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ABSTRACT

This thesis proposes an improved k-means clustering algorithm to overcome some
shortcoming: sensitive to the initial centroid which leads to different results. To solve such
problems, this thesis proposes a method for finding the appropriate initial centroids for K-means
algorithm instead of random selection, which is preprocessing process of k-means algorithm.
The main idea used for findind the initial centroids is the objects in the same cluster are more
similar to one another than to the objects in other clusters. The experimental results show that
the proposed initialization method produces more accurate clusters than the original K-means

algorithm for most of the datasets.
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2.2.1 Enhancing the K-means Clustering Algorithm by Using a O(n logn) Heuristic

Method for Finding Better Initial Centroids (Nazeer, Kumar and Sebastian. 201 1)
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2.22 An Efficient Method to Improve the Clustering Performance for High

Dimensional Data by Principal Component Analysis and Modified K-means (Tajunisha and

Saravanan. 2011)
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2.2.3 A Clustering Method Based on K-Means Algorithm (Li and Wu. 2012)
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Pattern Abscissa Ordinate Class
X1 1 1 1
X2 1.5 LS 1
X3 1.5 1.1 1
X4 81 80 4
X5 13 8 2
X6 35¥) 334 5
X7 8 7.3 2
X8 i (V) 20 3
X9 81 y 4
X10 6.9 7.6 2
X11 1.69 0.93 1
X12 0.3 11 1
X13 7 7.4 2
X14 5.9 6.9 2
X15 22.2 20.5 3
X16 23 21 ' 3
X17 80.6 "2 4
X138 36.7 38.55 5
X19 34.76 33.6 5
X20 81 73.6 4
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i = Zxesoll x-zmt+DI?, j=1,2,...k (2.9)
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Standard K-means

Improved K-means

(Li and Wu. 2012)

Iterations 9 6
Cluster Criterion Function J 657.603 58.3263
First class X1,X12 X1,X2,X3,X11,X12
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2.2.4 A new algorithm for initial cluster centers in K-means algorithm (Erisoglu, Calis

and Sakallioglu. 2011)

s 1 =

E4 )
auTsiniuguedimsmuanyaguinatasuduldiunisdanguuuuniiud Tagns

a

aaa 2 ¥ Y o

& o 3 Y o o L) o v a
@wenveyaluwn 2 dand o lgludunuvesdeyaninuald udnimsdiuiunmiga

4 g A g

P aw o Yy 4 a & < & 4
guinansudunauIveinitausnonssIideyangnideniunuiuyagudnaizudu

1]

o a 9 9 3/ Aad & =1 @ @ o
gudnanGuaulaglddoya 2 TaMdenuuilunan TagudnnisvesnisdAiuiuniga
&

o () o P =t = o o A o/ :’(’
NAABENINUINNAEA laslisieaziBenvoIdanasnuaIll

A 3 & aa A yYd aa o =Hqud o o o 1
1) wenvoyavum 1 Hame luiuidvani lsiudunuvesdoya Tagnmsdmuiumial

" 4 1 s = Qf ar 3 . - -:f s
duysaiveamduilszaninisudlsdu (Variation Coefficient) @adulszantaisulsiu
1w o

annsafn ldnnaumsi 210 Taviianiinduyseivesmduilszanimsnlsdugeiiqa

= v aa o
wwgniaen Iniluiidvdn

cvj = @, N2, 4 4P (2.10)
Xj

ApmdImdisauINAs T IuYBIoyaluiia j
& " -:{ 9 aa
AenuRAYeItayaluia ;

19 s(xj)
Xj

A £ aad A 3/ oy ar o o 1 o o 1
2) denveyaiiah 2 tie lvludiunuvesdeya Tasn1sAuaamaiduysaiveen

U

ot a a‘( LY o 4 % §ooad = -af ot ar o
Fulszansanduius (Correlation Coefficient) damidulss@nsanFunusannsoniuim

o 1 as e

g :i = d'.d (Y = Q‘( as wa o9y e{ A 3
Idnnaunish 2,11 Taeddndmduysdvesmdlsz@nsanduiuiiosiizarzgnidonly

Shidiad 2

o T _ Zin G X)0-%) @.11)

