Improve Training Efficiency of Self-Organizing M aps by
Canopy Technique

gmi111@mis4k.mis.yuntech.edu.tw gmi002@mis4k.mis.yuntech.edu.tw

Kohonen

Abstract

The self-organizing map is a well-known
algorithm in data mining purposed by Kohonen.
It provides a good visualizing mechanism to
project multidimensional data to
low-dimensional space. However, there is an
efficiency problem on training the SOM. In this
paper, we propose a method which integrates a
canopy technique to the training algorithm of
self-organizing maps for improving the training
efficiency without decreasing clustering per-
formance. We conducted several experiments to
test the proposed method, including different
setups of the canopy threshold data dimen-
sionality training data quantity and the size of
SOM neurons. The result confirms that the per-
formance of training efficiency can be improved
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with positive correlation of data dimensionality
but there is no correlation with data quantity and
the size of neurons.
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