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Abstract— Various iterative refinement clustering methods are « Refine the model parameters based on the current cluster
dependent on the initial state of the model and are capable membership assignments;
of obtaining one of their local optima only. Since the task of until the model converges, in the sense that in a refining iteration the
identifying the global optimization is NP-hard, the study of the changes made on the parameters are below a threshold.
initialization method towards a sub-optimization is of great value.
This paper reviews the various cluster initialization methods in u
the literature by categorizing them into three major families, An important underlying assumption in this process is that,

namely random sampling methods, distance optimization meth- the model to be usebdeforeeach refining iteration is correct.
ods, and density estimation methods. In addition, using a set of 15 makes the initialization of the model deterministic to the

quantitative measures, we assess their performance on a number . . . .
of synthetic and real-life data sets. Our controlled benchmark Cclustering solution [3]. That is, the process usually can obtain

identifies two distance optimization methods, namely SCS and only one of its local optima, which is sensitive to the model’s
KKZ, as complements of the K-Means learning characteristics initial state. Since the problem of obtaining an globally optimal

towards a better cluster separation in the output solution. initial state has been shown to be NP-hard [9], the study
on the initialization methods towards a sub-optimal clustering
solution hence is more practical, and is of great value for the
Clustering refers to the task of partitioning unlabelled datustering research.
into meaningful groups (clusters), in response to a pre-definedwnhile there exist various initialization methods for different
pattern approximation measure. It is a useful approach in datastering methods, there are relatively few comparative stud-
mining processes for identifying hidden patterns and reve@s of this important issue in the literature, due to the variety
ing underlying knowledge from large data collections. Thig the clustering methodology. This paper aims to fill this gap
application areas of clustering, to name a few, include imagg reviewing various approaches for initializing the cluster
segmentation, information retrieval, document classificatiogistribution C, as it is most commonly required by various
associate rule mining, web usage tracking, and transactiglnstering methods.
analysis. For this purpose, our study focuses on the initialization
In essence, clustering involves an unsupervised learning tsirthe cluster refinemenmethods only. We consider cluster
the regression of a mixture probability model(K,w,C,Y’), refinement a sub-task of iterative refinement clustering, in the
of which the data points are approximatedriasub-groupings sense that the refining iterations only fine-tune the cluster
(patterns)C;,i = 1,---, K. The probability of a data point distributionC, while the remaining parameters, i&, w, and

I. INTRODUCTION

generated by the model is Y remain unchanged. Specifically, our benchmark adopted the
K batch K-Means clustering algorithm [21]. K-Means can be
P(z) = Zwl - P(z|C;,Y(2)), 1) understood as a particular EM model [5] with the simplified
P settingsw; = 1 for ¢ =1,..., K. Its cluster assignmenit is

the naive nearest neighbor search, which is a disjoint many-

; : ) to-one mapping. With such, the initial cluster distribution
a mapping from the data point to the sub-groupingC;. C can be simply represented with a set of so-calesd

In the literature,iterative refinemenis widely adopted by clusterse: i — 1 K. The reasons we choose K-Means
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vafr_lous unsupervised Ie%rmng algonthrgs. A} glglenerag Iteratiye o experiments are: (1) while simple, K-Means has shown
rDe inement process can be summarized as follows [3]. satisfactory clustering results in various studies in the litera-
Initialization: Initialize the parameters of the current model. ture, especially when the problem domain is approximately a
Refinement: Repeat mixture Gaussian distribution, i.e. clusters are convex in shape

« Generate the cluster membership assignments for all/each tra#fid there is a higher data density near the cluster centroids;
ing instances, based on the current model; and (2) the initialization methods for K-Means can be applied

where w; is the mixture weightand Y;(z) = = — C; is



to other iterative refinement clustering algorithms as well. [ |
The rest of the paper is organized as follows. Section Note the above random generator is not necessarily to be
briefly reviews the various cluster initialization methods in th&aussian.
literature. Section 1l lists related work and clarifies the scope
of our study. Section IV reports our comparative experimenBs Distance Optimization Methods

on five initialization methods, using various synthetic and real- Recognizing the characteristics of many clustering methods
life data sets. The last section summarizes our concludiRgto |ocally minimize the intra-cluster variances without opti-

remarks and suggests the future work. mizing the inter-cluster separation, it is a natural consideration
II. A REVIEW OF SEVERAL CLUSTER INITIALIZATION to optimize the distances among the seed clusters beforehand
METHODS towards a satisfactory inter-cluster separation in the output.

