5% 32% B4 £ #H 5 x R Vol.32 No.4
20174 454 Control and  Decision Apr. 2017

XEHS: 1001-0920(2017)04-0759-04

BT PEFEMEVIRR LT ORI K-EREE X

A~

F AL RIE, AL
(UM L2 £ B 50015 T RE 2B, 7 5P 414006)

8 0 K39 R EIEAWIAG TR I O AF TR M [0 0 3, 412 R — b 22 25000 2 1) 40 A e BT s 3R 2
O BGR B I e SUREAEE B FEACE 1 22 5 JE AR AR AR P2 22 R SRS B A FEAR P 1 2
TR, IR 2 R R B ik RIS O I 2 7 R T REAR S SRS 35 22 7 HORE AR ] ds SR 2 o
o, SRR, SO S I EEAMAR B T SRR R AR tE AR R R, 1 HLIE A IRE D, WSO B TR
KHRIR: K- MERZE WIEREH O HAERE

FES S N945 XERFRERD: A

DOI: 10.13195/j.kzyjc.2016.0274

Improved K-means clustering algorithm optimizing initial clustering
centers based on average difference degree

LI Wu'!, ZHAO Jiao-yan, YAN Tai-shan

(College of Information and Communication Engineering, Hu nan Institute of Science and Technology, Yueyang 414006,
China)

Abstract: Aiming at the dependence on initial clustering centers of the K -means clustering algorithm, an improved
algorithm is proposed. In the improved K -means algorithm, the initial clustering centers are selected according to the
distribution of data spatial. The distance between two samples, the average difference of each sample, and total average
difference of sample set are defined. Then the average difference of each sample is sorted. The sample with larger
average difference is selected as the initial clustering center if its difference from the selected cluster is larger than average
difference. Experimental results show that the stability and accuracy of the clustering results are increased by using the

improved algorithm, and the convergence speed is also accelerated.
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