










prototype vectors that were unable to represent any data
of the sets.

In the future, it is intended to expand the scope of the mod-
els obtained, using other vector quantization algorithms
in addition to the SOM network, also replacing the ARX
regression model used by a NARX model. The authors of
the work Júnior et al. (2015), are also developing adaptive
variants of the algorithms (Fritzke, 1995), allowing an
online version of regional models.
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