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Abstract
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The aim of this article is to propose a model for on-line data clustering when a new subset of data accumulates after
an interval of time. The new data may be absorbed in the old clusters or form new clusters or appear as stray data.
The absorbed data may cause the clusters to grow so that two grown clusters may merge to form a single cluster.
On the other hand, a large number of absorbed data may change the density profile of a cluster so that it should be
split into two or more clusters. Procedures to compute these situations are proposed.
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1. Introduction

Numerous data clustering algorithms are available
in the literature [1,4,5]. Most algorithms are static
or off line in the sense that the data to be clustered
are all available at a time. In contrast, there can be a
steady arrival of new data, and it may be necessary to
find a dynamic (or on line) clustering algorithm that
updates the clustering results after each n new data
are obtained.

On the other hand, it is possible to convert an off-
line situation of NV data into an on-line situation where
we start with clustering Ny <N data and then add »
data at each instant picked randomly from the rest.
If for a few instants the clustering results do not
change appreciably, we can assume that the process
has stabilized and declare it as the final outcome. This
approach may be useful when (a) N is very large and

the clustering algorithm cost increases non-linearly
with &, and (b) it is necessary to know the number
and types of clusters generated by the data, rather than
placing each datum to one of the clusters.
Unfortunately, we have not come across any dy-
namic (or on-line) clustering algorithm in the sense
stated above. Use of a smaller subset of data for seed
point evaluation is reported, as in Astrahan [2], but
a dynamic cluster updating concept is absent in his
procedure. Our approach is based on a few simple
observations about how new data can perturb the ex-
isting clusters and how these observations can be
quantitatively evaluated. In this connection, some
basic principles of data clustering have been clarified.

2, Principles of dynamic clustering

A close look at how data appear to be clustered in
the Euclidean space will reveal that clustering is a re-
lativistic phenomenon. Here, we present some points
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that may be useful for designing clustering algo-
rithms in general.

(1) Whether a set of data .S will appear clustered
depends on the window of space in which the data set
is defined. If S is the only data set in the window and
if S appears as clustered then the window size is much
bigger than that required to enclose S.

(ii) Ifa set of . ta Sappears as clustered then the
‘density’ of data will show a single plateau or a single
top and no prominent valley.

(ii1) If there exists another cluster 7in the window
of space and if S appears clustered then cither one or
more of the following should be true:

(a) Number of data in S is comparable with that

inT.

(b) Average spacing (density) of data in S'is com-

parable with thatin 7.
(¢) Distance between S and 7'is large compared to
the average spacing of data in Sand 7.
If the number of data in S is very small compared to
thatin 7, it may not be wise to consider Sas a cluster.
Similarly, if the average spacing of data in S is very
large compared to T the data of S may appear as stray
un-clustered data. On the other hand, if the distance
between Sand T'is not large compared to the average
spacing of data in S and 7 then they do not appear as
distinct clusters. Then either a part or the whole of S
gets absorbed in 7T (i.e., appears as part of T').

There is interplay of the characteristics (a)-(c).
Depending on the situation, one characteristic pre-
dominates or aids or obstructs the other in the cluster
perception.

(iv) Subclusters may be seen in S when ‘viewed
closely’. But when viewed from a distance, S may ap-
pear as a single cluster. This principle supports the
hierarchical agglomerative or divisive clustering pro-
cedures in the literature.

In the light of the above principles we can analyze
the set of new data arriving in the space of existing
data. For convenience, we introduce a dummy time
variable so that at time ¢ there are N data in the ob-
servation space. At time ¢+ Af n new data have
arrived. ‘

Due to arrival of new data one or more of the fol-
lowing situations may arise.

(a) Absorption of data. The new data may be ab-
§orbed in the existing clusters and hence the cluster-
ing remains unchanged.
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(b) Merging of clusters. Two or more existing clus-
ters may be merged or connected into one by the new
data.

(¢) New cluster formation. Separate new clusters
may be formed.

(d) Stray data. The data appear as stray un-clus-
tered data.

When a large number of new data have arrived, say,
after rAt, r> 1, another situation may occur.

(e) One cluster may appear as two or more clusters
because a large number of new data have been ab-
sorbed in the cluster.

Examples of the above situations are illustrated in |
Figures 1(A) and (B). It may be understood that a
new datum is absorbed if it is very close to a cluster.
The cluster may grow because of absorbance of new
data. If the new data make two (or more) clusters to

‘grow’ then the clusters may be merged into one. Stray,
data are those on which the clustering technique does
not succeed.

3. Computation of situations

At first, we consider the problems of computing
situations (a)-(d). It is understood that testing of
situation (a) should follow the situations (b) and
(¢). Situation (d) is automatically tested while test-
ing situation (c). Situation (e) is a difficult one, in-
volving the problem of finding clusters in a cluster,
which we shall discuss later on.