B o Y S g%

A A o Y 3
ua n ﬂﬂﬂ'll!']ﬂ‘l]ﬂldﬁﬂﬁ'ﬁﬂﬂ

Y 2 o

avdni ldnntuaoui 1

l_l-
e E)

as { aa aa A =] @ o 1 H
3) naaInd 1anA 2 Tanaunse ldiudumuvesdeoyalduds Iduiumaunisves

£
3/

n.-_\ci’ 1 = 9 aAanad o v o
deya 2 iiall Tasaundgvesdeya 2 datidmualidluge m

m = [ X Xq] (2.12)



16

A A =t 3/ aad
4a X, ﬂﬂﬂ‘]lﬂﬁﬂ“\]ﬂqmﬂgalu nl

D.-

1 3/ aa
Xy ApAundgyedaya lulan 2

3

b ]
4) MUIUNITLIZNIULUVYAAATZNINTOYAUARSAINUYA m Algnnauaaud 3
dim = d(x, m), i=1,2,...,n (2.13)
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Wilks’ lambda test statistic HIHANITIA

Dataset Method Error percentage Rand index Wilks® lambda
Improved K-means
10.7 0.8797 0.0322
Iris (Erisoglu et.al, 2006)
Random 13.83 0.8639 0.0376
Improved K-means
34 0.9543 0.0196
Wine (Erisoglu et.al, 2006)
Random 10.58 0.9018 0.0329
Improved K-means
7.9046 0.8543 0.0877
Letter (Erisoglu et.al, 2006) .
Random 9.738 0.6364 0.1071
Improved K-means
0 1 0.0034
Ruspini (Erisoglu et.al, 2006)
Random 21.8667 0.8887 0.016
Improved K-means
36.4051 0.5369 04171
Spambase (Erisoglu et.al, 2006)
Random 39.3393 0.5226 0.5912

= A = a a o ' a4 o Yoy
ATTNATDIN 2 Tlé'iﬂﬂﬁﬂ\uwmﬂﬁﬂﬂlmUﬂﬂﬁgﬁﬂﬁﬂ'lwﬂTiﬂﬁﬂqnllﬂﬂlﬂnuaTﬂﬂi‘H]ﬁﬂ‘lﬁ

] 1 3y [
fAuwumyagudnanGudunauiseininauesuismsiiuaus 1ag Khan (1ay Ahmad
d o a o o
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Dataset Method Error percentage
CCIA 10.8
Deeler etc 10.1
Iris
Improved K-means
10
(Erisoglu et.al, 2006)
CCIA 4.15
Deeler etc 4.9
Wine
Improved K-means =
3.2
(Erisoglu et.al, 2006)
CCIA Tl
Deeler etc 8.05
Letter
Improved K-means
7.1
(Erisoglu et.al, 2006)
CCIA 3.15
Deeler etc 345
Ruspini
Improved K-means
0
(Erisoglu et.al, 2006)
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2.2.5 AnImproved Clustering Method Based on K-means (Lin et.al. 2012)
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Method Rand Adjusted Rand Jaccard FM

Improved K-means

0.9001 0.8500 0.8188 0.8992
(Lin et.al. 2012)

K-means 0.8797 0.7302 0.6959 0.8208

Single-Link 0.7766 0.5638 0.5891 0.7653
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(Lin et.al. 2012)
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Single-Link 0.3628 0.0054 0.3325 0.5650
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2.2.6 K-Means for Spherical Clusters with Large Variance in Sizes (Fahim et.al. 2009)
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sumofradius = (radius(L) + radius(S))*0.80 (2.21)
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Improved K-means | Improved K-means
Exact K-means K-means
Data sets clusters error
clusters cluster error
(Fahim et.al. 2009) | (Fahim et.al. 2009)
1815 1210 1815
Set 1 683 973 605 points 683 0 points
660 975 660
1582 1025 1582
Set 2 703 1015 557 points 703 0 points
642 887 642
1582 1043 1585
Set 3 557 816 539 points 552 7 points
522 802 524
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Improved K-means

Improved K-means

Exact K-means K-means
Data sets clusters error
clusters cluster error
(Fahim et.al. 2009) | (Fahim et.al. 2009)

Set4 2129 1306 2067

505 916 823 points 534 62 points

510 922 543
Set s 2363 1417 946 points 1417 946 points
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ALGORITHM 1: Finding the first initial centroid

