R[N VA

http://www.c-s-a.org.cn

2015 4 244 B 6 W

EF MapReduce B K_means FTE % K& BuH”

Kin#, £ H
CrAbAmRE: RN EEEREARZBE, KKK 163318)

8 E: ARG k_means SRISHIELE AL BRI S A NPT ) P AEAS 2 B S AR ), B T AT
MapReduce [] K_means JFATHIL, RN T 20G% k_means SEAERI GG E A J7 I E H Y, R canopy HkiE
ATviudt. S R, %5 T MapReduce (1) K_means HAT S5 MG J5 I EVEI RE = A2 R IR SRR, MU
r RIS, T HAE A PO B R T 1, Bt fa SRR B IE R RS A BE AT T2 I L. )

X ##17): MapReduce; k-means 5H.%; canopy 53%; AT, Fk '

-

¥

Parallel K-Means Algorithm and Improved Based on MapReduCe
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Abstract: In view of the problems that traditional k-means clustering algorithm faces in dealing with mass data, such as

running out of memory, the gperating in slow speed and so on, this paper proposes a parallel k-means algorithm based on

MapReduce. At theisame time, in order to overcome the blindness of the k-means algorithm in terms of determining the

initial value, we use the canopy algorithm to improve the insufficient. The experimental results show that the parallel

k-means algorithm based on MapReduce has an effect on clustering before and after the improvement, not only the

quality of the clustering has been increased, but in terms of processing large datasets. The speed-up ratio of the improved

algorithm can get closer to the linear.
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