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A K-medoids Clustering Algorithm Based on Standard Deviation

DENG Yu-fang,ZHANG Ji-fu
(School of Computer Science and Technology , Taiyuan University of Science and Technology, Taiyuan 030024 ,China)

Abstract: The K—medoids clustering algorithm has the advantages of low sensitivity to isolated points and strong robustness. However,
due to the selection of initial clustering center and the iterative updating of the center point, the clustering accuracy and efficiency are low.
The initial center point candidate set is defined according to the standard deviation, and a K-medoids clustering algorithm based on
standard deviation is presented. Firstly, the initial center point candidate set is defined by the standard deviation, and the initial center
point is determined by a stepwise increasing, which ensures the selection of dense sample points as the initial center point,and avoid the
selection of dense sample points,especially isolated points,as the initial center point. Secondly,according to the principle that the data
sample belongs to the nearest central point,the initial clusters is formed,and the cluster center points are continuously updated until the

clustering error squares is the same to form clusters. In the end, the experiment on UCI dataset and artificial dataset validates that the

proposed algorithm has better clustering accuracy ,efficiency and robustness.
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ST, P SRR 25 R I T & BB 1T 10 IRES R0 F
W, % 6 J& Rand FE B SC 90 45 1 £ 7 & F-
measure 1 SLE25E R

%6 AI#IEE e Rand 354k

e SPAM k-means SDK

15% 0.933 20 0.8366 2 0.856 78 0.933 20
20% 0.922 06 0. 828 99 0.924 72 0.920 30
25% 0.909 46 0.825 22 0.857 03 0.909 75
30% 0.897 74 0.889 78 0.864 9 0.897 74
35% 0.890 06 0.818 77 0.863 11 0.890 06

%7 AZI#¥EE EH F-measure

e SPAM k-means SDK

15% 0.857 10 0.701 32 0.725 08 0.857 10
20% 0.833 25 0.690 86 0.839 44 0.830 55
25% 0. 808 48 0.684 03 0.723 38 0.811 11
30% 0.787 18 0.774 35 0.727 36 0.787 18
35% 0.777 26 0.678 13 0.736 61 0.777 26

MFE 6 R T WAl AE 4 DNRAEFE B SDK Rk
VLA SPAM RS M R I L H R INK
I INCK RRF L& R k220, SDK BRH
T PR R R G Y S 2 LR 2 SDK SRR R
RN GL RN NI (73755 SO dp i G MW SR U I B F WA =12
o AN T8 BRI Ry o

5 4FRiE

FFE T R o 22 2 W 5O 4 A 3 B0 B 4 S
ST WG L AR AE | DT e 0 T AR P R R
WA R 5, e DI ST 5 B B AT B R A 5
BRI UE T 5, IR IS 0 A s A S A B R

REPEA R, F8 UCH B 4 BN TR 4R L kAT T
S U, SR A R Tz Rk A S, T —
B TAE RN SDK R M7k
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