BEGIN
Calculate the standard deviation SD of each variable
Repeat
For the sub-groups with the highest density of data points
Divide data points into two sub-groups
End for
Until the number of cluster is equal to 2*K
Compare the number of data pointd of the last two sub-groups
Calculate the median value for the sub-group with higher density of data points
Assign the median value as the first initial centroid o
END

= a a R ) o o ) =
3un3.20 oano3 i luduneumsmuiumyaguinaeEudugad 1
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ALGORITHM 2: Finding the remaining initial centroids

BEGIN
For each data points

Calculate the Euclidean distance between it and the first initial centroid dc;
End for

Select the data point with the highest dc; as the second initial centroid C,
Repeat
For each remaining data points

Calculate the minimum of the distances to the previously centroids d™"
End for

Assign the data point with the maximum d™" as the next initial centroid

Until the number of initial centroids is equal to 2*K
END

= o a 2 s o ) oA
E“IJTI 3.21 Baﬂﬁ]'i‘ﬂlfiu“l]uﬁﬂ'L!ﬂ'liﬂ'Iu’]ﬁllﬂ’ﬁgﬂﬁuﬂﬂﬁ‘lilin%u?ﬂﬂlﬁﬁﬂ
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ALGORITHM 3: Merging pairs of initial centroids

BEGIN
Repeat
For each pair of initial centroids
Create points at 1/10, 2/10, ..., and 9/10 of the distance between each pair
For each of the nine created points
Determine the number of data points located within r distance (Eq.3.4)
End for
Mpar < The maximum number of data points
Mpmin <= The maximum number of data points
If A, # 0 Then
ratio < Rpae/ Amin
If the number of pair with the lowest ratio = 1 Then
Merge the pair with the lowest ratio into one centroid
Else if the number of pair with the lowest ratio > 1 & the number created
points > 6
For each pair with the lowest ratio
Reduce the number created points
Recalculate 7, and n,,,
End for
Else if the number of pair with the lowest ratio > 1 & the number created
points = 6
For each pair with the lowest ratio
Merge the pair with the lowest distance between each other
End for
End if
Else if n,,,,# 0 & n, = 0 Then
If the number of pair with the lowest f,,,, = 1 Then
Merge the pair with the lowest #1,,,, into one centroid
Else
For each pair with the lowest #1,,,,,
Determine the number of data points located between each pair
Merge the pair with the highest number of data points
End for
End if
Else if e =0 & Ay, = 0 Then
If the number created points > 6 Then
Reduce the number created points
Recalculate #,,,, and n,,;;,
Else if number created points = 6
Merge the pair with the lowest distance between each other
End if
End if
End for
Until the number of initial centroids is equal to K
END

