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Hybrid Deep Learning Model Based on
Super-Short-Term Wind Power Forecasting
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2. College of Information Engineering, China Jiliang University, Hangzhou 310018, China)

Abstract: Aiming at the problem of wind power forecasting (WPF), a hybrid deep learning model (DWT-
TCN-LSTM) based on discrete wavelet transform (DWT), time convolutional network (TCN) and long and
short-term memory (LSTM) neural network is proposed to predict the super-short-term wind power. The
DWT-TCN-LSTM model is compared experimentally with the differential integrated moving average autore-
gressive model (ARIMA) . support vector regression (SVR) model, long and short-term memory neural net-
work model and convolutional long and short-term memory (TCN-LSTM) mixed model. The each model is e-
valuated through three evaluation metrics of symmetric mean absolute percent error (SMAPE), root mean
square error (RMSE) and mean absolute error (MAE). The experimental results show that: the DWT-TCN-
LSTM model has better prediction performance.

Keywords: wind power generation; super-short-term prediction; discrete wavelet transform; time convolu-
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Tab. 3 Comparison of MAE of five models at three different time intervals
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