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public void map(Writable key, Text value,Context context) {
minDist=MAXDIST;
for (i=0;i<k;i++) {
if (dist(value,cluster[i])<minDist) {
minDist= dist(value,cluster[i]);

midClusterID= 1i; }

}
context. write(midClusterID, value) ;
}
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public void combine(Writable key, Text value, Context context) {
num=0;
sum; array[ 1. . dimension];
while (value. hasnext()) {
current= value. next() ;
num-+ +;
for (i=0; i<<dimension; i+-+) sum[i]+ = current. value[i];
}
context. write(key, Text(num,sum)); /%iH 8 value F45 B A5 num A& 0=
}
2.2.3 Reduce &4 3% 3 Reduce AL AJL combine 5% i i . key J2 B #E 1D, value H1 435 1%
4 1 X G 8 num LI S8R G2 1 45 4 B E 2 L Reduce s EMNA — key BI45 num 2 fil F3R 4 23 10
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public void reduce (Writable key, Text value,Context context) {
num=0;
while (value. hasnext()) {
current= value. next() ;
num-+ = current, getnum() ;
for (i=0; i<<dimension; i+ -+) sum[i]+ = current. value[i];
}
for (i=0; i<<dimension; i+ +) mean[i|+= suml[i]/num;
context. write(key, Text(mean));
}
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Tab.3 Customer clustering
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Application of Tourist Segmentation Based on
MapReduce under Big Data of Tourism

WANG Yong-qi''*, Wang Hui-jiao®

(1. School of Automation, Hangzhou Dianzi University, Hangzhou 310018, China;
2. Department of Travel Agency Management, Tourism College of Zhejiang, Hangzhou 311231, China;
3. School of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract; First, the characteristic of K-means clustering algorithm and Hadoop cloud platform is analyzed in this paper,
the improvement of K-means clustering algorithm and its implementation of MapReduce are given. Then, the experiments
of speedup and tourist segmentation are given to illustrate the effectiveness and the high scalability of the proposed meth-
od. Finally, according to the characteristics of tourism big data, a multi index RFM model is built, the clustering results
which are expected indicate that the algorithm is highly practical.

Keywords: tourism big data; MapReduce model; clustering; customer segmentation
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