-
dered dissimilarity images, and coVAT [I0] extends the VAT idea to rectangular
dissimilarity data. Naturally, the performance of these VAT-based methods is
greatly dependent of the quality of the VAT images. However, while VAT has
been widely used for cluster analysis, it is usually only effective at highlighting
cluster tendency in data sets that contain compact well-separated clusters. Many
practical applications involve data sets with highly irregular structure, which in-
validate this assumption. In this paper, we propose an improved VAT (iVAT)
approach to generating RDIs that combines VAT with a path-based distance
transform. The resulting iVAT images can clearly show the number of clusters
and their approximate sizes for data sets with highly complex cluster structures.
We also propose a new strategy for automated determination of the number of
clusters ¢ from RDIs, by detecting and counting dark blocks along the main di-
agonal of the image. Experimental results on both synthetic and real-world data
sets validate our methods.

The remainder of the paper is organized as follows: Section 2 briefly reviews
the VAT algorithm. Section 3 illustrates our iVAT algorithm. Section 4 presents
our strategy for automatically determining the number of clusters c. The experi-
mental results on both synthetic and real-world data sets are given and analyzed
in Section 5, prior to conclusion in Section 6.

2 VAT

Let O = {01,092, +,0,} denote n objects in the data and D a pairwise matrix
of dissimilarities between objects, each element of which d;; = d(o;,0;) is the
dissimilarity between objects o; and o;, and generally, satisfies 1 > d;; > 0;d;; =
dji;di; = 0, for 1 < 4,5 <n. Let m() be a permutation of {1,2,---,n} such that
7(7) is the new index for o;. The reordered list is thus {ox(1), -, 0r(n)}. Let P
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be the permutation matrix with p;; = 1 if j = 7(i) and 0 otherwise, then the
matrix D for the reordered list is a similarity transform of D by P, i.e.,

D =P"DP.

The reordering idea is to find P so that D is as close to a block diagonal form
as possible. The VAT algorithm [8] reorders the row and columns of D with
a modified version of Prim’s minimal spanning tree algorithm, and displays a
reordered dissimilarity matrix Dasa gray-scale image. If an object is a member
of a cluster, then it should be part of a sub-matrix with low dissimilarity values,
which appears as one of the dark blocks along the diagonal of the VAT image
(D), each of which corresponds to one potential cluster.

Figureis a scatter plot of 2000 data points in R2. The 5 visually apparent
clusters are reflected by the 5 distinct dark blocks along the main diagonal in
Figure which is the VAT image of the data. Given the image of D in the
original input order in Figure reordering is necessary to reveal the under-
lying cluster structure of the data. VAT reordering produces neither a partition
nor a hierarchy of clusters. It merely reorders the data to (possibly) reveal its
hidden structure, which can be viewed as an illustrative data visualization for
estimating c. Sometimes, hierarchical structure can be detected by the presence
of diagonal sub-blocks within larger diagonal blocks.

() (b)

Fig.1. An example of the VAT algorithm

3 Improved VAT (iVAT)

At a glance, a viewer can estimate the number of clusters ¢ from a VAT image
by counting the number of dark blocks along the diagonal if these dark blocks
possess visual clarity. However, this is not always possible. Note that a dark block
appears only when a compact group exists in the data. For complex-shaped data
sets where the boundaries between clusters become less distinct due to either
significant overlap or irregular geometries, the resulting VAT images may fail to
produce dark blocks even when cluster structure is clearly present. See Figures
and for examples. Different viewers may deduce different numbers of
clusters from such poor-quality images, or worse, not be able to estimate ¢ at
all. This raises the question of whether we can transform D into a new form D’
so that the VAT image of D’ is clearer and more informative about the cluster
structure.
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In [12], SpecVAT combines VAT with graph embedding [19/20] to solve this
problem. SpecVAT first embeds the data into a k-dimensional subspace spanned
by the eigenvectors of the normalized Laplacian matrix and then re-computes
a new pairwise dissimilarity matrix in the embedding subspace as the input of
the VAT algorithm. However, this method depends on two main parameters, one
of which is r for the r-th nearest neighbor based local scale computation when
constructing the affinity matrix from D [21] (for deriving the Laplacian matrix),
and the other is k, the number of eigenvectors used. In particular, k largely
depends on the number of clusters c. Figure 2] gives an example of SpecVAT
images with respect to different values of k. Since ¢ is unknown, a range of k
values need to be used for generating a series of SpecVAT images to find the
‘best’ SpecVAT image that is truly informative of the real structure in the data
(e.g., k = 3 in this case). In contrast, this work adopts a parameter-free method
(called iVAT) by combining VAT with a path-based distance transform.

