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Abstract

Aiming at the characteristics of large noise and large fluctuations in wind power generation data,
an attention mechanism-based VMD-BiLSTM ultra-short-term wind power generation prediction
model is proposed. Firstly, the data is decomposed using the variational mode (VMD) to reduce the

DERER

XEG B, Tk, BT VEZIHHEIK VMD-BILSTM XUy & EIRIN]. B $aidE#, 2023, 12(1): 153-165.
DOI: 10.12677/aam.2023.121019


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2023.121019
https://doi.org/10.12677/aam.2023.121019
https://www.hanspub.org/

HSCE, T kA

sequence non-stationarity and strong nonlinearity. Secondly, each sub-mode is fixed on the sliding
window at the same time, and BiLSTM is used to further extract bidirectional sequence features,
and then the attention mechanism is introduced to strengthen the influence of important feature
information and improve the final performance of the model. Finally, the power generation data
set in the Southwest of the United States on the NREL website was verified. The final results show
that the model proposed in this paper is superior to the other 5 models in terms of wind power
prediction accuracy and evaluation indicators.
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Figure 1. Long short-term memory network flowchart
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Figure 2. Two-way long short-term memory network flowchart
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Figure 3. Attention mechanism flowchart
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Figure 4. Model prediction flowchart
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Figure 5. Partial raw series data case
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Table 1. Experimental parameter settings
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Figure 6. Variational mode decomposition of fan 303
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Figure 7. VMD-BILSTM-Attention’s prediction of modal 1
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Figure 8. VMD-BiLSTM-Attention’s prediction of modal 2
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Table 2. VMD-LSTM predicts individual modalities
2 2. VMD-LSTM X & MEZAS TN
R 5 it BLAH MAE/KW RMSE/kW MAPE/%
IMF1 0.45 0.54 0.02
IMF2 1.01 1.28 0.09
IMF3 1.16 1.38 0.55
303 VMD-LSTM
IMF4 0.39 0.47 0.01
IMF5 0.20 0.26 0.65
IMF6 0.13 0.17 -1.30
Table 3. VMD-BILSTM-Attention predicts individual modalities
5% 3. VMD-BILSTM-Attention Xf & MEZS TN
WIE RS T LA KL MAE/KW RMSE/kW MAPE/%
IMF1 0.61 0.77 0.02
303 VMD-BiLSTM-Attention IMF2 4.16 4.68 0.12
IMF3 1.01 1.32 0.58
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IMF4 0.39 0.47 0.01
303 VMD-BiLSTM-Attention IMF5 0.25 0.30 0.65
IMF6 0.17 0.22 -1.28

3.4.2. BERSENERTNS

A SIS AR RS A, PR AN R AR R RE B AN RRAS 23 AT T, i RS T 1 45
FHATF, MR ERAMTING R, TR 4. 25 N5 303 KHLE TR VMD 23 fil Tl il 2508,
PLHORIERH VMD FIRIAT . 55 a A SCEF XL 303 SRR T 6 RS E4T 0, 4 B H T
BARGSL, W& 5 s

Table 4. VMD’s data prediction for number 303 was not used
% 4. RXH VMD MRS 303 BIBHRETN

A5 e MAE/KW RMSE/KW MAPE/%
LSTM 50.08 58.39 0.05
RNN 47.54 54.81 0.05
GRU 48.81 56.02 0.04
303
MLP 48.74 56.44 0.04
BiGRU-Attention 48.59 55.86 0.7
BiLSTM-Attention 48.53 55.89 0.04

Table 5. VMD was used to predict the number 303 data
5. KA VMD X4RS 303 FETN

KRG & it MAE/KW RMSE/KW MAPE/%
VMD-LSTM 13.69 18.35 0.11
VMD-RNN 13.15 17.09 0.11
VMD-GRU 15.65 19.90 0.10
303 VMD-MLP 13.26 16.80 0.10
VMD-BiGRU-Attention 1521 19.73 0.11
VMD-BIiLSTM-Attention 12.62 16.85 0.11

e 4 FIEE 5 X EERT DA Y, 6T 6 NSRRI, EA8 AR /- B 0 i 5, To ik /2 MAP i8¢ RMSE
HARKBI TR, TEX B A S 2 Ja, 6 ADNTEEELT) MAP 437 B T 36.39. 34.39. 33.16+
35.48. 33.38. 35.91, MAPE 75| N[ 7 40.03. 37.72. 36.12. 39.64. 36.12. 39.03. A WL7Eiz A /RS
MRS REMS O IR D B T 2 22, R R AR T T RSB A TIOAR 52 o B L3R o M 3RAT TRE 8075 2 I,
ASCHTHEH ) VMD-BIiLSTM-Attention TS Y (1 SRR FHH AR — ML 4 TS0 b FLAB AR A, LR T 2%
REIF I/ VMD-GRU. VMD-BiGRU-Attention, VMD-RNN. VMD-MPL, %5+ VMD-LSTM.

