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Abstract

Wind energy has garnered global attention due to its notable advantages, including safety, renewa-
bility, and environmental friendliness. To accurately predict wind speed time series, this paper
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utilizes 17,376 wind speed data points from Ma Huang Mountain in the Ningxia Hui Autonomous
Region. We propose a hybrid wind speed prediction model that combines ensemble empirical mode
decomposition (EEMD), long short-term memory network (LSTM), and whale optimization algo-
rithm (WOA). Comparative experiments were conducted with models such as BP neural network,
CEEMDAN-LSTM-PSO (complete ensemble empirical mode decomposition-long short-term memory
network-particle swarm optimization), and EMD-LSTM-RIME (empirical mode decomposition-long
short-term memory network-Rimoglio optimization algorithm). The results indicate that our pro-
posed EEMD-LSTM-WOA model exhibits more stable and accurate prediction performance. Subse-
quently, ablation experiments were performed on the EEMD-LSTM-WOA model. The findings re-
vealed that upon removing EEMD decomposition, RMSE and MAPE increased by 203.97% and
187.47%, respectively, highlighting the significant enhancement of EEMD in boosting the model’s
accuracy and stability. Similarly, after eliminating the whale optimization algorithm, the RMSE and
MAPE of the model rose by 78.34% and 74.93%, respectively, indicating that this optimization
method significantly contributes to the model's accuracy and stability.
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Figure 1. EEMD decomposition process diagram
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Figure 2. Schematic diagram of LSTM
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Figure 3. Whale optimization algorithm logic diagram
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Figure 4. Main prediction models
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Table 2. Main hyperparameter settings
*2 TERBHRE
TEARALI BP 145 7 2% T AL LSTM wRAEE
Rl 1 K/ 32 32 7
Rz 2 K/ 32 g 7
E ks 0.01 0.01 P
INZRIREL 50 50 P
SRUR/E P & 30
TR & & 10

3.4. ¥HfrisdR

T A BRI R P R, DA R R A M R AT B S DA Y Bk SIS, SR T 5 R 22 (RMSE)
SERAENT F 3 iR ZE (MAPE) DL B 8 R BRI BEAT PEAl . Hod RMSE Sy & Tl (i Al S BrAe (w22
HITEA TR RR, RMSE Bk A I 35 B AR Y e MRk 72, RMISE /N DU 5t BF AR TR &g Ml deF s MAPE. Ay B4
RIUERAPE PPN FE bR, MAPE /)N U6 B AL TR0 v A PR Bk 4 s R? W DA S WA AR 40045 000 A E AR B, R2 B
Bl 1 AR A e T .

DOI: 10.12677/aam.2024.1310429 4491 I3RS


https://doi.org/10.12677/aam.2024.1310429

T %

4. SEUESHR
4.1, MRS

1. FROUBERL N Sk
ELRAE ARG 7 SEAT T, F BAME AR R AL R A 2 K. ASHR I X B AL BP #iie
2%, RS BB E W =, TR 0] IR S 45 R A 1] 5 AN 3 BT

Table 3. Comparison experimental results of prediction models
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Figure 5. Comparison experiment results of prediction model
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Figure 6. Decomposition model comparison experimental results
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Table 4. Decomposition model comparison experimental results
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Figure 7. Comparison experiment results of optimization method model
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Table 5. Results of optimization method model comparison experiment
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RMSE MAPE R?
EEMD-LSTM-WOA 0.1436 0.1133 0.9960
EEMD-LSTM-RIME 0.1489 0.1189 0.9958
EEMD-LSTM-PSO 0.1478 0.1164 0.9958
EEMD-LSTM 0.2561 0.1982 0.9875
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Table 6. Results of ablation test
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I8 G RMSE MAPE R2
EEMD-LSTM-WOA 0.1436 0.1133 0.9960
LSTM-WOA 0.4365 0.3257 0.9638
EEMD-LSTM 0.2561 0.1982 0.9875
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ZJG WP T PR U EEAT SO0 S AN 7 AR oA T TR AR e A T HE R M . BRIk 2 Ak, L
RS E, AL RMSE Al MAPE 43 B3N T 78.34%F1 74.93%, 31X Uit B e AL A0 77 V5 AR 1)
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