XN
N

Fig. 2. An example of SpecVAT on synthetic three-circle data set S-3 (¢ = 3)

The path-based dissimilarity measure was introduced in [22]. The intuitive
idea is that if two objects 0;,0; are very far from each other (reflected by a
large distance value d;;), but there is a path connecting them consisting of other
objects such that the distances between any two successive objects are small,
then d;; should be adjusted to a smaller value to reflect this connection. The
adjustment of d;; reflects the idea that no matter how far the distance between
two objects may be, they should be considered as coming from one cluster if
they are connected by a set of successive objects forming dense regions. This
reflects the characteristic of elongated clusters.

Let us treat D as a fully connected graph G, where each vertex corresponds
to an object and the edge weight between vertices ¢ and j is the distance d;;.
Suppose that P;; is the set of all possible paths from o; to o;, then for each
path p € P;;, the effective dissimilarity between objects o; and o; along p is the
maximum of all edge weights belonging to this path. The path-based distance
d;; is defined as

)

d;; = min { max dyp1phe1
iy = min { max dpppppn+1)}
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where p[h] denotes the object at the h-th position in path p and |p| denotes
the length of path p. After obtaining D' = d;;], we reorder it using the VAT
algorithm to obtain the iVAT image (see examples in Figures and. The
iVAT images are almost always clearer and more informative than the original
VAT images in revealing the data structure.

4 Automated VAT (aVAT)

A viewer can simply estimate the number of clusters ¢ (i.e., count the number
of dark blocks along the diagonal of a RDI image if these dark blocks possess
visual clarity). However, as the boundaries between different clusters become
less distinct, the RDI image will degrade considerably with confusing bound-
aries between potential dark blocks. Accordingly, different viewers may deduce
different numbers of clusters from such poor-quality images. Can we automati-
cally determine the number of clusters ¢, as suggested by I(D’), in an objective
manner, without viewing the visual display? To answer this interesting question,
two methods have been developed, i.e., DBE [I7] and CCE [16] (see the algo-
rithm details and comparison in Section 5.3). Here we propose an alternative
method, called aVAT, using some image processing techniques. The process of
aVAT is illustrated in Figure Bl The individual steps are all well known in the
field of image processing, so we do not describe their underlying theories.

Fig. 3. Illustration of the aVAT algorithm. From left to right: scatter plot (n = 100, ¢ =
5), VAT image of (a), iVAT image of (a), binarized image of (c), edge map of (d), DT
image of (e), and detected squares in (f) imposed using red lines.

Since information about possible cluster structure in the data is embodied in
the square dark blocks along the diagonal of a RDI, we propose to detect and
count them using shape-based Chamfer matching [23]. As a preprocessing step,
the RDI is firstly binarized to extract regions of interest (Figure Bld)). Otsu’s
method [24] is used to automatically choose a global threshold. To make within-
cluster distances smaller and between-cluster distances larger (i.e., increasing
contrast) to obtain a more reliable threshold, we transform the image intensities
using a “monotonic” function

fltoy) =1 = exp(~t3,/0?)

where ¢, denotes the intensity value of the image pixel on the location (z,y),
and o is empirically set as the mean value of all pixel intensities.
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Chamfer matching was first proposed by Barrow et al. [25]. Assume that two
point sets are Y = {w;}Y; and V = {VZ}Z 1, the chamfer distance is defined as

cham u V Z mln HuZ VJ”

The symmetric chamfer distance can be obtained by adding depam(V,U). The
chamfer distance between two shapes can be efficiently computed using a dis-
tance transform (DT, Figure B(f)), which takes a binary image as input, and
assigns to each pixel in the image the distance to its nearest feature. We use
Canny edges as image feature points (Figure Be)) and the Euclidean distance
for DT, and the model points are the projected contours of a 2D (rigid) square
template. The distance between the template and the edge map can then be
computed as the mean of the DT values at the template point coordinates.

