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Comparetive Between Adaptive Filtering And Neural 

Networks Methods With Application 
ABSTRACT 

The study of time series is one of first important subjects 
especially with study of analysis behavior of different 
phenomenon’s and discussed it throw the historical in different 
period to forecasting. 
 The initial aims of statistical sciences to know the behavior 
of feature search, we found each day throw the media the care of 
different  economic and wether forecasting. The aim of this 
search to compare Adaptive Filtering and Artificial Neural 
Networks to forecasting of time series models. 
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