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Artificial Neural Network M ulti-var iable ForecastingM odel for
Spectral O il AnalysisData
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Abstract T he establishing model of the oil analysis data time series, which is unequal interval and affected by
adding oil factor, is studied A sthe artificial neural network (ANN) has the high parallel distributed processing,
asciative memory abilities, self-organization, self-learning and strong nonlinear mapping abilities, the multi-
variable predicting model by back-propagation neural networks (BPNN) is established In addition the genetic
algorithm (GA ) is used to optimize ANN’s paraneters Finally, two time series of aero-engine oil gectral
analysis data are used to verify thismodel The result show s that thismodel can effectively solve the prediction
problem of oil analysis data, w hich is affected by multi-factors such as unequal interval and adding oil The new
method has mportant engineering application value, and it is a common method of forecasting complex time
series,w hich is affected by multi-factors

Key words Oil analysis M ulti-variable forecasting U nequal interval A ddoil BP neural network Genetic
algorithm (GA)
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