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Wind Speed Prediction Based on Modal Decomposition and
RIME-CNN-BIiLSTM-AM

ZHU Ting', YAN Qi-sheng””
(1. College of Economic and Management, East China University of Technology, Nanchang 330000, China;
2. College of Science, East China University of Technology, Nanchang 330013, China)

[ Abstract] Serving as a clean and renewable energy source, wind energy plays a significant role in mitigating the increasingly severe
energy crisis. However, the fluctuation and randomness of wind speed pose severe challenges to the stable operation of power systems.
To address this issue, a combined short-term wind speed forecasting model named CEEMDAN-RIME-CNN-BiLSTM-AM was proposed,
which was based on complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) , rime optimization algorithm
(RIME) , convolutional neural network (CNN) , bidirectional long short-term memory network ( BiILSTM) , and attention mechanism
(AM). Initially, the CEEMDAN algorithm was applied to the original wind speed series to obtain a series of relatively stable sub-
modes, thereby reducing the volatility of the wind speed series. Subsequently, the CNN hyperparameters were optimized using the
RIME algorithm to establish the CNN-RIME model for adaptive extraction and mining of wind speed data. Then, the BiLSTM-AM
model was employed to forecast the processed data. Finally, the forecasting results of each sub-series were superimposed to obtain the
final forecasting result. A comparative experiment was conducted using an actual wind speed dataset from a certain location. The
proposed model demonstrates good forecasting performance in both single-step and multi-step forecasting, providing a reference for
scheduling plans to maximize energy utilization and power supply.

[ Keywords] wind speed prediction; complete ensemble empirical mode decomposition with adaptive noise ( CEEMDAN) ; rime
optimization algorithm (RIME) ; convolutional neural network ( CNN) ; bidirectional long short-term memory network ( BiLSTM) ;
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Table 3 Values of evaluation indicators for each model

BT MSE RMSE MAE R?

Modell ; ELM 4.726 2.174 2.428 0.774

Model2 : BPNN 4.425 2.104 2.357 0.795

Model3 ; LSTM 3.956 1.989 2.185 0.816

Model4 ; BILSTM 3.639 1.907 2.037 0.859

Model5 ; BiILSTM-AM 3.472 1.863 1.839 0.905

Model6 : CNN-BiLSTM-AM 3.425 1.851 1.769 0.913
Model7 ; RIME-CNN-BiLSTM-AM ~ 2.957 1.719 1.539 0.929
Model8 ; EMD-RIME-CNN-BiLSTM-AM 2.472 1.572 1.409 0.936
Model9 : EEMD-RIME-CNN-BiLSTM-AM 2. 057 1.434 1.339 0.948
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Fig. 12 Model prediction error plot
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Table 4 Multi-step prediction evaluation indicator values

PN FHE R MSE RMSE MAE R?
Modell : ELM 5.839 2.416 3.426 0.725

Model2 ; BPNN 5.025 2.242 3.272 0.756

Model3 : LSTM 4.792 2.189 2.845 0.774

Model4 ; BiILSTM 4.425 2.104 2.579 0.784

Model5 : BiLSTM-AM 3.886 1.971 2.451 0.793
Model6 : CNN-BiLSTM-AM ~ 3.834 1.958 2.280 0.802

Model7 : RIME-CNN-BiLSTM-AM 3. 431 1.853 1.918 0.826

2% lodel8 . EMD-RIME-CNN-
3.410 1.847 1.703 0.841
BiLSTM-AM
Model9 : EEMD-RIME-CNN-
3.267 1.808 1.566 0.873
BiLSTM-AM
Model10 : CEEMDAN-WOA-
3.202 1.789 1.439 0.896
CNN-Bil STM-AM
Modell1: CEEMDAN-GWO-
3.024 1.739 1.380 0.917
CNN-Bil STM-AM
Model12 ; CEEMDAN-RIME-
2.305 1.518 1.328 0.935
CNN-Bil STM-AM
Modell : ELM 7.629 2.762 4.357 0.611
Model2 ; BPNN 7.285 2.699 4.026 0.694
Model3 ; LSTM 6.926 2.632 3.878 0.717
Model4 ; BiLSTM 6.602 2.569 3.731 0.732
Model5 ; BiLSTM-AM 6.343 2.519 3.638 0.756
Model6: CNN-BILSTM-AM 6. 174 2.485 3.343 0.762
Model7 ; RIME-CNN-
5.782 2.405 2.781 0.799
BiLSTM-AM
3%
Model8 : EMD-RIME-CNN-
5.508 2.347 2.697 0.818
BiLSTM-AM
Model9 ; EEMD-RIME-CNN-
4526 2.127 2.523 0.827
BiLSTM-AM
Model10 : CEEMDAN-WOA-
3.472 1.863 2.462 0.845
CNN-Bil STM-AM
Modell1: CEEMDAN-GWO-
3.230 1.799 2.409 0.853
CNN-Bil STM-AM
Model12 ;: CEEMDAN-RIME-
3.116 1.765 2.301 0.874
CNN-Bil STM-AM
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Fig. 13 Model multi-step prediction error plot
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