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Abstract: This paper presents a new approach to pattern clas-
sification. Two methods are combined, namely a graphical
interactive method involving the motion of an observer in a
multidimensional space and the Iterative Adjustments About
Mobile Centers. The former method transforms the multi-
dimensional space into a bidimensional space allowing the
visualisation of clusters. In case of overlapping data, when a
user is not capable of decision- making, the Iterative Adjust-
ments About Mobile Centers for an automatic problem- solv-
ing can be introduced.
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Introduction

In the statistical formulation of the pattern
classification, several approaches have been
proposed [1,2,3]. Most of them are based on the
main assumption stating that patterns are drawn
from a multidimensional probability density
function where each mode corresponds to a class
[4,5]. Unfortunately, the number of the required
samples should be large enough and the problem
of sensitivity to noise,to data distribution
irregularities and to the discretisation period has
not been solved yet [6,7]. The other tool of
classification, using clustering algorithms, is
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valuable since it helps someone "look" at data and
ascertain their structure by organizing data into
subgroups or clusters. Various algorithms have
been proposed [8,9,10]. They are based on 1) using
centers of clusters as modes of the pattern
distribution [11,12], 2) minimizing the appropriate
criteria [13,14], 3) using graph-theoretical
methods [15,16], 4) hierarchically ordering data
[17], 5) using non-linear mapping [18] and 6) the
appropriate similarity [19].

In case of distinct clusters, using any of the above
algorithms will certainly do. However, detecting
overlapping clusters independently of their number
and size is still to be solved. In order to solve the
former problem, the present paper includes a novel
graphical representation of multidimensional data.
Until now, visual multidimensional representations
have used projections or mathematical
transformations into 2D or 3D space [21,22].
However, the local data structures are seldom
maintained  and the distortions( resulting from
either transformations or projections) bring about
ambiguous interpretations.

The graphical representation proposed in this
paper consists in moving an artificial observer in a
multidimensional space. According to the position
of the artificial observer and to the direction its
look takes, clusters may be viewed different ways.
On plotting data points in a 2D space, with one
co-ordinate being the distances of data points to
the observer , and the other one being the angular
positions of data points with respect to the
observer’s look, clusters’ display will suffer no
distortion. Obtaining several graphical
representations depends on the observer’s position
and/or on the direction the observer’s look takes.

If the well-known algorithms of cluster analysis
are used,the number of clusters is to be specified
or determined. The present method let a user
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choose one mapping configuration from among
various existing mapping configurations, even
though he/she has no prior knowledge of the
structure of data concerned.Once the clusters are
formed, different pattern classification methods
can be introduced. Clusters are being visualised,
no matter their overlapping, and a human can see
them and that is why the Iterative Adjustments
About Mobile Centers method, which is an
automatic pattern classification process, is used.
Usually, in order to maximize the performances of
the family of the iterative processes [22], adequate
initial guesses of the cluster centers are needed. In
case of unknown data under nonsupervised
hypothesis, obtaining good results is uncertain. In
the proposed method, the initial guess on the
centers of the displayed clusters is made by the
user. Provided that distinct clusters exist, a user
validates a classification by bounding the clusters.
Otherwise, a combination of the two methods- the
graphical representation and the Iterative
Adjustment About Mobile Centers-will be
required.

The Bidimensional Representation

The idea underlying the proposed graphical
representation is the motion of an observer in a
multidimensional space. It considers the way how
a human sees the objects in space. One’s position
and the direction one’s look takes make the
objects be viewed in their contextual clustering. In
this way, each multidimensional data point is
labelled by letters d (Euclidean distance between
the point and the observer) and a (angular shift of
the look) as shown in Figure 1.
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Figure I. An Observer in a 3-D Space

In the case of N data points, each data point is
described by M parameters, and the Euclidean
distance d; of a data point P, (having the
co-ordinates X;;, X, Xpq) from the observer
located at a point H (hy, h, ,... hy,) is given by:

d=VY gl: (x;—hi) , 1=1,2,...,N 1)

1 =

The angular shift a; between the point p; (i=1,
2,..N) and the direction of the look defined by the
vector V (vy,Vy, ..., V\p) is given by Eq. (2)
calculated from the scalar products of the vectors
Vand HP; (x; - hy, %, -hy, .., X4 - hy).

E (x;“ hj) vj

-1 j=1

a,=cos 7—, i=12,...N ¥
d V.

1 i 1 J

s

It follows that this 2D representation visualises
data points under the same clusterings as they are
configured in the multidimensional space. If any
changes occur in the observer’s position and in the
direction the observer’s look takes, a different
graphical representation, that is a new image, does
result.

The Adjustments About Mobile Centers

There is a principle of this process based on which
the centers of the classes initially fixed by a user
are calculated. Objects are then iteratively
re-assigned to the nearest class up to the moment
the classification crystallizes. The calculations
involved are described by the following equations.

