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Research on wind power prediction based on improved CEEMDAN-TCN model
LI Wangyue, FAN Chongjun

(School of Business, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Aiming at the problem that wind power time series data is highly randomized and it is difficult for a single algorithm to
obtain accurate prediction results, this paper uses an improved model combining fully adaptive noise ensemble empirical mode
decomposition (ICEEMDAN) and time—domain convolutional network ( TCN) to predict wind power power. Firstly, aiming at the
residual noise and spurious mode problems of integrated modal decomposition, the improved CEEMDAN is used to decompose the
original sequence data into multiple subsequences with obvious complexity differences. Secondly, the sample entropy is used to
evaluate the complexity of each component, and the TCN of the attention mechanism is used to predict the low complexity
subsequence and the high complexity subsequence respectively. Finally, the prediction results of each subseries are superimposed to
obtain the final prediction results. The results of the dataset in Flandren show that the proposed ICEEMDAN-TCN model has a
MAPE of 1.74% and an RMSE of 127.36, which is better than other comparison models and has the best prediction effect.
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Fig. 3 Wind power time series of wind farms
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