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Abstract: To the difficulty of expression of the temporal accumulation in the time series using conventional time
series prediction methods, a time seriesprediction method based on process neural network isproposed Time series
short-temm prediction model and long-tem prediction model based on the proposed method are developed
regectively, and the correponding learning algorithm s are given T he effectiveness of this wo models and their
learning algorithm s are proved by the lubricating oil iron concentration prediction in the aircraft engine condition
monitoring, and the test results are satisfactory.
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