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Abstract

In view of the highly random and unstable characteristics of wind speed series, a new combined
model is constructed for short-term wind speed prediction. The model consists of particle swarm
optimization-time-varying filtering-empirical mode decomposition (PSO-TVF-EMD), permutation
entropy (PE), long-short term memory network (LSTM) and auto regressive integrated moving
average (ARIMA). Firstly, the original wind speed series are decomposed into several modal com-
ponents by using PSO-TVF-EMD algorithm to simplify the complexity of the wind speed series, and
secondly, the wind speed sub-modes are divided into high frequency series and low frequency se-
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ries by using PE algorithm, the LSTM and ARIMA prediction models are constructed for the two se-
ries, and the wind speed prediction values are obtained by superimposing the results of the sub-series.
The experimental results show that the new combined forecasting model increases the forecasting
precision to some extent.
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Figure 1. Long short-term memory network

B 1. KIEHIRIZ ML

DOI: 10.12677/0rf.2024.141103 1123 1B 512


https://doi.org/10.12677/orf.2024.141103

WIS %

2.5. ARIMA

819 22 73 88 37 BI(ARIMA) J& 73 Bt F 2 5 1) AR SRAE 5 13 S 2 18] ) 2 1 BR B0 R ) — R 7
ARIMA(P, D, Q7Y B SR g (8] PP B~ Aat:, WP AR AN, XTI R S HEAT d B 20l AR T A
IS 1) P SR PRI TR 51 SR JEos P At TR 3 51 57 B [l AR5 3 T EIBE R ARMA(p, ). ARMA J5 209

Y=oyt Yttty T E -6, -0, _"'_gqu—q

3. MEEATUMERE
3.1. PSO-TVF-EMD

ZH R B RAT TVF-EMD 20 I OCBER Y, JUHE, SR IME & A B BRI n X iR A B
s, Rk, WE PSR AN SEECON T I O . — XA S EIRARIE AR, N NiEE,
{EASCRIH PSO BEAT X A S HATRAL, BB — R A A R R 772, Bl
SRR F PE R AN A, FIRRE T/ME RN S &R Eil, S FrginifEins, sScIlshignsig .

2 PSO Sk Ak TVE-EMD SR S A A, D% E — D HRRE. ST DURS
R AR AT 5 - ARRERAOR, B BB I T R R, BT DAAR SR BRAE W LU A v PSO 21 H b iR
#.

BARPIRMT . E5%H TVE-EMD XB )7 51 8 347 7 iR 5 A0 81, G iR sk ok B e bL s, X
R SRS s R, WSRO, MIRERE SO 2 . e I —H 25 E 8 PSO L
RO AR TR E, TR E T, @i TVE-EMD 23 iR B K 5 1) R A 15 e b,
5 M LR R ARl A SR A B A A, T I () B A 5 e W g Bt A Bt - AR, X 2 R i i
B, 9T FERGH I B] 5 270 B0 Fh o 38 P i 51 00 g s B ) S A, A R BB O 15 e L i KB
HXF S BTN . &5, #HHRAESEIECE ST TVF-EMD 0%, Tifl 45 6 b i K E
A C/ TR NTES S S TN ERE

HPP BRI

1) WI4E1k PSO S 1 & IS BRI 5 M LU ARy B bR s 3

2) WIEAKL TR, BEALE —E R N R R S A [ nlfE VKL T HIVIEHA B, FEHLYIGE 1L
AR RNBL iR

3) FEANRIRL T B A T 0HE 53T TVF-EMD 40, 540077 BAH B 15 M L

4) RLCASMELL RN, FEHEANMA R AR A AN 4 R R AE s

5) BEHURL T [ B AN

6) TEHIEAR, 2D IRQB), BHRIERIREUL B R RBEME, F4H B E e b SR 1A

7) RSB IS A EE n]HE 53T TVF-EMD 73 fi#;

8) X7 e L K 1) IMF J S b A7 T, 45 H g 2 oA

3.2. BiEgRiES

H1 T G Hdf A7 255 B 2 A AR R PR A AR AR e e 1, AR SCE 5B 1 PSO-TVE-EMD S50 X S 44
BEAT W2 R HE, FoRs XG5 51 70 i AN RIS 1K) 7 7 91 o #2 R oK, 18 PE SATHEE 41 P 91 RS9
AR FL R AR P R MR 7 P 8o X i1 51, AR T LSTM AT AE AT, 1 X iR
Feal, RHT ARIMA FDAAERGTRIN . WO B @At 15 4 T B J5 . 8 — 5 P 45 SR kAT 1 45
By PABRERAS 1 f5e 2% 0 XU I (8] 57 51 T8 o

DOI: 10.12677/0rf.2024.141103 1124 1B 512


https://doi.org/10.12677/orf.2024.141103

WIS %

LRI

FIH PSO-TVF-EMD J5 244 J5 46y RGH 7 51 43 ff A n AMEAS 43 &

FIFH PE E0H5E n AT 5120 B0 B B, JFHRAE I 18] 75 51 1) 52 Z MR AR 25 23 B 00 o i A 2 AR A
.

LSTM HI Tl &5 51, ARIMA F T FIE 450551 o

TR IIN A9 B RMEAT T 51 T 25 5, 45 38 XU A TOMIE -

R TR A B 4 P 2 BT

[R4aEIE

PSO —®1 TVF-EMD

IMF1 IMFm IMFm+1 IMFn

LSTM ARIMA

FFYIFRNEESRH

72N

'

BLINER

Figure 2. Structure block diagram
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Figure 3. Raw data
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Figure 4. The predicted results of each model
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Table 1. Error evaluation of each model

* 1. BERBRETN

TR RMSE MAE r
LSTM 2.1211 2.4215 0.5877
EMD-ARIMA 1.4378 1.7455 0.6544
EMD-LSTM 1.6376 1.1468 0.7852
TVE-EMD-LSTM 1.2101 0.9390 0.8056
AT 1.0576 0.7912 0.9576
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