We categorize the cluster initialization methods into thre, Among some early practises, the Simple Cluster Seeking

: o : : CS) initialization method [21] is adopted in the FASTCLUS
major families, namely random sampling methods, distance S . X )

T . e procedure, which is a K-Means variance implemented in SAS
optimization methods, and density estimation methods.

[19]. The SCS method is summarizes below.
A. Random Sampling Methods OScs:

Probably being most widely adopted in the literature, ran- 1) Lﬂitialize the first cluster centroid with the first input, i|. =
dom sampling methods_follow a naive way to _|n|t|aI|ze the , Forj = 2,...,N, if ||lz; — ex|| > p for all existing seed
seed clusters, either using randomly selected input samples,  clustersc,, wherep is a threshold, then add, as a new seed
or random parameters non-heuristically generated from the cluster. Stop wher seed clusters are initialized.

inputs. 3) If after scanning all input samples, there are less tRaseed
Being one of the earliest references in the literature, Forgy in ~ CluSters generated, then decrepsend repeat 1 - 2.
1965 [6] adopted uniformly random input samples as the seed m
clusters. The method, named R-SEL in our study, is formalized; js interesting that SCS was originally proposed as a
below. clustering method without any refinement process. It is used
DR-SEL: here due to its simplicity and its capability of identifying
For i = 1,...,K, set¢; = =z, such thatr

uniRand(1, N), where N is the total number of input distinct inputs online. SCS however is ser?smve to the initial

samples andiniRand(min, maz) is a uniform random ¢ value and the presentation order of the inputs.

generator producing € [min, maz]. Katsavounidis et. al [13] proposed a method that utilizes
the sorted pairwise distances for initialization. The method,

Given the inputs presented in a random order, the methtﬂerr}?;d KKZin [1], is stated as follows,

used by l\_/lacQuegn [1.7]’ WhICh S|mply. |n|t|al!zes the seed 1) Initialize the first seed cluster using the input with the maximal
clusters with the firstX” input instances, is equivalent to the norm, i.e.c; = 1 = argmaz{||z;||}.

R-SEL method. Based on the statistical assumption that &) For; = 2,..., K, eachc; is initialized in the following way:
randomly re-sampled subset would reflect the distribution of  for each input sample;, calculate its distance to the closest
the original set, these two methods have shown to produce Seed cluster; = min{|lz; — cx| : for all existingc,}, and
satisfactory results in prior studies, especially whinis sete; = zy; = argmaz{d; }.

relatively large in response to the total number of input ]
samplesN, and when the designatel approximates the  Compared with SCS, KKZ is more user-friendly in the sense
“natural’/“optimal” number of clusterss, on the input set. that it does not require a threshold during seed vector search.
However, the clustering solution may be drastically affected lysing a naive implementation, KKZ could be computationally
these methods i is too small, in which case the assumptiointensive due to the large number of distance calculations.
above is suppressed. On the other hand, whens large, However, Katsavounidis et. al pointed out that, since gener-
the method may produce a relatively large number of de@lon of new seed clusters does not affect the existing ones,
clusters (clusters that do not attract any input samples up@d computational complexity of KKZ can be comparable to
convergence). An alternative method is to initialize the seghe K-Means iteration using a buffering mechanism that stores

clusters by slightly perturbing the mean of the inputs [20fne distances between each input sample and the existing seed
[10]. Through this way, each seed cluster is given near§yysters.

even probability of being selected at the beginning of the K-
Means learning. Hence the chance of dead cluster generatiinDensity Estimation Methods
is lowered. The method is given name R-MEAN in our studies This category of initialization methods is based on the

and formalized below. . . . .
COR-MEAN: assumption that the input data follow a Gaussian mixture