Absorption of data

Absorption of data in an existing cluster is based
on the following principles.

(i) A new datum p is likely to be absorbed in the
cluster nearest (most similar) to it. Let C; be the clus-
ter to which p is nearest.

The distance of C, from p may be defined as the
minimum of Euclidean distances of all points of C;
from p.

(ii) Let g, be the datum in C; nearest to p. Then)
will be absorbed in C; if the nearest neighbor dis
tances of points ¢g; in the neighborhood of g, are sin:
ilar to the distance between p and ¢,.

More specifically, let g, ¢, ..., 4., be the m neares!
neighbors of ¢, in C,. For each ¢;, i=0, ..., m, find tht
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Figure 1. Situation in dynamic clustering. (A) Absorbed data A,
Merged clusters B, New cluster C. The remaining data are stray
data. (B) The new data transforms a single cluster into two.

distance d, from its nearest neighbor in C,. Let

I m
_m+1,=odi. (1)

Let the distance between p and g, be d. Then ab-
sorbpin C,if d~d.

We can choose m as the smallest integer greater than
10% of the number of data in C;. The procedure is
illustrated in Figure 2 where p is the new data cur-
rently being tested for absorption. go, ¢, ..., 4 are its
5 nearest neighbors in the cluster. Now, the I-nearest
neighbor of g, is ¢, while the 1-nearest neighbor of ¢,
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Figure 2. Principle of absorbing a new data p.

is go. The 1-nearest neighbors of ¢,, ¢; and ¢, are ¢,
¢, and g, respectively. The corresponding d,, i=0, ...,
4, are shown in Figure 2. Equation (1) is used to
compute d.

Note that a datum ¢ rejected for absorption at the
current iteration can be absorbed later when C; has
grown because of absorption of other data. The algo-
rithm should stop at the iteration when not a single
new datum is absorbed in a cluster. For n data being
considered, therefore, the worst number of iterations
is n.

Merging of clusters

Merging of clusters is based on the following
principles.

(i) Only the clusters absorbing new data at the pre-
vious stage are considered for merging,

(ii) If the distance between one cluster surviving
test (i) above and any other cluster is reduced (as
compared to the distance that existed before data ab-
sorption), then only these two clusters are consid-
ered for merging. The distance will not get reduced if
a cluster does not grow because of absorption. The
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distance between two clusters C; and C; may be de-
fined as the minimum of Euclidean distances be-
tween one point of C; and one point of C,.,

(iii) For two clusters C; and C; considered for
merging let pe C; and ge C,; be such that the distance
between p and ¢ is minimum. Thus, p and ¢ are the
points where the two clusters are closest to each other
and they could be merged around these points.

(iv) The behavior of C; and C; should be identical
around p and q if merging is agreed.

More specifically, consider m nearest neighbors of
p and m nearest neighbors of ¢ in C;u C,. If the two
clusters are homogeneous at p and ¢ we would expect
that approximately m1/2 nearest neighbors will come
from C; and m/2 nearest neighbors will come from
G; in both the cases. On the other hand, if the two
clusters are distinct and not to be merged, then in case
of p, most of the m nearest neighbors will come from
C; while in case of g, most of the m nearest neighbors
will come from C;. Let m,,; be the number of nearest
neighbors of p coming from C; and so on. Then
My, it My, =m=m,,;+m, ;. Consider the quantity

J="ri y Mt (2)
m m

The quantity should tend to 1 if C; and C; should
be merged while it should tend to 0 if C; and C; are
not to be merged. We can use a threshold 0<T<1 to
decide whether the two clusters should be merged or
not. Thus, if /> 7, the two clusters should be merged.

The situation is illustrated in Figure 3 where in
Figure 3(A) J=0 and in Figure 3(B) J=2/5+2/
5=4/5.

Detection of new cluster and stray data

The data not absorbed in any existing cluster can
form new clusters. One of the many existing cluster-
ing algorithms may be used for the purpose. How-
ever, since there exist (except at the beginning, i.e.,
t=0) some clusters in the observation window, the
new clusters should be compatible with the existing
ones. More specifically, as stated in principle (iii) of
Section 2 we should expect that:

(1) The density of new clusters should not be much
less than the existing ones.

(i) The number of data in a new cluster should
not be much less than the existing ones.
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Figure 3. Test for merging of two clusters. (A ) When two clusters
should not be merged. (B) When two clusters should be merged.

We use the following algorithm to detect new
clusters.

(a) Find the minimum spanning tree of the new
data which are not absorbed in the previous stage.

(b) Find the average of distances of each datum
and its nearest neighbor in the existing clusters. Let
it be d,. Delete the edges with length greater than
ad, where o> 1. The minimum spanning tree is now
converted into a set of subtrees.