N EMEM M ERGER, TE 9 ¥ 6 MiBnt T XL 303 T 25 R AT i, MTFIE 9 FTLAEH,
6 PSRN SR B AT T, BRI K AR AN EOR, BB, (R YIRS AR AT AR
REAE AR U R HTCRCEE B R AE, 1 BN A58 v LA Y, AR VA AR B T () 380 R B4 T 4k
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Figure 9. The overall forecast of the fan 303
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Figure 10. Prediction of the model VMD-BiLSTM-Attention
& 10. #8 VMD-BiLSTM-Attention FIFRUES

MIE 10 iTEUE H, VMD-BILSTM-Attention R RS A& i RO TN 7 XU & R, i B RERS BT 1Y
FPEEMAASAE, M B3 5 BRZESRAR a0, o188 TR B R 2 iR 25 71T, A SCHE H A AL A
THAMER, RETE, AIREK VMD-BILSTM-Attention B8 7E X 77 % FE AT A R 10 8 18 7

4. g

A VMD-BILSTM-Attention #5784, @ik NREL )3 1t 5% [ 78 5 45 b [X fr) e 0 $5c 8 SR HEAT 56
ik, RET4R:

ISR, W —HE . W SRR BS R )5, i MAE Al MAPE 430l RE6% T B
30%~40%. X —JPIEAMEFRK T HAEFI SRR AT, RIS AR B T A8 S0 B A R ARSI T AT 1,
B S5 N BILSTM FHE R JIALE], B AW SRE, ST S mmieesy, S Rm, 7ER—HdE s
WSHT, LSRN EIE A IR G BAHELE, AU VMD-BILSTM-Attention

DOI: 10.12677/aam.2023.121019 163 IR Esid


https://doi.org/10.12677/aam.2023.121019

HSCE, T kA

FEFRINHS FEE 5 T A ety AR, SRR AL K 5 LSRN 7 T B O ZBOCR, - [RIIREB D9 XU 8 L 13
SR 7N EIR S A

FERE RGBT FE T, T BB LA B & i e, BNt & R R &AL R B S XhES

ke, EE M RETTIREFBESH, o DI,
E&mE

WAL BRI R AW FU TR S PRI (B2022001).

SE

(1]

[10]

[11]

[12]

[13]

[14]
[13]

[16]

[17]

[18]

SR, BT, fIR0E. FET CNN M LightGBM 17 4 KR D S SR L (7], sl 544, 2021, 58(11):
121-127.

Nepal, B., Yamaha, M., Yokoe, A., ef al. (2020) Electricity Load Forecasting Using Clustering and ARIMA Model for
Energy Management in Buildings. Japan Architectural Review, 3, 62-76. https://doi.org/10.1002/2475-8876.12135
Peftzsh, BRERI, BHEE. BTSRRI 5T BRI R T[] ) R G B S, 2022, 34(3):
142-150.

Li, L.L., Zhao, X., Tseng, M., et al. (2020) Short-Term Wind Power Forecasting Based on Support Vector Machine with
Improved Dragonfly Algorithm. Journal of Cleaner Production, 242, Article ID: 118447.
https://doi.org/10.1016/j.jclepro.2019.118447

PR, THES, Wy, 225, B, RER. TR MRANR L > IR 0 S0 TR ).
51X, 2022, 1-8.

Hefh, Phis 4, HR5%, &, WIS, 55T CEEMD-GRU RS ()50 3T H0 7 4700 F00IN 5 V[ 0]. HiIN5 4%, 2023,
60(1): 16-22.

BT, R, AEE, mK, it BT ER UHLEIE CNN-GRU K31 ) G BT VA)]. R RIHOR,
2019, 43(12): 4370-4376.