In general, matching consists of translating, rotating and scaling the template
shape at various locations of the distance image. Fortunately, in the RDI, we
just need to search for squares along the diagonal axis and scale the template
to different sizes to adapt to various cluster sizes. There is no need for template
rotation, because there are no orientation changes in VAT RDIs. This greatly
reduces the complexity of common shape detection using Chamfer matching.
The exact matching cost is ideally 0, but in practice the edges in an image are
slightly displaced from their ideal locations. Thus in our experiments, when the
matching cost lies below a certain threshold 7, the target shape is considered to
have been detected (Figure Bl(g)).

5 Experimental Results

In order to evaluate our methods, we have carried out a number of experiments
on 6 artificially generated data sets, as well as 6 real-world data sets. Unless oth-
erwise mentioned, in the following experiments the (Euclidean) distance matrix
D was computed in the attribute space (if the object vectorial representation is
available). All experiments were implemented in a Matlab 7.2 environment on a
PC with an Intel 2.4GHz CPU and 2GB memory running Windows XP.

5.1 Test Datasets

Six synthetic data sets were used in our experiments, whose scatter plots are
shown in Figure These data sets involve irregular data structures, in which
an obvious cluster centroid for each group is not necessarily available. Six real-
world data sets were also considered to evaluate our algorithms, 3 of which were
taken from the UCI Machine Learning Repository, i.e., Iris, Vote and Multiple
Features. The Face data set [26] contains 1755 images of 3 individuals, each of
which was down-sampled to 30 x 40 pixels. The Gene data set [27] is a 194 x 194
matrix consisting of pairwise dissimilarities of a set of gene products from 3
protein families. The Iris data set contains 3 types of iris plants, 50 instances
each. The Vote data set consists of 435 vote records (267 democrats and 168
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d) Corresponding binarized images of iVAT images

e) Corresponding detected squares using aVAT

Fig. 4. Visual analysis on 6 synthetic data sets

republicans). Votes were numerically encoded as 0.5 for “yea”, -0.5 for “nay” and
0 for “unknown disposition”. The Action data set [28] is an 198 x 198 pairwise
dissimilarity matrix derived from 198 human action clips. The Multiple- Features
(MF) data set consists of binary image features of 10 handwritten numerals, 200
patterns per class. The characteristics of these synthetic and real data sets are
summarized in Table [I

5.2 Results and Analysis

For each of the data sets, we first applied the VAT algorithm. The VAT im-
ages are shown in Figure for synthetic data and Figure for real data,
respectively. It can be seen that the cluster structure of the data in the VAT
images is not necessarily clearly highlighted, especially for complex-shaped data.
Accordingly, viewers have difficulties in giving a consistent result about the num-
ber of clusters, and different viewers may deduce different estimates of c. Next
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Table 1. Summary of results of estimating ¢ using different methods

Data VAT iVAT

Name # attri. n  Manual DBE CCE aVAT Manual DBE CCE aVAT

o
bS]

S1 2 2 2000 >1 6 8 6 2 2 2 2
s2 3 2 26 >2 5 3 3 3 3 3 3
s3 3 2 1800 >1 10 11 11 3 3 3 3
S4 3 33000 - 8 9 7 3 3 3 3
S5 4 2 512 >1 5 5 5 4 4 4 4
S6 5 2 2500 >5 8 6 5 5 5 5 5
Vote 2 16 435 >2 2 2 3 2 2 3 2
Iis 3 4 150 2 3 2 2 2 2 2 2
Gene 3 - 194 >3 3 4 3 3 5 3
Face 3 1200 1755 3ord 4/ 3 6 4 4 5 5
Action 10 - 198 >9 8§ 7 7 o 7 7 7
MF 10 649 2000 >8 9 5 12 8 76 9

AAE - 217 225 225 033 0.83 0.92 0.67

ARE - 0.73 059 0.66 0.07 0.16 0.18 0.14

we carried out our iVAT algorithm for each of the data sets used. The resulting
iVAT images are shown in Figure for synthetic data and Figure for real
data, respectively. In contrast to the original VAT images, the iVAT images have
generally clearer displays in terms of block structure, thus better highlighting
the hidden cluster structure.