Fori = 1,....K, setci = gaussRand(z,e), where .d|str|but|on.. Hencg by identifying the dense areas of the

gaussRand(m,v) is a Gaussian random generator wit{NPut domain, the initialized seed clusters helps the clustering
meanm and variancey, 7 = -S> | z; is the mean of method in creating compact clusters. It is interesting that the
the inputs, and is a small constant. R-SEL method could be understood as the most naive density



estimation approach due to the assumption discussed abovéNiy not simply initialize the seed clusters of one clustering
contrast to R-SEL, methods reviewed here are rather heuristitethod using the output of another complementary clustering
Kaufman and Rousseeuw [14] introduced a method thaethod?
estimates the density through pairwise distance comparison,
and initializes the seed clusters using the input samples fromrhere do exist various practices based on this consideration,
areas with high local density. The method, termed KR in o@so referred to as *initialization methods” in some studies.
study, contains the steps below. Among them, Binary Splitting (BS) [16] was reviewed to-
OKR: gether with several other initialization techniques in [1] and
1) Initialize ¢; with the most centrally located input sample.  compared with KKZ in [13]. BS sets the first cluster centroid
2) Fori = 2,... K, eachc; is initialized in the following as the mean of the inputs. Each BS iteration contains a splitting
‘é"l%:mfeo(; dei";‘tcg‘ncneort‘(;steh':%?ﬁer'”%; :;?gie?d i%%'ﬁff‘;%tlzs of every existing cluster into two by randomly perturbing
who are closer tar, than to their respective nearest See&f cluster centr0|.d twice, followed by the recalcu!atlon of
clusters, formalized as; = Y, maz(min{||z; — cxl| : the gluster centroids based on the new Cluste_r assignment of
for all existingcy} — ||z; — x;],0), then sete; = x5, = the inputs. The method stops when the designated number
argmax{s;}. of clusters are obtained. Similarly to BS, DSBS (for Direct
Search Binary Splitting), which combined binary splitting and

A notable drawback of the KR method lies in its comPrmClpal Component Analysis (PCA) [12], was referred to as

utational complexity. GiverV input samples. at leasy’ an initialization method in [13] as well. An online version of
P ) plexity. © put. pies, . K-Means (named MA) was compared with three other batch
(N —1) distance calculation are required even with a bufferi

"Y_Means initialization methods in [18]. More recently, ART-2

E_ﬁg:ggsg'egmiggylg IZE ?uﬁgn?ggen tlg?eef:;grg';[g ;:ﬁ@ural network [4] was used to preprocess the inputs before
ge. 9 assing them to K-Means [15].

it is more practical to use only a small portion of the input set

for KR processing. We argue that there exists much confusion at the ill-defined
More recently, Al-Daoud and Roberts [1] proposed gy “njtialization” when these techniques are studied and
method which combines local density approximation angmpared as “clustering initialization methods”. Our statement
random initialization. This method is summarized as foIIow% based on two facts. Firstly, most of the above clustering
the whole input domain is evenly divided infd sub-spaces \ethods being combined with K-Means also require an initial-
Sj,j =1,..., M, the statistics of the input samples in €aclyation process. For example, each iteration of BS essentially
sub-space, in a simple terms of the number of samplgsre i q\ves the initialization of two new seed clusters using R-
then collected. The number of seed clusters in each sub-spgeaN out of every existing cluster followed with an iteration
is allocated by a rounded integéf - N;/N. Consequently of patch cluster refinement, while the MA technique is essen-
the seed clusters are locally initialized in each correspondifgyy injtialized with R-SEL and the clusters are refined online.
sub-space in a random manner. While this method workedcongly, the combination of a decent clustering method with
fine with a relatively large’ in the prior study [1], it suffers k_veans practically produces a new hybrid model. In other
from th(_e dependence on a carefully cho%nvalue. In case \ords, a comparison between such a combination and K-
that K" is small, M/ must be correspondingly small enoughyeans initialized with some method reviewed in Section I
so that some .sub-spaces are allogateq with at least one ﬁgqgther the comparison betweswo clustering systemghan
clusters. This in turn affects the estimation of the local density, initialization methods for a clustering systéma strict
As an improvement, Al-Daoud and Roberts in the same paRgihse. As to the SCS method reviewed in Section I1-B, while it
[1] proposed a method that iteratively subdivides the sourgeqiginally proposed as a clustering method, we still consider
domain into two disjoint volumes. The summed square errgr, ¢jyster initialization technique due to the fact that, in
between the data points to their nearest cluster centrodSsirast to the various methods discussed in this section, SCS
in each volume are estimated. Consequently the number ffos not contain a cluster refinement process and hence the

clusters to be assigned in each volume which minimiz%§Jtput solution is still primarily decided by K-Means.
the error is given by the numeric solution for a polynomial

equation, which corresponding to a quadratic equation in theThere is another category of studies that deal with the
two-dimensional case. However, the proof on the validity g&finement of the initial state of clustering methods. These
the method (specifically on the estimation of summed squaj@dies, to name a few, include Genetic Algorithm [2], a
error) is not given. refinement method proposed by Bradly and Fayyad [3], Tabu
Search [8], and Randomized Local Search [7]. Most of these
approaches involve a heuristic search for the sub-optimal