Lo,
i 5 ; 1= 1,2, ,M
gj =-I;I— igzl Xj k=12,.. M (3)
L M i g
M2 (Ck/ G“) B ié:l jgl (xj —g?) ’
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R = k211211'§1 (xj—g;{ ) (6)
K M 2

22 (5s)

k=1j=1

Eq.(3) calculates the gravity center of the cluster
C, containing L, objects (k=1,2,..K). Eq.(4) gives
the second central moment of the cluster with
respect to its center of gravity. Note that the lower
the value of this intraclass moment, the higher the
concentration of the objects about their centers of
gravity. Using Huyghens’ theorem, the second
central moment of the clusters C,, with respect to
the center of gravity G of all data points, is given
in Eq.(5). In this equation, the second term
designates the interclass moment. A higher value
of this moment will be a net separation of the
classes. On the other hand, a low value of the ratio
of the intraclass and the interclass moments, given
by Eq. (6), is characteristic of a good classification.

The Mixed Method

Data are plotted in the graphical part of the
present method according to their Euclidean
distances d; from an observer placed at point H
(hy,h,,..hyy), and according to the angular shifts
between the points p; and the directions of the
look vector V' (vy, V 5,..., V ) as described above.
The co- ordinates of the point H (hy, h,,...hy) and
the components of the look vector are chosen by
the user as explained below. With user’s every
option, the values of d; and @, given by Egs. (1) and
(2) change, yielding different graphical
clusterings. Several experiments are carried out
before the user opts for the most suitable
representation and validates the classification by
bounding the clusters as shown in Figure 2.

Eliminating and isolating a cluster or providing an
unknown sample are among other possibilities
offered.

This interactive graphical part is, as one can see,
only effective in case of disjointed clusters. In this
case, the Iterative Adjustments About Mobile
Centers method is introduced in order to put into
effect an automatic separation of classes. Number
and locations of the initial centers required for this
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automatic process will be appropriately chosen if
graphically displayed.

The software associated with the present method
shows performant man-machine interaction using
a structured menu,a keyboard and a mouse. The
observer’s position co-ordinates in the
multidimensional space and the components of
the "look" vector are represented by rectangles .
Thus,the user will easily modify their values.
Variable segments within the corresponding
rectangles (see Figure 2) will account for this
modification.

On introducing the Iterative Adjustments About
Mobile Centers method, by making the option
"Automatic", a user fixes up the centers of the
initial partitions with the help of the mouse.
Clusters are then formed and displayed iteratively
as described above until the convergence is
reached. Graphically displayed results, in
different colours, are stored as clusters with their
statistical parameters.

Experimental Results

In order to demonstrate the performance of the
method, some examples are given.

Example 1

The first example demonstrates the ability of the
procedure to separate three clusters of randomly
produced data following the Gaussian
distribution [23]. This random set contains three
classes of 750 samples with the following mean
vectors:

0.26 12.11 00.03
_|-0.24 _|05.67 _ 1294
X1“ 0.25 Xz‘ 04.21 Xs‘ 08.13|’

0.20 08.17 03.88
co-variance matrix:

567 564 636
Mo |565 603 611
6.74 578 5.41
646 625 627

and a priori probabilities:
P1 =0.20; P2 =030; P3 =050

The resulting classes shown in Figure 3 present
almost the same mean vectors, co-variance matrix
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Figure 2. Classification by Bounding Clusters
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Figure 3. Illustration of Example - 1
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Figure 4. Classification of Fisher’s Iris Data
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Figure 5. Illustration of Example - 3
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Figure 6. Illustration of Example - 4
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and a priori probabilities.
Example 2

This example comes to demonstrate the capacity
of the procedure to identify Fisher’s iris species
[24]). The iris setosa species gets separated but two
others overlap. A user is not able to distinguish
their boundaries. By introducing the automatic
process, the fifty iris vesicolor and the fifty iris
virginica are separated as shown in Figure 4.

Example 3

A two-dimensional data set is used in checking on
the ability of the method to separate two small-size
clusters. These Gaussian clusters are gencrated
following the mean vectors:

_ 1047 _ 1045
Yl - }0.25 Yz - 0.71‘
co-variance matrix:

M’= 0.053 0.048
0.012 0.010

Each cluster contains 75 samples. An automatic
process separates the two clusters as shown in
Figure 5. The ratio R is 0.46.

Example 4

The method also applies to a large-size data file: a
6-dimensional set of 1336. Figure 6 shows four
clusters that can be interactively separated by
either bounding them or using the automatic
process as shown in Figure 2. In addition, when
isolating the thick cloud on the left of the Figures,
the graphical visualisation will show it as consisting
of two sub-clusters.

Conclusions

This paper proposes a new approach to automatic
classification by combining an iterative graphical
method with the Iterative Adjustments About
Mobile Centers method.The graphical part will
consist in transforming the multidimensional
space into a bidimensional one, making it
possible to display clusters. Just using this
graphical display is enough for the cases of
compact and not overlapping clouds. Otherwise,
the Iterative Adjustments About Mobile Centers
method is going to be used in order to
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automatically separate the classes.

Data sets have been simulated in order to
demonstrate how satisfactory the graphically
displayed results of the method actually are and
how its statistical parameters indicate.

An interactive method like this supports, thanks
to a bidimensional representation of the
multidimensional data, decision- making and
helps a user estimate correctly. The user acts for
bounding distinct clusters or for choosing number
and location of the initial centers required by the
automatic process. He/she also handles the
procedures about the results.

The programs have been tested on several data
sets. The results of the studies showed that the
method matched the initial data. If compared to
the ascending hierarchical method and the
k-nearest neighbours,the Iterative Adjustments
About Mobile Centers is a quick and accurate
method.

The method seems to be a viable tool for
classificiaton and analysis of new data.
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