Table [l summarizes the number of clusters determined from iVAT images
automatically, along with the results estimated from the VAT and iVAT images
using manual inspection by the authors for comparison. From Table [Il we can
see that

1. The results estimated from the iVAT images by manual inspection are clearly
better than those estimated from the original VAT images by manual inspec-
tion, whether for synthetic or real-world data sets.

2. The results of cluster number estimation from the iVAT images for all syn-
thetic data sets are accurate in terms of the number of real physical classes
(¢p), whether it was estimated automatically by our aVAT algorithm or by
manual inspection.

3. For real-world data sets, some estimates deviate slightly from the number of
real physical classes using our aVAT algorithm.

Overall, these results highlight the benefits of converting D to D’ by the path-
based distance transform for obtaining a good estimation of ¢ (whether auto-
matically or manually). We would like to note several points:

1. Though some estimates are imperfect for the real data, the aVAT algorithm
correctly detected all squares in the binarized images (see Figure . This
suggests that we may need to seek more sophisticated methods of image
binarization (e.g., multiple local thresholds) for avoiding the loss of some
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VAT images. From left to right: Vote iris, gene, face, actlon and MF
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b) Corresponding iVAT images
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¢) Corresponding binarized images of iVAT images

d) Corresponding detected squares using aVAT

Fig. 5. Visual analysis on 6 real data sets

physically meaningful blocks (e.g., for Action data, some small blocks corre-
sponding to different action classes were transferred into a bigger block after
binarization).

2. We could use a ‘square size’ threshold to filter some detected very ‘small’
blocks corresponding to either noise/inliers or subtle sub-structures (e.g., for
Face and Gene data sets).

3. As aside product, for ‘perfect’ iVAT images (such as those of the 6 synthetic
data sets), the exactly detected squares may be directly used to retrieve data
partitions (i.e., each square corresponds to one potential cluster and its size
corresponds to the cluster size).

5.3 Algorithm Comparison

We compared our aVAT algorithm with CCE [I6] and DBE [17] in terms of es-
timating the number of clusters. Note that we did not compare aVAT to index-
based methods for post-clustering assessment of cluster validity, as our interest
is in estimating the number of clusters before clustering. The major steps for
CCE are summarized as follows: 1) Threshold the VAT image with Otsu’s al-
gorithm; 2) Apply the FFT to the segmented VAT and a correlation filter of
size s and multiply the transformed image with the complex conjugate of the
transformed filter; 3) Compute the inverse FFT for the filtered image; 4) Take
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the ¢-th off-diagonal pixel values of the back-transformed image and compute its
histogram; and 5) Cut the histogram at a horizontal line y = b, and count the
number of spikes. The major steps of DBE are summarized as follows: 1) Perform
intensity transform and segmentation of the VAT image, followed by directional
morphological filtering with size of an; 2) Apply a distance transform to the
filtered image and project the pixel values onto the main diagonal axis to form
a projection signal; 3) Smooth the projection signal by an average filter with a
length of 2an, compute its first-order derivative, and then detect the number of
major peaks by ignoring minor ones using a filter with size of 2amn.

As suggested in [I6/17], we used s = 20, ¢ = 1 and b = 0 for CCE and a =
0.03 for DBE. We used both VAT and iVAT images to make our comparisons,
and the results are summarized in Table [l in which we used bold figures to
show that the estimate is equal to the number of real physical classes ¢, and
italic figures to show results that are relatively closer to ¢,. AAE and ARE
represent average absolute error and average relative error between the number
of estimated clusters and the number of real physical classes, respectively. From
Table [ it can be seen that:

1. For synthetic data sets, all of these three methods give correct results when
using the iVAT images, while aVAT and CCE are slightly better than DBE
when using the original VAT images (i.e., 2 correct and 2 closer for aVAT,
1 correct and 3 closer for CCE, and 2 closer to DBE).