All the initialization methods reviewed above involve th@arametersof a specific initialization method, guided with
approximation of the input distribution, through either naiveome goodness assessment function. While they are not the
sampling or heuristic search. Such an approach actually himeus of this paper, readers shall note that the use of any
monizes with the original objective of clustering. Naturally thignitialization method reviewed in Section Il can be further
paper reaches the stage to discuss an interesting consideratiptimized with these approaches.

Ill. RELATED WORK



TABLE |
THE WORK-FLOW OF THE TWO-DIMENSIONAL APPROXIMATE MIXTURE

A. Benchmark Methodology GAUSSIAN RANDOM GENERATOR

IV. COMPARATIVE EXPERIMENTS

Our benchmark evaluates five initialization methods, namely

R-MEAN, R-SEL, SCS, KKZ, and KR on various syntheti®arameters: The number of data pointd/, the number of clusters
and real-life data sets. While it is possible to obtain a suld, the noise levet € [0,1], and the intra-cluster variance level
optimal solution for each method through a refinement aprocess:
proach mentioned above, our work intends to observe the genl) PresetK random cluster centroids; = (x;,y:) such that
eral performance of each method without any other optimiza—z) gegel;?m“"d(o’ 1) andy; = uniRand(0,1).
tion process. Hence, we carried out multiple experiments on . )

. . . a) Select a random cluster idl = uniRand(1, K) from
each data set, each experiment reshuffling the representation above:
order of the inputs and using a common set of parameters for b) Generate a random data pojnt= gaussRand(c s, v);
each method. The initial threshold of SCS is given through  until N - (1 — r) valid data points are obtained. A data point
manual observation on the range of each data set. Considering p = (z,y) is considered valid only: € [0,1] andy € [0, 1].
the high computational complexity of KR, the seed clusters 3) GenerateN - r white noisesp; = (zi,y:) such thatz; =

generated by KR are based on a subset of maximal 1,500 data uniRand(0,1) andy; = uniRand(0,1).

. . . Output: N data points loosely in a mixture Gaussian distribution,
points uniformly re-sampled from the mpu_ts. _ _with noises in a certain degree.
The K-Means clustering method, utilizing Euclidean dis-

tance measure and working under batch learning mode, is
said to reach convergence when the mismatch on the clust
assignment in a learning iteration, with reference to the pre-|
vious iteration, is less than a threshold 0.005. The number of
iterations that K-Means used to reach convergence is reported-
Since the objectives of clustering is to reach maximal intra-
cluster homogeneity and maximal inter-cluster separation, we: ; g . v g
adopted theCluster Compactnes$Cmp) and the Cluster (soy) (s13) (s25)
Separation(Sep) indices [11] to assess the goodness of the
clustering solution. The cluster compactness measure is bagi@dl' The three representative synthetic data sets generated with varying

. . . variance(v) andnoise levelgr), based a common set of 15 designated cluster
on the generalized definition of theeviation of a data set centroids (large squares in each sub-figure). SO1 and S25 are the cleanest and

given by most noisy data sets respectively, while S13 is of moderate noisiness.

v =0.05,7=0.0 v =0.10,7 = 0.2 v =0.15,7=0.4

5

N
1
N ;sz zll, ) B. Synthetic Data Sets

_ _ . _ We used a random generator (Table!ljo produce vari-
whereN is the number of members i, andz = 5 >, =; IS ous two-dimensional synthetic data sets approximately in the
the mean of{. The cluster compactness for the output clustefgixture Gaussian distribution. They are believed to be the

C1,Cy,---,Ck generated by a system is then defined as pest test bed for K-Means clustering. Based on a common
1 dev(Cy) set of 15 designated cluster centroids, using varying variances
Cmp = Ve W(XZ)’ (3) v and noise rates, we obtained 25 data sets, each containing

150,000 data points. Due to page constraint, the results on
ég[ee representative data sets (Figure 1) are reported. On
each data set, K-Means is trained to reach convergence in
response to a varying number of designated output clusters,
i.e. K = 5,15 and 60. Table Il reports the comparison results
with K = 15 only due to page constraint.