Meng, Y., Chang, C., Huo, J., et al. (2022) Research on Ultra-Short-Term Prediction Model of Wind Power Based on
Attention Mechanism and CNN-BiGRU Combined. Frontiers in Energy Research, 10, Article ID: 920835.
https://doi.org/10.3389/fenrg.2022.920835

2, hEE, FEMR, DEK, BB, AR, FRFE. 22T VMD 5 PSO DR IR S 8 W 4 1 J 31 47 fir TR
[7]. HMEAR, 2018, 42(2): 598-606.

Dragomiretskiy, K. and Zosso, D. (2014) Variational Mode Decomposition. /[EEE Transactions on Signal Processing,
62, 531-544. https://doi.org/10.1109/TSP.2013.2288675

Wang, S., Liu, C., Liang, K., et al. (2022) Wind Speed Prediction Model Based on Improved VMD and Sudden Change
of Wind Speed. Sustainability, 14, 8705. https://doi.org/10.3390/su14148705

Tan, M., Yuan, S., Li, S., et al. (2022) Ultra-Short-Term Industrial Power Demand Forecasting Using LSTM Based Hy-
brid Ensemble Learning. /EEE Transactions on Power Systems, 35, 2937-2948.
https://doi.org/10.1109/TPWRS.2019.2963109

Bk, TRRES, B tE, 2R, MR T RIS AR AL 2R S A s B Ay TN 7 VA [J/OL]. R RER 22 S8
R, 2022, 11(12): 3999-4009.

g, FET SSA-CNN-BILSTM ) Ay 303 67 far 204t T 77 VA (D] [l 201 3C). BUMI: WL K2, 2022.
Tian, C., Niu, T. and Wei, W. (2022) Developing a Wind Power Forecasting System Based on Deep Learning with At-
tention Mechanism. Energy, 257, Article ID: 124750. https://doi.org/10.1016/j.energy.2022.124750

K, OO, RARK, . FE T Attention-GRU HIRL DGR A D Z TN [I]. K FHRE- 4R, 2022, 43(2):
226-232.

Zhou, H., Zhang, Y., Yang, L., ef al. (2019) Short-Term Photovoltaic Power Forecasting Based on Long Short Term

Memory Neural Network and Attention Mechanism. /EEE Access, 7, 78063-78074.
https://doi.org/10.1109/ACCESS.2019.2923006

XA, &BA, HYE. £T VMD R TCN (12 R BB A B0]. B R K F 224, 2022, 51(4):
550-557.

DOI: 10.12677/aam.2023.121019 164 IR Esid


https://doi.org/10.12677/aam.2023.121019
https://doi.org/10.1002/2475-8876.12135
https://doi.org/10.1016/j.jclepro.2019.118447
https://doi.org/10.3389/fenrg.2022.920835
https://doi.org/10.1109/TSP.2013.2288675
https://doi.org/10.3390/su14148705
https://doi.org/10.1109/TPWRS.2019.2963109
https://doi.org/10.1016/j.energy.2022.124750
https://doi.org/10.1109/ACCESS.2019.2923006

AR, T kA

[19] E&E, &%, Tilsd, KEM. ISSA 84k Attention XUJH] LSTM K4 B8y Fm BT, B RS M HEHF)
23R, 2022, 34(5): 111-117.

[20] EJE4), VETE, A RN A AR T AR TTVALD]. AESUIMTE R 22 24 (B AR B RORR), 2022, 58(1):
39-46.

DOI: 10.12677/aam.2023.121019 165 IR Esid


https://doi.org/10.12677/aam.2023.121019

	基于注意力机制的VMD-BiLSTM风力发电预测
	摘  要
	关键词
	VMD-BiLSTM Wind Power Prediction Based on Attention Mechanism
	Abstract
	Keywords
	1. 引言
	2. 基于注意力机制的VMD-BiLSTM模型原理
	2.1. 变分模态分解
	2.2. 双向长短期记忆网络 (BiLSTM)
	2.3. 注意力机制
	2.4. 基于注意力机制的VMD-BiLSTM模型
	2.5. 模型评价指标

	3. 实验分析
	3.1. 数据介绍与处理
	3.2. 实验参数设置
	3.3. 变分模态分解
	3.4. 超短期风力发电预测结果分析
	3.4.1. 分量模态预测分析
	3.4.2. 整合模态后的模型预测分析


	4. 结论
	基金项目
	参考文献

