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Abstract

Wind energy is random and intermittent, and accurate and reliable wind speed predictions are
essential for wind farm planning and grid operation planning. This article presents: VMD (varia-
tional mode decomposition, VMD)-SE (sample entropy, SE)-CEEMDAN (complete ensemble em-
pirical mode decomposition with adaptive noise, CEEMDAN)-PSO (particle swarm optimization,
PS0)-SVR (support vector regression, SVR) is a combination of decomposition short-term wind
speed prediction. Firstly, the intrinsic mode function (IMF) of VMD decomposition is decomposed
by sample entropy (SE) discrimination method, and the subsequence with high complexity is de-
composed by CEEMDAN, and then the sequence obtained by decomposition is predicted by sup-
port vector machine (SVR).In addition, in order to find better SVR parameters, the particle swarm
optimization algorithm is introduced to improve it, and the SVR parameters are optimized based
on the particle swarm optimization algorithm, and then the short-term wind speed prediction of a
wind farm is carried out, and the experimental results show that the prediction accuracy of the
VMD-SE-CEEMDAN-PSO-SVR model is higher than that other models.
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1. 51§

PUAE AT A FBOR B SZ B SR DG . SRTT,  XUEER F R QB I A2, 24 KB XA 2 3% L R IS, ]
B RS 2 580 AR R LR S AN [ 1] [2] [3]. DRItk P S A 1 JRGE I6 IR R H R G & R L

N1 AR R T RS AE RS, H AT B LR O A S B GG R AN T
RERERU[1] [3] [4] [5] [6]. W3EABE AL FH T S B 2 1) 2 A <R R BE A PR 37 P, (L 6 10 R
AT HR Z. 2T, SRS ETI0 ARMA (autoregressive moving average, ARMA). ARIMA
(auto regressive integrated moving average, ARIMA)F[7] [8], KFET REM I LEE, LM TR
A5 2R B A R AT R T B N TR B ROR I, Stk e, ALFE N T 28 ) 45 (artificial
neural nets, ANN) AR S 775 7E N BN TR BB LR g8 Y, FF7 32 B T G i Aidek 1] [2] [3].
B, R E SR, Arezoo Barijasteh %5 A[9]4 Hi T —Ff B /N A8 # (discrete wavelet
transform, DWT)F1 0[] i3 U #4125 WX % (R T 5772 - Mehdi 25 A [10138 H 7 — Rl Y B 7R & 0P 22 X 4% 1) H B
TR, AL T T R 2 ph 8 SRk, B 50 HT 1 BARFAE AN 22 R Exof XUIE FOUIIKS 52 () 80 . Wang 55 A[11]
T HKE 3 T 2 1] A 4% (BP) #H 28 IX 28 AR /INVEE 20 BT BRI ZINJRR 42 X 2% (wavelet neural network, WNN)FA T
GRS, HAS T RAFHTERE .

EH T XU IS 8] P 51 B AT AR v R M s RN R e M s 8 L6 RO e 91 EL R AT Tl 2 7 AR AR R ) iR 22
[12]c N THVNE—iRZE, W25 R 46 K B0 S B ARFAE AT 8 S A 8 . 91, Qin Qiong 55 A
[1I3A T #RETNREE, /E T —MEET EEMD-FuzzyEn-LSTM (longshort-term memory, LSTM)F4H. & T
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DERL, 5efd FH EEMD #5088 17 51 o i — R 5050 &, ARG RS (R 456 LSTM AT FItl. Li
S N[141$H 7 —Fh3ET EEMD IR A J59%, fi ] EEMD S0 xt 7 st 5088 v ) 1) BBk A7 o0 it o SR 5 A
LS-SVM (least squares-support vector machines, LS-SVM)# R i 47 Xis 7 51 il . Chen £ A\[15])i0 88 H T
— M T EEMD g% 5% (geneticalgorithm, GA)PLALA KT I 1CAZ 28 IR A Tl 77 7% . /R4 EEMD 42
BET O, FEEVF 2 OUEA R TN, RN AR R SE AT R, IR — ARG . BRUTSEN[16]
$2H 7T CEEMDAN-SE-SVR (IR . Gao 25 A\ [17]#2H 13T CEEMDAN-SVR £ 7!, [H] i}t 5%
EMD-SVR #17 Tt SE8esi RK W], CEEMDAN-SVR {7 EMD-SVR.