:; a a 4 f, a = 9/
31l 3.22 daneTiinlusuneumsanaruinat G udy
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4.1.4 Abalone
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4.1.5 Soybean (Small)
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4.1.6 Wall-Following Robot Navigation
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4.1.7 Statlog (Landsat Satellite)
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4.1.8 Ecoli
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4.1.9 User Knowledge Modeling
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4.1.10 Yeast Cell Cycle (subset 1)
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4,1.11 Yeast Cell Cycle (subset 2)
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- 115U (Random Access Memory: RAM) 2GB DDR3
- g13efad (Hard Disk) 320 GB 5400 RPM
< = A o
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AULBUUMEY
Error Percentage
Datasets Original Proposed Erisoglu et al.
K-means method [8]
best 41,1215
Glass
average 46.1215 45.7944 462617
Identification
worst 51.4019
best 10.6667
Iris average 19.7333 10.6667 10.6667
worst 33.3333
best 29.7753
Wine average 30.0562 32.5843 £29.7753
worst 32.5843
best 27.0833
Yeast Cell Cycle
average 39553, 33.0729 26.0417
(subset 1)
worst 39.3229
best 25.7384
Yeast Cell Cycle
average 26.7089 25.7384 25.7384
(subset 2)
worst 30.8017
best 48.5037
Abalone average 49.2531 48.5037 48.5037
worst 51.0175
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AULLUAEY
Error Percentage
Datasets Original Proposed Improved K-means
K-means method (Erisoglu et.al, 2011)
best 0
Soybean (Small) average 24.2553 21.2766 21.2766
worst 42.5532
best 497617
Wall-Following
average 50.7331 50.4949 50.4949
Robot Navigation
worst 51.1364
best 26.216
Statlog
average 38.5734 38.073 46.1228
(Landsat Satellite) )
worst 46.589
best 15.7738
Ecoli average 19.3155 19.0476 20.8333
worst 24.7024
best 36.7246
User Knowledge
average 41.34 37.2208 38.7097
Modeling
worst 50.6204
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Identification
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Wine ) Fi 8
Yeast Cell Cycle
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Abalone 3 7 -
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Wall-Following
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AULUVAI)
Time (sec)
Datasets Improved K-means
Original K-means Proposed method
(Erisoglu et.al, 2011)
Glass
24560316 10.346430 7.181547
Identification
Iris 24.324212 6.929355 5.930217
Wine 23.904464 6.774086 5.907031
Yeast Cell Cycle
6.008016 16.722695 6.596300
(subset 1)
Yeast Cell Cycle
5.851093 10.087512 6.363757
(subset 2)
Abalone 7.841718 42.484876 8.222498
Soybean (Small) 5.761039 8.021462 6.507600
Wall-Following Robot
14.376440 206.099392 21.163142
Navigation
Statlog
25.730006 231.288009 39.058802
(Landsat Satellite)
Ecoli 6.375262 43.973114 5.989103
User Knowledge
7.146451 9.768558 6.510594
Modeling
13.80718336 53.86322627 10.85732645

Average
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Efficient cluster center initialization method for K-means clustering

Asit Thammano' and Pathcharnee Chattanes”
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King Monglut's Institute of Technology Ladkrabang
Banghok, WI520 Thailand
(Tel: 6527234964, Fax: 662-723-4910)
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Absteact: Clastering i o techiique 1o divide 3 set of objects into severs] clustirs, Among the clasaing methods, K-means
algorithm is one of the most well-known methods. However, the glustering results of the K-neans slgoeithm depend heavily on
the randomly chosen initial centroids. Therefore, this paper proposes a method for finding the sppropriate inital centroids for
Keameans ulgorithn. The expetimental results show that the proposed Initiafization method produces more seante clusters

dan the origioal K-means slporitem for most of the dutisas,

Keywards: Clustering, Inifaliztion method, K-meass algonthm

LINTRODUCTION

Clustering s x technique 1o divide a set of whiecis into
several gronps o clusters. Tl objeets in e same cluster
are more similar to one srother thas o the dbjects in other
chusters. In contease to chifioadon, chstering does pot
rely on  class-labeled tuining  exwruples. Thercfore,
chustering is & form of learniog by observation, rather than
Jemrning by exumples [1], Clestering hos been widely wsed
in numerows applicetions, swch as nwedicine, business,
biclogy, wformation retieval, pafiers recopnition, and
image provessing [2} Carventdy, there sre many clustesing
algorithms  wvaifpble. One of the most wellknows
chistering algodthing & Konweans algorithm because of its
simplicity, speed, amd  effectiveness.  However, the
performance of K-means depends heavily on the inidsd
cenroids which are selected mandomlv. IF the inidal
centroids are mot properly chosen, a bad clustering result
will be schieved {2} Therefore, seveml methods for
deternviining the initial centroids have been propesed w
overcome this shorfcoming.

Redmopd and Heneghan [3] proposed & meibod o
detering the initial centroids for K-means algorithm, The
propused method wses a kdstree to estinmate the density of
e data w0 varions Jocations. Then it sequentially selects K
initial centroids by using the distance und the density
nformation ti vid esxch selection.

Li and Wy [4] proposed mn Bmproved Kemeans
chustering algorithm which is o combination of the largest
migirm distance algorithm wd the origingl Kanams
algorithon, The largest minimum distner algorithe is used
o inidatire the clister centers. The experimental results

£ISAR0B 14
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show that the propesed algorithm outperforms the origine
Kapeans i tecos of the coavergence speod, cluster
precision, and stability.

