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Abstract

A modified Kohonen’s simple Competitive
Learning(SCL) algorithm which has binary reinforcement
function and a constant adaptation gain is proposed. In
contrast to the time-varing adaptaion gain of the original
Kohonen’s SCL algorithm, the proposed algorithm uses a
constant adaptation gain, and adds a binary reinforcement
‘function in order to compensate for the lowered learning
ability of SCL due to the constant adaptation gain. Since
the proposed algorithm does not have the complicated
multiplication, it's digital hardware implementation is
much easier than one of the original SCL.
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