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LVQ (Learning Yector Quantization)

Neural Networks
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Learning Vector Quantization (LVQ), 1s a prototype-based supervised
classification algorithm.
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This is particularly useful for pattern classification
problems. The first step is feature selection — the
unsupervised identification of a reasonably small
set of features in which the essential information
content of the Input data iIs concentrated. The
second step is the classification where the feature
domains are assigned to individual classes.