Tujunishe and Saravanae (5] proposed @ owthod 1o
imprave the pertornance of K-means aigorithm. In the
proposed wlgorithe, Principal Conponent Analysis (FCA)
is used to find the nitial centroids and (o reduce the
dimension of the data, Moreover, Komeans slgonthm is
modified 1o reduce the computationnd conplexity of the
process of assigning the data points to clusters.

Pavan et ol. [6] proposed a sew wethod, colled Single
Piss Seed Selection (SPSSY, w0 dewrmine the inkisl
centroids. This proposad method s an extension of K-
megns®E, which s proposed by Arthar and Vassilvieddi
{71 The advanege of the SPES s that it prodices & single
optinal solution which is insensitive o outliers,

Frisoghy, Calis, snd SakaWliopls (8] proposed an
alporithm o compute the initial centroids for Keomeans
afgorithm. The proposed algorithm chocses two variables
that best deseribe the change in the dataset. Fisst, the
variable which has the maximao value of the coeflicient of
varkution 15 selevted as the main axds. After deterining the
main axis, the varishle which has the minimum sbsolute
worrdation coeflicient betwoen the uin axis and iself s
selectad a8 U secand dxis. After thal, the proposed
algorithm chooses the Initia! controids that are fiar away
from one anothier.

Mazeer. Kwmar, and Scbastian (9] pooposed
algorithm, based on the concepts of sorting and partitioning
the input dita, to determine the initigl centroids for K-
means aigorithm. The proposed algorithm sorts the input
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data set and partitiors the socted data set into K number of
sets Then the men value of esch set is used a3 the mitial
centroid. The experimentat results show that the proposed
plgorithm  produces better clustering results than the
originaf K-means algoeithm. Moreover, it slso uses loss
compuiation Hme.

This paper proposes & new inittaliagion method fir K-
means clustering algorithm with the aim to imprave the
scouracy of the clustening results.

The rest of the paper is orpanized a5 follows, Section 2.
deseribes the original K-means algoeithm. The propesed
initialization method is presested in section 3. The
eiperimental results we discussed in section 4 Finally,
section 5 is the conclusions,

2 K-MEANS CLUSTERING ALGORITHM

Kemenns slgodthm is one of the mwost well-known
dustering algorithms, K-means algorittan compeises of two
main phases. Jn e frst phase, K data poins are randoinly
selected from the datu set and vsad as the initial centroids.
Iin the second phase, the rest of the data points are essigned
o e closest ceniroid by caleulating the Ewclidean
distances between each data point end the initial centroids,
After all data points are assigned 1o one of the clusters, the
arithimetic mean of each claster is caloulated and used ag &
new centroid, This process i repeated until no change in
e chister ¢enters occurs, The psaido code of Kaneans
algorithim is showa as follows:

Define the number of elusters (K
Randomly select K datn points as the initial centroids,
Repeat
Assign the date points 10 their closest cenlroids.
Update each cluster center by computing the
arithrmetic reean of 2l data points in the cluster.
Unil all centroids sre unclanped,

Although K-means slgorthm is simple, fast, and very
“effective, it bas two limitations, First, K-means algorithn
requires the user to predetormine the number of clusters,
which is denoted as K. I i35 proctically very difficult to
decide on the suitsble cluster number.  Second, the
performance of K-means depends beavily on the iniial
selection of the cluster centers, 1 (he initial centroids gre
not property chosen, a bud chistering result will be
achieved.

£ ISAROB 2014

154

3 PROPOSED METHOD

To improve the performance of the K-means clustering
algorithm, this paper proposes 3 method for determining the
appropriute initial centroids. The proposed method tries to
choose the initied centroids that are far avay from oue
another. The proposed method consists of three main phases,
T the first phase, the finst initial centroid is defermined. In
the second plase, the remaining fnitisl controids are
derermiined. The total number of initia] centroids mast be
iwice the value of the predefined number of clusters K. In
ihe Tast phase, o pair of indtia] centroids is merped together
umti] the mumber of centroids is cqual to K. A pairof initisl
weniroids is merged fogethér if e exist muny data points
wniformly Jocated alomg the aren between the two cenfroids.
When il initialization phases arc complete, (he original K-
stresns alporithon i parformed. The detailed steps of each
initiafization phase arc described as follows:

Fhe ficst phase:

1. Calcalate the standard deviation of each variable,

. Divide all data points into twe sub-groups by using
the middle of the range of the vadable with the
highest standard deviation as a cut-off point.