where K is the number of clusters generated on the data
X, dev(C;) is the deviation of the clustef;, anddev(X) is
the deviation of the data set. The cluster separation of a
clustering system’s output is defined by

1 K K lle: — ¢5])2 While not reflected in Table I, it is worth to mention that
Sep = KK -1 E E exp———5—5-—), (4) for allinitialization methods, as the number of output clusters
(K -1) — L 20 . i
i=1 j=1,j7#i K increases, K-Means generally used a larger number of

wherec; is the centroid of the cluster; ando is a Gaussian iterations/ to reach convergence, #€mp index decreases

constant. It is understandable that for both measures, a smajlé ich |nd|cat_es more compact clusters),_and fhg index
value indicates a better output quality. InCreases (which indicates worse separation among clusters).

! he noi in the in incr K-Mean nerall
Based on the measures out of multiple runs, we are capaﬁ?e the noises the inputs increases, cans generally

. o . C IE)roduces worseCmp indices. In general, the differences
of carrying out pair-wise comparison of these initializatio A
among the outputs of these five initialization methods are more

methods based omtest. We consider the comparison result to
be statistically significant if the-test significance level reaches 11ng random generator, the synthetic data sets, and the complete experi-
0.1. mental results are available via http://www.jihe.net/research/ijcnn04.



TABLE Il
THE EXPERIMENTAL RESULTS OF THE FIVE INITIALIZATION METHODS ON
THREE SYNTHETIC DATA SETS IN TERMS OF THE NUMBER OF ITERATIONS
K-MEANS USED TO REACH CONVERGENCEI), Cluster Compactness

TABLE Ill
THE STATISTICS OF THE FOUR REAELIFE DATA SETS USED IN OUR
EXPERIMENTS

(C'mp), AND Cluster SeparatiorfSep). o 1S THE GAUSSIAN CONSTANT Iris ImgSeg LtrRec Reuters
USED IN EQUATION 4. Num. of instances 150 2,310 20,000 9,530
Num. of features 4 19 16 365
Num. of clusters 4 7 26 10
1 Cmp Sep
Data Set: SO1,0 = 0.5, K =15
R-MEAN  11.20+1.55 0.1574:0.0155 0.689%0.0375 TABLE IV
R-SEL 7776‘:226 0.1504:0.0115 0.6316:0.0189 THE EXPERIMENTAL RESULTS OF THE FIVE INITIALIZATION METHODS ON
SCS 14.76:4.62 0.1463%#0.0058 0.6004+0.0172
KKZ 12.10+2.51 0.1482-0.0075 0.60740.0131 FOUR REAL-LIFE DATA SETS. NOTATIONS USED HERE ARE SAME AS
KR 11.70£6.06 0.15720.0103 0.631%0.0295 THOSE INTABLE II.
Data Set: S13,0 = 0.5, K =15
R-MEAN 24.7G6£8.10 0.23720.0047 0.621#0.0037 I Ccm Se
R-SEL 22.7@8:9.91 0.23730.0057 0.61520.0110 S S e =T 1 P
SCS 20.96:7.50 = 0.2388:0.0042  0.60780.0104 R-MEAN  9.80£1.93 0.29230.0000 0.83230.0000
KKZ 20.604+6.47 0.2388:0.0039 0.607#0.0062
KR 205001313 0237200043 0.61924.0.0070 R-SEL 17.06:0.00 0.2816:0.0000 0.7906:0.0000
Ijata Sét' 825& —0 5' K — 15 : : SCS 7.06:0.00 0.2784-0.0000 0.7866+0.0000
RMEAN  23.70:8.63 0.2593:0.0029 0.6058:0.0032 KikZ 7:00+0.00  0.2784:0.0000 0.7866:0.0000
e KR 6.00+£0.00 0.2796+0.0000 0.788%0.0000
R-SEL 30.16:8.95 0.2586:0.0017 0.6025%0.0034 e — _
scs 26.48556 0.25930.0023 0.59980.0063 Data Set: ImgSeg,s = 500, K =7
: ’ ) ) : : R-MEAN 13.60t4.65 0.8762-0.0029 0.7346+0.0057
KKZ 29.904+6.89 0.25920.0019 0.598:0.0039 A arab A AN1-
KR 31.30L0.53 0258200020 0.60060.0034 R-SEL 13.2@:2.35 0.8835:0.0013 0.74240.0005
. : . : : : SCS 9.06:2.11 1.0183:0.0555 0.423&:0.0085
KKZ 9.80+£1.93 1.03690.0492 0.4266:0.0076
KR 13.60£5.89 0.8822-0.0063 0.739&0.0075