WA SCR ST VMD-SE-CEEMDAN-PSO-SVR IR A 2 25 /0 A XS F0 ik . Heh 5l N T #F
ARSI T7EHIET VMD A KA, 8 G T O AR . KB T AR AR SR PE AR A I e KA B8 5 i
HM: CEEMDAN X} & A M8 s 17 5 A AT 36 IR, A TIOIIR 2248 /)N, TRINACR 4. s, 4t
X} SVR SHGERUA E, A SRR F R 5L PSO X SVR ST T8 . #E— B m TR &

2 EE.L dbE
2.1. VMD JRIE

VMD & — B8 5T 7. 540 EMD B tL, VMD SR —FPse 4 3Ei8 A1 H & N
PSR AT RIS 5 AL BRSNS, % VERERNE A RN T 5 4% v HLEL A S ZU AR 2R M A AIE A s ) 2 51 AEF AR
P ) b B E FEE [ 18]

2.2. #A4E SE

BEAC R — B R, ORI TR S AR . SRR E, REASSE R LI Ao R A
B, M TR, RIS SR A — Bk, (DR R KL, 75 4 1
ik, REAOAAE T IE MM, HAE AR R B X (1) (1 =12 N=LN) B—Aa% N 4
B S HOR TS, )

X (1) ={x(1).x(2). . x(N -
1) MFFA X (¢) B BRI m IS Y (), AR

V(i) = {r(1),2(2),++,p(m=1), y(m)]

1),x(N)} (1)

(2)
:{X(1),X(2),---,x(N—m),x(N—m+1)}
2) % d [y (i), y()] (1) B0 y(j) P 2B B K2 (A I (i
&
d| y(i),y(j)]=max,, (|y(i+k)—y(j+k)|) 3)
3) BRI, 4 A (1) p()) (J #1) ZHAE T AN TEET - i
m _ 1
4 (r)_ N—m+1Ai “)
R
" 1 N-m+1 "
A= 24 () ®)

&) SERAEEA m A1, 4 B39 y(i) A y(j) (J#1) MZERLAHE AT T r 07 R 05
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1

Bi’”(r)zN_m+lBl. (6)
B
" B 1 N-m+l1 m
B ()= iy 2 B10) (7)

5) TSRS X (1) BOREAHE S (m,r) 265700 F

S

BAR, SRR H X (1) FEARE KN SZE] my r BUEK NI . SE KT E S M E 2%
[19].
2.3. CEEMDAN JRIE

£ EMD BYETE(S 50 P A e AR Z MA@, EEMD fil CEEMD ByAfRH T RMES HInN &
W s 77vE, W% T EMD MR ASIRSIR . (Hi, AR AIERES 4> B R Tl fE
TEE—ERREITR AR R, X REXS J5 25 5 o A AL B i — @ B2 . 8 1 FE$ i L aX — )
MITHE R, Torres % N[2015& 7 —Fl@r (120 il 7732, 1% 0579507 DL & MR INEE 7S, #X29 CEEMDAN.
5 CEEMD HiEMLL, 1ZJ7kmiid s AR E ks, WK S T EIERSIR . k3
R

1) (EJRERIF 5 x(¢) PERINIK AR S FA), 180 g0 (1) :

_ 1 o
IMF, = %ZIMFI’ = IMF, 9)

2) A IMF \oodE b or B, BRI AR E;
r = x(1)— IMF, (10)

3) & E, () EMD SMBJEH kA IMF 5y 8. RIS & F, (o (¢)) 21 5 o
—1d }
IMF, Y E, (n+aE (@ (1)) (1)

4) EEQQ)HIERME, BREFIENRNILE, R55H:

x[t]:i@ +r(7) (12)

k=1

2.4. PSO Bk
K7 HES% H Eberhart Al Kennedy T+ 1995 442t [ S 3 I8 S AT NAH KRBT I o I I B4 Mk 2
AR ARG B IE S, Ry HESRE(PSO) M BT N Tt AL A [ R o ] — kL 1SR AU, L3 1) & 28N
KA RGP B AR E . S B B ) 2 3
V,y = @V, +Crrandom(0,1)(P, - X, )

13
+szndom(0,l)(Pgd —Xl.d) (13)
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Xy =Xy +Vy (14)

Hep, o NARTARIER T, 5 o BUBCKME, MR FRERNEAR 2R SR EGR, (H)R 0 I ELss
RZ IR IR o KRN, AT RASGE HP AT SE AR 4 R AR S L 2 R AU R & . C AN C, 9543
7o random (0, )AEE|—Z [WHIEEHLEL B, P, AR FREFET TR SR TR I, PSO I

THEEAEmME 1 B
C»

