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Abstract In the past decades, data clustering has been studied extensively and a mass of methods and theories have
been achieved. However, with the development of database and popularity of Internet,a lot of new challenges such as
massive data and new computing environment lie in the research on data clustering. We conducted a deep research on
parallel 2-means algorithm based on Hadoop, which is a new cloud computing platform, We showed how to design paral-

lel £-means algorithms on Hadoop. Experiments on different size of datasets demonstrate that our proposed algorithm

shows good performance on speedup, scaleup and sizeup. Thus it fits to data clustering on huge datasets,
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A ERARE R RS, JEER.:
map({key, value) , (key svalue’))

{
MW value PREAT I BEA XS, {EAE instance;
WHYER minDis IR TT BERBCKE
index UL —1;
For i=0 to #—1 do {
dis=instance 5551 O RWIEE;
if dis /INF minDis {
minDis=dis;
indexr=1i;
}
}
¥ index VER key’;
W R A AT EAE N values
B (key’ yvalue’y;
}

S T W B A R R i B B BORE TR TE
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While (V. hasNext () {
M V. nextO H AT H -~ BEAR R 2 B AL BR AR 5
A 28 AR b 1E R INBBIH MR R 43 B
num+—+;
}
¥ ey tER Rey';
WE— P FRR,BE num MIPEEFBOER BEFRHBE
% value';
B Ckey s value’ )
}
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}
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}
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