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Abstract; In order to improve the accuracy of short-term load forecasting,a PSR-LSTM load forecasting
model based on phase space reconstruction (PSR) and long-term memory network ( LSTM) is proposed
for a 660 MW unit. After normalizing the original unit load data with the normalized function ( mapmin-
max ) ,C — C method and small data method are used to prove the chaotic characteristics of historical load
data,and load time series reconstruction is carried out; each dimension feature vector after reconstruction
is used as time step input to establish LSTM model for short-term prediction. The results show that; the
average absolute percentage error of PSR-LSTM prediction model in 12 h and 5 min is 1. 38% and
0.39% , and the root mean square error is 6. 38 and 1. 83, respectively. Compared with the standard LSTM
model and the traditional auto-regressive moving average model ( ARMA) ,the model error is lower and
the prediction accuracy is higher.
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