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Abstract

The values measured at different time
and enumerated sequentially by homogenous
interval 1s called time series. Its goal is to
predict values in future by analysing the
measured values in past. The stastical
approach to time serles prediction tend to
be by a neural approach with difficulties in
expressing the reationship among past data.
In neural approach, the preblem is the
acquisition of the enough training data in
advance. The goal of this paper is that
such problem is solved by generating
another term as virtual term between
terms in time series.
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