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UPS Curve Prediction of Nonlinear Output Recurrent Neural Networks

HAN Xiao-ying' ,LIN Jing—jing’, WANG Ya-ping' ,XU Xia',LIU Feng—min'
(1. Gansu Meteorological Information and Technical Equipment Support Center,Lanzhou 730020, China;
2. Lanzhou Regional Climate Center,Lanzhou 730020, China)

Abstract : To solve the problem that the middle layer is too large in the calculation of neural network and the disadvantage of simple linear
output method which cannot effectively use the weight value to output high—dimensional information, the nonlinear output device replaces
simple linear output unit for traditional recurrent neural network computing, applied to recurrent neural network model. Through a series
of experiments, after using the nonlinear output, the performance of the improved recurrent neural network is better than that of the
traditional artificial neural network. The charge attenuation of the uninterruptible power supply battery will occur in different degree after
long time placement or long time use. A recurrent neural network based on nonlinear output device is used to express the nonlinear
system. Using this model to effectively master the working state of the battery, it has provided a great help for the electricity maintenance
work. Experiment shows that in the same middle layer scale,compared with the traditional middle layer calculation model, the success
rate of the improved recurrent neural network prediction increased by more than 2% .

Key words: recurrent neural network ; nonlinear output;uninterruptible power supply curve prediction
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