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Abstract Huge volumes of data are increasing exponentially with the rapid development of Internet, which poses signifi-
cant challenges to traditional clustering technologies. Thus, improving the accuracy and computing performance of clus-
tering has become a research hotspot. As one of the partition-based clustering algorithms, K-Medoids can effectively
deal with the problems with isolate and noise points. However, it also suffers from problems such as sensitive to initial
centers, easily falling into local optimum, CPU and memory bottlenecks with big data sets. We proposed a genetic algo-
rithm based K-Medoids clustering under MapReduce framework. The algorithm solves the center sensitivity problem of
the K-Medoids by using the genetic algorithm, Also, it is built on the MapReduce framework to boost the efficiency both
for K-Medoids and the genetic algorithm, The experiments demonstrate that the proposed algorithm can effectively im-
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prove the quality and efficiency of clustering,
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foreach(value in dataset) {
Instance instance=ConstructInstance(value) ;
minDistance=Double. MAX_VALUE;
minlndex=—1;
for i=0 to clusters. length do{ tempDistance = ComputeDis (in-
stance, clusters[i]. getCenter(i]);
if(tempDistance< minDistance) {

minDistance=tempDistance;

minlndex=/i;
}

}
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}
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foreach(c in clusters) {
foreach(v in values){
minCost=Double, MAX_VALUE;
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for i=0 to values. length do{

tempCost+ =ComputeDis(v, values[i])

}

if(tempCost<minCost) {

minCost=tempCost;
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}
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}
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}
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Number[ ] ns;

Values[ ] vs;

For i=0 to tmpValues, length dof{

ssLi]=tmpValues. getValue;
vs[i]=tmpValues. getNumberQ) ;

}

newCenter nc=getNewCenter(ns, vs) ;

fitness=Fitness(nc) ;

}

bestFitness=max(fitness) ; // 385 X 3& B B (B A9
bestValue=getBestValue() 3

saveBestValueToHDFSQ ;
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