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Increasing speed SOM for Clustering Data with A Density-
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Abstract

Self-Organizing Map(SOM) is an unsupervised neural network providing cluster analysis of high
dimensional input data. Outputs from SOM are represented in map that help us to explore data. The weak
point of conventional SOM is that it takes long time to train system in case of large map and large data
set. Data reduction is an important step to increase the efficiency of SOM. This research presents A
Density-Biased Sampling and Partial Approximate Compactness Estimator (DBSPACE) to reduce data.
This method requires only one pass of dataset. The output then is used for training SOM to facilitate fast
arrangement. Lastly, the learning process is repeated with the whole data. The result from experiment
shows that this method can reduce time up to 50 percent, compared with the conventional SOM, yet still
get the same result to find cluster.

Key words: Self-Organizing Map, A Density-Biased Sampling , Euclidean distance
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ap =ap +(n[i]*.r?)
WITH prob. P=min {M ey nliT° ,1—5],1} DO
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// start drawing when group contains more than 1 object
IF n[i] > 1 THEN add < P, X > to the output buffer
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FOR each output buffer entry < P, Xi > DO output <I1/P, )d(i >

reduce() IS
FOR each output buffer entry <P, X. > DO
LetP=min M [l MITO]A)
WITH prob. P, /P, replace this entry with < P,, X; >
OTHERWISE remove this entry
discordancy(lsd, n) 1S
IF n<= 1.THEN n=2
¥ ['=1" THEN
disc = Isd/((n*(n-1))/2)
ELSE
disc = Isd/(n-1)
RETURN disc
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