2. For real-world data sets plus the use of VAT images, DBE performs best,
then CCE and finally aVAT (i.e., 3 correct and 3 closer for DBE, 2 correct
and 2 closer for CCE, and 1 correct and 2 closer for aVAT); while for real-
world data sets plus the use of iVAT images, aVAT is a little better than
both CCE and DBE (i.e., 1 correct and 4 closer for aVAT, and 1 correct and
3 closer for both CCE and DBE).

3. Specifically, when using iVAT images, aVAT, CCE and DBE yield the same
estimate for the Iris and Action data sets. They all yield acceptable (but
different) estimates for the Gene and Face data sets. They disagree for the
Vote and MF data sets.

Overall, these three methods are comparable to each other and there is no clear
winner (at least based on the results on these data sets used currently). However,
we can see that the positions of peaks and valleys in the projection signal in DBE
implicitly correspond to centers and ranges of sub-blocks (or clusters). It is hard
to see a similar phenomena from the CCE histograms. In contrast, aVAT is
better in this aspect because it ezplicitly shows the number of clusters, positions
and ranges of each block (or clusters) within the image itself, in a more intuitive
manner.

6 Conclusion

This paper has presented a new visual technique for cluster tendency assess-
ment. Our contributions include: 1) The VAT algorithm was enhanced by using
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a path-based distance transform. The iVAT algorithm can better reveal the hid-
den cluster structure, especially for complex-shaped data sets. 2) Based on the
iVAT image, the cluster structure in the data can be reliably estimated by vi-
sual inspection. As well, the aVAT algorithm was proposed for automatically
determining the number of clusters c. 3) We performed a series of primary and
comparative experiments on 6 synthetic data sets and 6 real-world data sets,
and our methods obtained encouraging results.

In addition to further performance evaluation on more data sets with various
structures, future work will mainly focus on increasing the robustness of our
algorithms; e.g., exploring more sophisticated image thresholding methods [29)
and robust path-based distance computation [30].

References

1. Xu, R., II, D.W.: Survey of clustering algorithms. IEEE Transactions on Neural
Networks 16(3), 645-678 (2005)

2. Maulik, U., Bandyopadhyay, S.: Performance evaluation of some clustering algo-
rithms and validity indices. IEEE Transactions on Pattern Analysis and Machine
Intelligence 24(12), 1650-1654 (2002)

3. Hu, X., Xu, L.: A comparative study of several cluster number selection criteria. In:
Liu, J., Cheung, Y.-m., Yin, H. (eds.) IDEAL 2003. LNCS, vol. 2690, pp. 195-202.
Springer, Heidelberg (2003)

4. Bezdek, J.C., Pal, N.R.: Some new indices of cluster validity. IEEE Transactions
on System, Man and Cybernetics 28(3), 301-315 (1998)

5. Tibshirani, R., Hastie, G.W.,, T.: Estimating the number of clusters in a dataset
via the gap statistics. Journal of the Royal Statistical Society. Series B, Statistical
Methodology 63(2), 411-423 (2001)

6. Calinski, R.B., Harabasz, J.: A dendrite method for cluster analysis. Communica-
tions in Statistics 3(1), 1-27 (1974)

7. Dunn, J.C.: Indices of partition fuzziness and the detection of clusters in large sets.
Fuzzy Automata and Decision Processes (1976)

8. Bezdek, J.C., Hathaway, R.J.: VAT: A tool for visual assement of (cluster) ten-
dency. In: International Joint Conference on Neural Networks, vol. 3, pp. 2225-2230
(2002)

9. Tran-Luu, T.: Mathematical Concepts and Novel Heuristic Methods for Data Clus-
tering and Visualization. PhD Thesis, University of Maryland, College Park, MD
(1996)

10. Bezdek, J.C., Hathaway, R., Huband, J.: Visual assessment of clustering tendency
for rectangular dissimilarity matrices. IEEE Transactions on Fuzzy Systems 15(5),
890-903 (2007)

11. Hathaway, R., Bezdek, J.C., Huband, J.: Scalable visual assessment of cluster ten-
dency. Pattern Recognition 39(7), 1315-1324 (2006)

12. Wang, L., Geng, X., Bezdek, J., Leckie, C., Kotagiri, R.: SpecVAT: Enhanced visual
cluster analysis. In: International Conference on Data Mining, pp. 638647 (2008)