3. Repess steps 1 - 2 an the sub-group with the highest
density of datz points until the total number of sub~
groups is equal ta K.

4, Compare the last two sub-groups. The one with
higher densiry of data points is selected.

5. Based on the varisble with the highest standard
deviation, perform the followings: §) Sont the dam
points in the selectod sub-growp, and i Caleulate
e median salue of the data points in e selected
sub-group.

5.1 If the number of data points in the selected sub-
group i odd, (e pedian value will be st the
position {n+1¥2,
1f thse number of data points in the selected sub-
group is even, the modian value will be
determined zocording o the following prooess,
Firgt, the Buclidean distance between the data
point at position (/2§ end the data point gt
position (0231 is caloulated. Second, the
Buctidean distence between the duta point ot
position (w23+1 and the dats point at position
{0212 15 caleulated. Third, the sbove two
distances are comgared. I the former is smaller
thars the latter, the median value will be at the

2]

$.2
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6.

position {0/2). Otherwise, he medisn wlue
will be at the position (R/2)+1,
Assipn e medisn value oblained in step 5 a8 the
first initink centroid,

The second phase:

1.

Caleulate the Euclidesn distance between cach data
point and the first initlal centroid. The Buclidean
digtanee between each datn poind and the first initial
centroid is denoted as doy.

. Axsign the data point with the hiphest doy; as the

seound initial centroid.

Calculate the minimum of the Fudidean distances
beween cach momaiming data poiot and the
previously assigned initial centrofds.

A

o = o) ®
where Xk # 1, 2, ..., A A s the number of peeviously
asgigred inittl centrosds.
Assign the data point with the maximum & ps
the pext initial centroad,

N 2 :
e, m;;::m(d, } (2}

where N is the number of remaining data points, Tis
the index of the data point with the maximun @

. Repeat steps 3 - 5 untit the samber of fnitial

centroids reaches twice the value of K.

The third phase:

L

Create points at 1710, 2410, 3/10, .., and %Wl of the
distance between esch pair of initial eentroids, Lat
dy denote the distnee between the i and j iniial
centroids. Therefore, the distancs between any pair
of adjucent points {r) is defined as:

=
=0 )

For each pair of initial centroids, determing the
number of data points located within rdistance from
each of the nine created points, The maximum
number of dats points located within rdistance from
each of the nine created points is denoted 85 Diux
while the minimum number of data points located
within rdistence from each of the nine created points
is denoted 25 nyg,.
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3. Pick & pair of the initisl centroids and merge them

fogether, The merging process is performed as
fusllewes:

Case I:

1f there s at least one pair of initisl centroids whose
both B 86 Be at2 not equal to 6, caloulate the
matio between N, and ne. Afler the rativs of all
pairs of inifial centroids are calculated, they ame
sorted froem Jowest 1o highest ratio, The pair with the
lowest ratic is the first o be merged, and the pair
with the highest rato is the fast 1o be merged. The
new centroid is Wie arithmetic menn of these two
inttial centroids.

'y is not equal 1o 0 but ne, is equal W 8, the pair
with the Towes! furr (5 N — M) Wil be the first 1o
be merged and the paic with the highest nge will be
the last to be merged. However, if there is more then
one pair with the same lowest ngy deteomine the
1ol number of data points located between each of
these pairs. The pair with the highest number of data
points is the first to be merged and the pair with the
lowest mumber of dafa points & the last to be
miscged.

if both ngy, and ngy wre equal to O, the mumber of
points which are created in step T will be reduced by
1. This cauwes r o increase. For example, if the
nurnber of created points is reduced from nine to
eight, ¢ will increase from dyf 10 to d /66667, Afler
reducing the number of created points, redeterming
Nas 200 Ny, According to the conditions in Case 1
and 2, perforn the merging of inilial centroids.
However, if both my, and ng, are still equal to 0,
the mmber of created points will be further reduced
by 1 until the mumber of created points is equal
six, In the case that the number of created points is
equal to $ix, and both B, nd n dre still equal to
0, the pair with the lowest dy will be the first to be
merged and the pair with the highest d; will be the
last.