A 4

BEALBT 4h PR 5

»
1
A

A

TSGR INE R

\ 4
HRIEE SR E HP1, P, TR 47
B

dik Bl Kk
ARIRBER 2R AR B %
JE BN FHRR

No

Figure 1. PSO algorithm flowchart
1. PSO BIARAZE

2.5. XHFEEEMEYT
SCRF AR HLSVM)FI A IR A 08 7 =y 4 25 o) R A @ B A~ T, DR PR R AR 1 i /. SVR
BAATE SVM A _EA T — @ it .
YIZRREAR, Forh x AINREAS, y, A REAR A, A8 f (x, ) UGy, o FEBINBUR JEHRFIE L o (x)
RMFERBOH S B o bo W f(x,) FEN
f(x)=0"o(x)+b (15)

RAEMENE f(x;) 55bri y, e A EARBA RO R, (LEEE SVR RH —MRRWE ¢ .
FERXFMEIL T, ATEOR @« b SRAR )RR A0 — A SR e /M ]
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min, o {2 -5 (e +4)|

S'tf(xf)_yigg""fi (16)
vi—f(x)<e+é
£20,E20,i=1,2,,m

EARQDF &M E B RZRIAER, ¢ RF f(x,) 55y, 22, b CRENLS, BT

SRR [ 52 2 o S I AR A RR R . SINRI I H S T o, M a, , IRIRESS EHRIR o 1958 3.
P, kTP E -

m

W= (a —a) (x,) (17)

i=1

SR K (x,, ) MEAT ISR VAR 2 R, U SVR AT A AR

f(x):izln(ai—a;)K(x,.,x)+b, 18)

0<a,a <C.
3. RURHEE N
3.1. ARICTHRTE

Hof RGEAS P Fa X — ), @57 VMD-SE-CEEMDAN-PSO-SVR #67,  DUAGE X XIS 478 v )
WAEAE 2 s, BARTEMIT

1) HFEARERFE VMD TP K, 567505088 K AT 751

2) WETFAIFEARS, S RE KT

3) H PSO Syt ab 3 SVR FEAY,

4) ¥ iR EF SE N R MG HEE, 3 ESL PSO-SVR TS A

5) & B TN 45 5 hnAS B S 24 1) 2 8 T

3.2. EiESR

SRR EEAN R R TN 25 5, AR 5 iR 22 (RMSE) KRR 14465t 7 4 L iR 22 (SMAPE). -3
2651 H 73 HiR ZE (MAPE) RIS 48 62 Z2(MAEB) N b HHREA R

MAE =%§: X ()=, (¢)] (19)
RMSE = \/ Z( (6)=x,, (,))2 (20)
_LN xact(t)—xprt(t)x 0
MAPE = Zl: 0 100% @21)
|xact (t) R (t)|
SmaAp - 100% 3 X (t)|; %, (1)) (22)
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Figure 2. VMD-SE-CEEMDAN-PSO-SVR model flow
2. VMD-SE-CEEMDAN-PSO-SVR &8I 12

4. BS54

AT M JE A B ok 1 26 [ b e XU 2020 4E 1 H 1 HZE 10 H 31 H s KUESE . %%
EREREN 1 bR, BN 10 NH, A 7279 MFEAR . JEIE KU 7 51 & 3 Chy a3 B0 I JE 0 5
gER, AURIRER S ) -

45, L VMD S35 R R 46 RGE 51, 3548 SE VERNE /M2 . BAKTI S, % T A3 5
HAE M, SE MRS, k2R, Hik, iy, TEFEEEN K H. ¥ SE X FF
Falf SAEN VMD B AR IEL, T DO B 1 2 RS 121

mE 4 AT A HTE K = 9 Z JEREARE TRuE, BrClltife K (e, #dE4 VMD #4745
fift, SR s,

S FE TSRS B IFEAR AR % 1 FR:

WL 1 FEAREE T LAE B IMFy ik, R Za 0S5 fE, HodiZs =8 H CEEMDAN
BEAT RO fR, BRIRHE R . &R R4 IR a5 51 mnlE 6 fik:

DOI: 10.12677/0rf.2024.142142 366 18 %5 S 2


https://doi.org/10.12677/orf.2024.142142

TikH %

JE GG KT 9 I & 7279 MFEAR, ASCLLRT 6979 MREANIIZGREE, HA 300 MEA NIRE,
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Figure 3. Original wind speed sequence
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Figure 4. Sample entropy for K values
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Figure 5. The subsequence after the VMD is decomposed
5. VMD 7 R 55
Table 1. The entropy of each modal component sample decomposed for the first time
= 1. BRADBRRASIRESENRE
BELE FEAHH BESE FHHH
IMF, 0.0479 IMF, 0.4076
IMF, 0.2490 IMF, 0.3741
IMF; 0.5982 IMFg 0.4813
IMF, 0.5805 IMF, 0.6053
IMF5 0.4981

i 2 (PSO-SVR): 4 PSO HiAb B iERT SVR #AIHEATA0AL, SR 5 T TR0 XU 5 71
iR 3 (VMD-SVR): H VMD Hikor i RGs 751, 5 H -+ 5 5155 L SVR AT o

