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Abstract Centralized master node is established in normal distributed clustering algorithms in order to control clus-
tering processes, which reduce the system’s reliability, single point failure problem occurs easily. The effective distribu-
ted clustering algorithm k-Dmeans Without Master(k-DmeansWM) based on peer-to-peer concepts, which abandons the
master node,uses peer nodes to achieve controlling of the clustering process entirely. Both theoretical analysis and ex-

perimental results show that k-DmeansWM not only ensures the accuracy and efficiency of cluster cases, but also greatly
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improves the reliability and scalability of the system,
Keywords Distributed clustering, P2P, Reliability
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1)Each node has a subset P; which is part of set D;

2)While E is not stable;

3)Compute a mean X, of the subset P;;

4)Broadcast the mean X, to every other nodes;

5)Compute distance d(i,j), 1<{i<CK, 1< | P; | of each vector

in P; such that d(i,;)=|1X;—v;||;

6) Choose vector members of the new K subsets according to

their closest distance to X;,1<0<(K;

7)Send K subsets to the node whose X, the distance is the most

shortest with;

8)Compute new mean X of the new subset P’ which contains

o« 40 o

old vectors and received vectors;
9)Compute E; of the new subset P;’;

10) Broadcast E; to other nodes;

K
11)Compute E= 2, E; when receiving E; completed;
i=1
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