13. Huband, J., Bezdek, J.C., Hathaway, R.: bigVAT: Visual assessment of cluster
tendency for large data sets. Pattern Recognition 38(11), 1875-1886 (2005)

14. Ling, R.: A computer generated aid for cluster analysis. Communications of the
ACM 16(6), 355-361 (1973)



15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

iVAT and aVAT: Enhanced Visual Analysis 27

Rousseeuw, P.J.: A graphical aid to the interpretations and validation of cluster
analysis. Journal of Computational and Applied Mathematics 20(1), 53-65 (1987)
Sledge, 1., Huband, J., Bezdek, J.C. (Automatic) cluster count extraction from
unlabeled datasets. In: Joint International Conference on Natural Computation
and International Conference on Fuzzy Systems and Knowledge Discovery, vol. 1,
pp. 313 (2008)

Wang, L., Leckie, C., Kotagiri, R., Bezdek, J.: Automatically determining the num-
ber of clusters in unlabeled data sets. IEEE Transactions on Knowledge and Data
Engineering 21(3), 335-350 (2009)

Havens, T.C., Bezdek, J.C., Keller, J.M., Popescu, M.: Clustering in ordered dis-
similarity data. International Journal of Intelligent Systems 24(5), 504-528 (2009)
Belkin, M., Niyogi, P.: Laplacian eigenmaps and spectral techniques for embedding
and clustering. Advances in Neural Information Processing Systems 14, 585-591
(2002)

Chung, F.: Spectral graph theory. In: CBMS Regional Conference Series in Math-
ematics, American Mathematical Society, vol. 92 (1997)

Zelnik-Manor, L., Perona, P.: Self-tuning spectral clustering. Advances in Neural
Information Processing Systems 17, 1601-1608 (2004)

Fisher, B., Zoller, T., Buhmann, J.: Path based pairwise data clustering with ap-
plication to texture segmentation. In: Figueiredo, M., Zerubia, J., Jain, A.K. (eds.)
EMMCVPR 2001. LNCS, vol. 2134, pp. 235-250. Springer, Heidelberg (2001)
Thayananthan, A., Stenger, B., Torr, P., Cipolla, R.: Shape context and chamfer
matching in cluttered scenes. In: International Conference on Computer Vision and
Pattern Recognition, vol. 1, pp. 127-133 (2003)

Otsu, N.: A threshold selection method from gray-level histograms. IEEE Trans-
actions on Systems, Man, and Cybernetics 9(1), 62-66 (1979)

Barrow, H.G.: tenenbaum, J.M., Bolles, R.C., Wolf, H.C.: Parametric correspon-
dence and chamfer matching: Two new techniques for image matching. In: Intter-
national Joint Conference on Artificial Intelligence, vol. 2, pp. 659-663 (1977)
Breitenbach, M., Grudic, G.: Clustering through ranking on manifolds. In: Inter-
national Conference on Machine Learning, vol. 119, pp. 73-80 (2005)

Pal, N., Keller, J., Popescu, M., Bezdek, J.C., Mitchell, J., Huband, J.: Gene
ontology-based knowledge discovery through fuzzy cluster analysis. Journal of Neu-
ral, Parallel and Scientific Computing 13(3-4), 337-361 (2005)

Wang, L., Leckie, C., Wang, X., Kotagiri, R., Bezdek, J.: Tensor space learn-
ing for analyzing activity patterns from video sequences. In: ICDM Workshop on
Knowledge Discovery and Data Mining from Multimedia Data and Multimedia
Applications, pp. 63-68 (2007)

Sezgin, M., Sankur, B.: Survey over image thresholding techniques and quantitative
performance evaluation. Journal of Electronic Imaging 13(1), 146-165 (2004)
Chang, H., Yeung, D.Y.: Robust path-based spectral clustering with application
to image segmentation. In: International Conference on Computer Vision, vol. 1,
pp. 278-285 (2005)



	iVAT and aVAT: Enhanced Visual Analysis for Cluster Tendency Assessment
	Introduction
	VAT
	Improved VAT (iVAT)
	Automated VAT (aVAT)
	Experimental Results
	Test Datasets
	Results and Analysis
	Algorithm Comparison

	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