(c¢) If the number of nodes in a subtree is less than
a pre-specified number m, then consider all data of
the subtree as stray data. Otherwise, a subtree de-
notes a new cluster.

The stray data and the new data arrived after Azare
considered as the data for clustering for the next in-
terval. Thus, if # data arrive after Az, the total num-
ber of data to be examined is n+ #5(2) where ng(t) i
the number of stray data left at the 7th instant.
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Splitting of cluster

Asstated in situation (e) in Section 2, a large num-
ber of new absorbed data may change the structure of
a cluster so that it should be split into two or more
clusters. We consider that the splitting criterion is ex-
amined at an interval of rAr.

A splitting test should be conducted on the clusters
that absorb a *sufficient’ number of new data during
the interval. There exist a few algorithms that per-
form splitting at some stage of the clustering proce-
dure. Popular among them are the ISODATA [3] and
its variants. In ISODATA, a cluster is split if it has
too many data and an unusually large variance along
the dimension with largest spread. The algorithm does
not look at the data density valley region and hence
may not be adequate on many occasions. In fact,
judgment of a cluster splitting situation is difficult and
computationally unattractive. Thus, there exist very
few reports involving a divisive hierarchical cluster-
ing procedure [6].

We propose the cluster splitting algorithm based on
the following principles.

1. The density at each datum in the cluster is com-
puted. An estimate of the density at a point p may be
obtained either by a kernel-based approach or by the
k-nearest neighbor approach [7].

2. Let the highest and lowest density points be uy,
and . Consider a fraction g of u,—pu. Let
Uo=P(un— t4). Discard all points with density less
than i, + iy and generate the minimum spanning tree
with the remaining data. Find the average of edge
lengths of the tree. If the maximum edge length is
much larger than the average edge length and if by
deleting the edge with maximum length two sub-trees
with a reasonable number of nodes are generated, then
consider each subtree as a separate cluster.

4. An experiment

An experiment is presented here to illustrate the
procedures of dynamic clustering. The initialization
stage corresponds to a set of data initially available
for clustering. This stage is called the initial cluster-
ing stage. After some time, a set of new data is avail-
able and the dynamic clustering procedure is started.
Figure 4(A) depicts such a situation where an old
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(initial) datum is denoted by a dot while a new da-
tum is denoted by a cross. The initial clustering pro-
cedure adopted here is based on computing the min-
imum spanning tree of the data. Edges larger than 1.5
times the average edge length are deleted from the
spanning tree. In the remaining structure, a tree with
5 or more nodes (data) is declared to represent a
cluster. As a result, clusters A and B are formed. All
remaining data are stray data. So, at the stage of Fig-
ure 4(A) both the stray and new data are subject to
dynamic clustering. At this stage, a new cluster C is
formed and some data are absorbed by clusters A and
B. Figure 4(B) shows the situation when some more
data have arrived. In this case, two new clusters D
and E are formed while A, B and C have absorbed
some data. The value of « for new cluster formation
is 2.0. Next, we show the situation of Figure 4(C)
where the new data caused two clusters C and D to
be merged into one. The threshold 7 for cluster merg-
ing is 0.5. Other clusters absorbed some data. Figure
4(D) is the situation when, after a reasonable period
since initial clustering, a test of cluster splitting is
made on each of the clusters. The test is successful on
cluster C of the previous stage which is now split into
clusters C and D. The value of 8 used in the proce-
dure is 0.1.

One of the advantages of the dynamic clustering
procedure is that the results are less sensitive to the
parameters used for clustering. If a cluster is not de-
tected or if two clusters are not merged at some stage
due to an inadequate choice of the parameters, the
results may be modified at a later stage when new data
have arrived.

5. Discussions

The situations (a)-(e) described in Section 2 are
general for a wide variety of data. Even when the data
are in the form of ‘evidences’ where the clusters may
be viewed as ‘concepts’, the situations (a)-(e) have
clear interpretations. For example, new evidences (i)
may support an existing concept (similar to absorp-
tion of data), (ii) may merge two concepts into a
broader one (similar to merging of clusters), (iii)
may make a single concept contradictory so that two
or more concepts are needed to explain the evidences
(splitting of one cluster into two or more), (iv) may
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Figure 4. A dynamic clustering session. (See text for details. )

form a separate new concept (similar to new cluster
formation) or (v) may not be strong enough to form
anew concept (stray data).

Computation of the situations may depend on the
type of the problem. It is possible to propose algo-
rithms to compute the situations that are different
from those presented in this article. However, in the
absence of any specific knowledge about a problem,
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we stressed data driven algorithms that need few pa-
rameter specifications. These algorithms and their
underlying concepts may be applied for conventional
clustering of off-line data. For example, the algo-
rithms for merging and splitting may be combined to
propose a split and merge clustering algorithm.

It is hoped that this article will stimulate further
interest on incremental data clustering problems.
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