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Abstract

In this paper we proposed a fast method for a K-Means Clustering algorithm. The main
characteristic of this method is that it uses precalculated data which possibility of change is
high in order to speed up the algorithm. When calculating distance to cluster centre at each
stage to assign nearest prototype in the clustering algorithm, it could reduce overall
computation time by selecting only those data with possibility of change in cluster is high.
Calculation time is reduced by using the distance information produced by K-Means algorithm
when computing expected input data whose cluster may change, and by using such distance
information the algorithm could be less affected by the number of dimensions. The proposed
method was compared with original K-Means method - Lloyd’s and the improved method
KMHybrid. We show that our proposed method significantly outperforms in computation speed
than Lloyd’'s and KMHybrid when using large size data which has large amount of data, great
many dimensions and large number of clusters.
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Lloyd’s()
Initialize k prototypes (w,...,w;)
Each cluster C; is associated with prototype w;
Repeat
For each input vector x,, where i € {1,...,n}, do
Assign x; to the cluster Cj. with nearest
prototype w;=
(e[ x;—wp | Z]x-w; |, J E {1,..4})
For each cluster C;, wherej € {1,... .4}, do
Update the prototype w; to be the centroid of
all samples currently in C;, so that

X,
=
:

x,8C; |C|
==

Until cluster membership no longer changes
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Efficient K-Means ()
Initialize & prototypes (w;,....w;)
Each cluster C; is associated with prototype w;
Copy w; to w;’
Repeat Lloyd’s( ) for one iteration
Compute distance matrix Dy

For each input vector
For each prototype, do

Dy =|x;—w;|
Repeat

Call PredictInput( ) to predict input vector

For each predict input vector
Assign %, to the cluster C;» with nearest
prototype w;., and update dlstance matrix D,
(16\\’71vw\<\\7—w\16{1 kY

Copy w; to w;/

For each cluster C, wherej € {1,...,k}, do
Update the prototype w; to be the centroid of
all samples currently in C;, so that

x(
W, AZC: -

J

Until cluster membership no longer changes
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PredictInput()
Compu e difference of cluster
W, iw —w T
Cumpute predict input
For each input vector
For each prototype. update distance matrix

If x, e CJ, then
D, =D, +w,
Else
D =D —w

Assign x;to the cluster C"'J_* with smallest Dj;
(.e.,Dp = D; . j E {1,...k})
If j* # j then
Assign x, to the predict input =,
Deassign x; from the cluster C;
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