. The nwrging is repeated wmil the number of

cendroids is equal to K,

4 EXPERIMENTAL RESULTS

‘To evalute the proposed algoritim, the performance of
the proposed atgorithm is compared with that of the original
K-means alporith snd the initalization methed proposed
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by Erisogly, Calis and Sakelliogls {8]. The experiments
have been conducied wsing £1 benchmark datasets. Nine
ot of eleven dmasets are obtained from UCE machine

accuracy in 4 datssets, obtains the seme sccurmcy in 5
datozets, and obtains lower srourscy in 2 datisels.

accuracy {lower error rate} than the aversge accuracy of the
original k-means i 10 out of 11 dataset. 1n comparison to
the initinlization mghod proposed by Erisoglu, Calis wnd
Sakalliogly [8], the proposed method obtains better

CISAROB 2014

learning repository {10}, The ether two, Yeast 1 and Yeast 2, Table 2. The experimental rosults
ate retrieved from Yeung, Haynor, and Ruzzo {111 The Error rate {%6)
detmils of the datasets are given in Table 1. Since the Datasers Original Proposed | Erisogly et al,
performance of K-mens algorithm is sensitive to the initial K-means method | 3]
sclection of centroids, for each datasets, ten experimental best | 41,1215
repetitions are pedformed with different Tndtial centroids Cilass  |average] 46,1215 | 45.7944 46,2617
cach time, worst | S1L4AMY
best | 10,6667
“Table 1. Detnils of the benchmark datasels Iris average 197333 | 10.6667 10.6667
. The number | The mumber of |, ror 33333 1
Dt of ngances attribies R WBZ? ;;zzi
Glass 214 ¥ 6 Wine  [aversge] 30,0562 | 325843 | 207753
Ins 150 4 3 worg | 32.5843
Wine 178 13 3 best | 27.0833
Cr— prY = > Yeatt | [sverage] 332552 | 33.0m9 |  26.0417
s 5 worst | 39,3229
Yeast 2 237 7 4 e V3% Taea
| Abaicgic aun 8 3 Yeast 2 [overnge] 26,7089 | 257384 | 257364
Soybean (Small) 41 35 4 wors | 3807
Wall-Following best | 48,5037
Robot Nevigation | 5%5¢ - | . Abalo 49.2531 | 485037 | 485037
& ne |average # K
Landsat 6435 36 6 worst | $1.0175
Feoli 336 1 7 8 best [
User Knowledze | 09 = j oy [verp] 242553 | 212765 | | 21.2766
M&dﬂimg ; worst | 42,5832
Wall- | best | 497617
In this study, the perfonmance is measured in terns of F‘ﬁ:‘:‘:g aversgel 50,7331 | 50,4649 50,4040
ﬁv:‘; a:m)f rate, The scfmr rale is & ratio Mtbe mzmbcf of R weest | 51,1364
misclassified daia points to the wial number of dats points. bont | 26916
& Landsat |average} 38.57341 38073 46.1228
E'm‘:}@ @ wrsg | 46,589
best | 15,7738
where & isthe number of muisclassified data polnts. Ecoli  Javerage] 193155 | 10.0476 LB
N is the wial number of data poiots. worst | 24,7004
_ o _ User | best_| 367246
Tabie 2 shows the experimental resulis of e popoied |y p e biveragel 4134 | 372208 | 387097
alg:mﬁm-u m canqnanmn to the original K—ugannx a&gth_m Mdeling [ wore 5(} 62&4
and the initialization method proposed by Erisoglu, Culis,
and Sakalfioghs {8} The clustering results in Table 2
demonstrate that the proposed metbod schicves betior 5 CONCLUSIONS

Femeans algocithm s one of the most well-kanown
clustering algorithms. However, its perfornunce depends
beavily on the intial centroids which are selected randomly.
‘Therefere, this paper proposes a new initialization method
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for Kamesns slgodthm with the sim to improve the
sceumey of the clustering resulis, The main idea of the
propesed slgorithm is to chuose the initial centroids that are
fir away fronk one anather, First, the process of ereating the
initial centroids is performed. Then, s pair of initial
centroids is merped ogether if there exist many duta paints
uniformly located along the arca between the twa controids,
The experimental resules shiow that the proposed method
produses more securate clusters than the origingl Kaneans
slgorithm for most of the datasets,
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