T 4 (VMD-PSO-SVR [22]): F] VMD Hika @RGP A, I8 H T 7 5006 N R 1650,

35 A
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Figure 6. The sequence obtained after secondary decomposition
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Figure 7. Comparison of the results of the five models
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Table 2. Comparison of prediction errors

2. MG RIREXEL

TR i MAE/(m/s) RMSE/(m/s) MAPE/% SMAPE/%
SVR 4.05780 6.38982 63.9570 45.1653
VMD-SVR 2.87113 3.99052 59.6464 34.8798
PSO-SVR 3.00046 422734 53.8441 37.3864
VMD-PSO-SVR 2.63615 3.62138 50.3620 32.6804
AR 2.51087 3.30585 26.7863 27.4307

BT 25 S5 S BrE e b, HXGE TS R 7 Fron. 5 P BSPAN PR AR g B 2 fios.

M 6 7T%0, XfEL SVR 5 VMD-SVR. PSO-SVR. VMD-PSO-SVR PA K A SRR, 4 A 17 i1 &%
RIMRT SVR,  Fr LAXTIRZR VI [ F7 51 EAT 73 A B2 A AR L A5 R AR O B — 1S R 24, fEAH A () L
e, DA RE A SCER IR AL T oA = RS . R 2 IAE SR, T DA E WS RIE IR iR
N ARSCBRY TR B AR T — IR R NIRRT [22]KH T VMD-PSO-SVR A2 [ 7
TERAT T AT T, FEARATTIE 7T I 45 R () MAPE 5 RMSE 7589 2243, 8T EMD 1 EEMD,
PR T A TN O HER R . ARIEIZSCE AN/ 2] ) MAE. RMSE. MAPE. SMAPE DUANEFRS 1A
2.63615 m/s. 3.62138 m/s\ 50.3620%- 32.6804%. X}t VMD-PSO-SVR #ALfil VMD-SVR #5%4, KIL1E
MAE. RMSE. MAPE. SMAPE VUM Eds b, PG IREARLAH B T 23 Al T 0.23498%. 0.36914%.
9.2844%. 2.1994%; Xf LA SCHAYA VMD-PSO-SVR #8, K IIE MAE. RMSE. MAPE. SMAPE [§
ANebr b, ASCEAMELZ 58 T 0.12528 m/s. 0.31553/sy 23.5757%. 5.2497%. [Kth, A0
HH PR 23 i 77325 R A 280 ey XTI T 0 PR RS T 2

XU A AR, R AR SCHE R 23 fif 07 325wl DAAE XUTE 0000 77 T SR A3 BE R HERA I 45 5, AT
FR[22 ) FH AR ASE YR I BE g e o 3 DA 52 B 82 FH HR e 98 36 24 1) XU T A R it 1 s, TR L2
T 5 i TR FE R 3 e

5. &g

BT XEE R AR BRI BELME, KR A R T oA — N 2 SR . AR SR SR T —Fp
B IR MR E A TR VMD-SE-CEEMDAN-PSO-SVR. 1 5EH] Fl VMD St 3z 23 il it 21 1 1541,
BEJ5H SE tHEFHIIE A, WG T 5 CEEMDAN T iR, SRIEI X IR 57 fi#
()7 7 51K - ARAL J5 1) PSO-SVR A AYEAT TN, d5 5 FHVFAT 48R 70 A AR R IR 160 252 o AR SC58 R 1 I 1
1

1) BFXFRE SN TR R i, $RHEET SE R/ANRVVE ZIRDMRIIF A X — T IER K2R
I BAREE LR, PEm TN A R AR HEME, 5 VMD 4)fi#F1 PSO-SVR MISE & IR LA, P4
XTRZD T 4.8%

2) FFEARERI 7240 VMD Hh K MR, 885 T O ATR i 2 K B AT AR IR AR o FEA IR B 2 K
EFEINTE. B

3) X U R S AR SRR AR T B, 45 S B AR SCRIT AR ) PO A Y B N B A AT, AR KARRE B
WNRZE, B E TR R

R BRI, XU FRR T ARSORE R R SA, (E3 TR T nT BAA: Jlid MSOPSO kAt
SVR 24§, BEFI W AUREEE RN T, AT IR NI 7.
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