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Fig. 2 Flow chart of short-term wind direction
prediction via EEMD-CNN-GRU
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Fig.3 Time series of wind direction
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Table 1  Forecasting performance comparison of different models
A RMSE MAE R?
BP 35.654 6 16.983 2 0.782 0
LSTM 36. 506 4 16.533 4 0.771 5
GRU 36. 606 7 18.296 4 0.770 2
CNN-GRU 31.040 2 12.648 2 0.834 8
EMD-GRU 38.304 0 22.450 9 0.748 4
EEMD-GRU 33.407 1 17.129 3 0. 808 6
VMD-CNN-GRU 15.964 9 8.488 1 0.956 3
EMD-CNN-GRU 17.833 0 10. 544 0 0.945 5
EEMD-CNN-LSTM 12.514 1 6.741 1 0.973 1
EEMD-CNN-GRU 12.414 3 6.647 8 0.973 6
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Fig. 5 Wind direction curves predicted by different models
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Table 2 Prediction time comparison of two models

Ben TN /s
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SHI Jiarong, et al.Short-term wind direction forecast via EEMD-CNN-GRU.
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Short-term wind direction forecast via EEMD-CNN-GRU

SHI Jiarong' GOU Fan'
1 School of Science,Xi’an University of Architecture and Technology,Xi’an 710055, China

Abstract To improve the accuracy of short-term wind direction forecasting,a hybrid model , named EEMD-CNN-
GRU,is proposed based on Ensemble Empirical Mode Decomposition ( EEMD ), Convolutional Neural Network
(CNN) and Gated Recurrent Unit (GRU).The EEMD is used to decompose the data into multiple components to
address the randomness and unsteadiness of wind direction series, then the local connection and weight sharing of
CNN are employed to extract the potential features in each component,and the GRU is adopted to reconstruct the
extracted features and superpose the predicted values of each component to obtain the final prediction results. The
experimental results show that the proposed method outperforms models of BP neural network and long short-term
memory (LSTM).

Key words wind direction forecasting; ensemble empirical mode decomposition ( EEMD ) ; convolutional neural

network (CNN) ; gated recurrent unit ( GRU) ;long short-term memory ( LSTM)