significant on clean data sets (such as S01) than on noisy datﬁ_MEAN

Data Set: LtrRec, 0 =5, K = 26

29.50+10.39 0.603A0.0044 0.14440.0069

sets (such as S25). R-SEL 32.98:8.75 0.601%0.0024 0.17280.0040
While the Cmp scores of R-MEAN and R-SEL are notably scs 38.18-13.37 0.601%0.0024 0.12780.0040
close in all experiments, thé&ep scores of R-MEAN are KKZ 30.80+£6.16  0.602€-0.0068 0.12580.0073
37.0G:8.86  0.6025:-0.0059 0.138&0.0063

almost consistently worse than those of R-SEL. The differenceR

is particularly significant wher is large and the data set is

Data Set: Reuters,c = 0.5, K =10

S e R-MEAN 14.90+3.28 0.8018:0.0358 0.31920.0498

clean. This is probably due to the initial state of R-MEAN R_gg 18.08-7.85 0.85740.0270 0.39730.0466
which locates the seed clusters very close to each other. Ir8CSs 18.18-6.33 0.8168-0.0391 0.3468-0.0575
addition, while not reflected in Table Il, R-MEAN tends to KKZ 19.20+£5.18  0.7952-0.0278 0.3133£0.0353
13.50+4.35 0.8343t0.0263 0.36120.0427

give slightly faster convergence speed than R-SEL wiieis _KR
small (K = 5), while significantly slower convergence when
K is large (K = 60).

The performance of the two distance optlmlzatlo_n methOd'Fpese include the Reuters-21578 document collection (Reuters
namely SCS and KKZ, are rather comparable, in terms o

Cmp, Sep, and I. Compared with the two random methodd” short), and three databases from the UCI machine learn-

R-MEAN and R-SEL, both SCS and KKZ showed comparab'ng repository (MLDB), nam_e_ly Iris, Image Segmentation
mgSeg), and Letter Recognition (LtrRec).

Cmp scores. However, th8ep scores generated by SCS an he d ¢ h ) fth

KKZ are drastically better than those of R-MEAN, R-SEL, as The documents from the top ten categories of the Reuters-

well as KR. This suggests that these initialization methods 3&578 document_collecnon based on the ModApte split are
help to optimize the cluster separation of K-Means output. used in our experiments. We adopted the bag-of-words feature

Despite of its high computational complexity in pre_representation scheme for the document&l I () statistics

estimating the density of the inputs, KR does not sho@g?’] was employed as the ranking metric for feature selection.

competitive performance over the other four methods in OE@Sed on a bag of 365 top-ranking keyword features, the

experiments, both in terms of'mp and Sep. The only content of each document was represented as an in-document

advantage of using KR seems to be on the marginally fastgFT frequency (TF) vector, which was then processed using
convergence speed in some experiments wheris small. an inverse document frequency (IDF) based weighting method

This observation however is not statistically significant in mo&¢2] and subsequently Euclidean normalized. Null vectors (i.e.
other experiments. vectors with all attributes equal to 0) are removed from the data

set. The three databases from UCI MLDB are directly used

C. Real-life Data Sets without preprocessing. Table Il summarizes the statistics of
In addition to the synthetic data sets, our experimentidgese four data sets.

adopted a variety of publicly available real-life data sets. Table IV reports the experimental results on these four




TABLE V
THE NUMBER OF EXPERIMENTAL BATCHES IN WHICH EACH
INITIALIZATION METHOD PERFORMED SIGNIFICANTLY BEST.

suppress the density estimation efforts done by KR, and could
be complemented by SCS and KKZ towards better cluster
separation. It will be interesting to see if we can observe the
similar results on a more general iterative refinement clustering

R-MEAN R-SEL SCS KKZ KR method, such as EM [5].

Best/ 3 1 3 3 3
BestCmp 2 0 3 2 1
BestSep 0 0 3 7 0 REFERENCES
[1] M. Al-Daoud and S. Roberts. New methods for the initialisation
of clusters. Technical Report 94.34, School of Computer Studies,
University of Leeds, 1994.
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