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Abstract: In order to solve the problem of low accuracy of wind power prediction caused by wind speed
uncertainty and volatility, this paper proposes a VMD-ISSA-GRU combination model based on variational mode
decomposition (VMD), improved sparrow search algorithm (ISSA) and gated recurrent neural network (GRU).
Firstly, the center frequency method is used to determine the number of modal components after VMD
decomposition, which can effectively avoid over-decomposition or insufficient decomposition. Then, chaotic
mapping, nonlinear decreasing weights and a mutation strategy are introduced to improve the sparrow search
algorithm to optimize the gated recurrent neural network, and then an ISSA-GRU prediction model is established
for each decomposed subsequence. Finally, the predicted value of each subseries is superimposed and the final
predicted value is obtained. The experimental results show that, the mean absolute error, mean absolute
percentage error and root mean square error of the VMD-ISSA-GRU model are 1.211 8, 1.890 0 and 1.591 6 MW,
respectively. Compared with the conventional GRU, long short-term memory (LSTM) neural network,
Bi-directional LSTM (BiLSTM) neural network model and other combination models, the prediction accuracy has
been significantly improved, which can solve the problem of low prediction accuracy of wind power.
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Tab.1 Center frequency of different K values
K IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8
2 0.000 3 0.0150
3 0.000 2 0.0111 0.034 8
4 0.000 1 0.009 4 0.0216 0.047 6
5 0.000 1 0.009 2 0.0205 0.0420 0.1633
6 0.000 1 0.008 9 0.0193 0.0339 0.060 7 0.2331
7 0.000 1 0.008 8 0.0191 0.0333 0.056 1 0.160 9 0.3020
8 0.000 1 0.008 7 0.018 8 0.0321 0.0499 0.0917 0.1690 0.307 6
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Tab.3 Error indicators for each combined model

- GRU LSTM BiLSTM

* OMAE Imare/% ORMSE OMAE Imare/% ORMSE OMAE Omare/% ORMSE
B 3.0313 4.660 1 37438 3.3358 51914 4.060 1 3.0525 46722 3.8005
VMD 2.976 9 43620 35909 3.1518 46195 3.8120 25800 3.765 6 3.096 0
VMD-GWO 1.4739 2.1400 1.907 8 2.697 8 3.860 0 3.3620 1.9782 2.8800 24712
VMD-PSO 1.3539 2.0200 1.766 8 1.8019 25700 22982 1.556 9 2.2800 1.998 7
VMD-AVOA 15639 2.4300 19575 1.768 6 2.550 0 2.2635 15845 2.440 0 2.0085
VMD-ISSA 1.2118 1.8900 15916 1.9853 2.780 0 25268 1.3558 1.950 0 1.797 6

M 3 A v N, ARECT B — R A E R R AT
AL RATZH IR, (A VMD HR
A B3 47 2 505000 0 2H 455 1Y T A
FET m, TNEE RS SR E R SRR A, 45
G 3 FRIEIE AT A1, VMD-ISSA-GRU #H & # 7
T GRU LA A2 VMD-GRU #iAY, P34 %) 5%
Zo IR T 60.02% 5 59.69%; “T-Iy4uixt 4t
RES AT 59.44%5 56.67%; T7HRIRZE S
SIBE% T 57.49%%5 55.68%; 1 HAh L% A
FEA AR RS B — € 42T, 41 VMD-PSO-
GRU AT GRU LA & VMD-GRU 74, HAF
PIHa TR 243 HIFEK T 55.34% 5 54.52%; 71
A0 o R ZE 5y ISR T 56.65% 5 53.69%; H:
Y HR AR Z 43 I MK T 52.81% 5 50.80%. [FIFER,
PL LSTM. BIiLSTM A&l Y i) Hofth 21 & A5 L A
BT B R A TR R 22 b AR AR AN [ 1
i, P RAE NS 73 B 3 ARt S5 s B 33047 b 3
DA S A F A A B9 o) 356 it B 7Y 1) e 2 B0k AT A
J&, RETUTRR AT I ERE, SRR E TR . K
GRU. LSTM. BIiLSTM it il A AT Lk
B, ASSCE FIRTAGS . ARLR IR E DL R —
IR AR TR W SR SO TR R A 1 R VAR R T H A Ak
L BRA EE TR, i VMD-ISSA-GRU
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HAEBAFH T VMD-AVOA-LSTM LA VMD-
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29.68%5 11.50%.
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Tab.4 Errors of each model on the AM dataset

it dmae/MW Smare/% Srmse/ MW
GRU 2.4033 5.828 0 3.0407
VMD-GRU 1.799 3 4.0207 23913
ISSA-GRU 1.7938 45750 24279
VMD-AVOA-LSTM 1.2801 3.2375 1.520 5
VMD-ISSA-BILSTM 0.8951 2.3780 1.0727
VMD-ISSA-GRU 0.7651 2.014 8 0.946 3
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