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Nuclear Power Equipment Status Prediction Based on
LSTM Recurrent Neural Network
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Abstract ; Nuclear power plants grow in size as the economy grows. The research on the running state of nuclear power equipment has be-
come an important field of data mining. Nuclear power equipment is a complex system with high reliability and security. Years of
equipment operation have produced a large amount of time series data. In order to solve the problem that it is difficult to predict the oper-
ational status of nuclear power equipment accurately, a nuclear power equipment state prediction method based on long-—term memory
(LSTM) recurrent neural network is proposed. Firstly,the data with obvious noise points in the original data are removed ,and then pre-
processed by z—score standardization method. After that,the network structure design,network training and prediction of LSTM are im-
plemented. Finally,the predicted results are compared and analyzed. Considering the variety of data reflecting the operating status of
nuclear power equipment,choose the main pump motor winding temperature related to the operating status of nuclear power equipment as
a experiment object. Through comparison experiments with GRU and RNN, the proposed algorithm has higher prediction accuracy for the
operating status of nuclear power equipment.
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