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(Faculty of Electric Power Engineering, Kunming University of Science and Technology, Kunming 650000, China)

Abstract: In order to improve the accuracy of short-term wind
power prediction, this paper proposes a short-term wind power
prediction model based on the ICEEMDAN-SE-MSGJO-LSTM-
EC model. Firstly, the original wind power signal is
decomposed using intrinsic computing expressive empirical
mode decomposition with adaptive noise (ICEEMDAN) and
reconstructed by adding components with similar entropy values
through sample entropy calculation; Secondly, establish an
multi-strategy golden jackal optimization (MSGJO)-long short-
term memory network (LSTM) prediction model, optimize the
LSTM network parameters through the improved MSGJO, and
predict various modal components; Finally, error correction
(EC) is applied to the prediction results of each modal
component and all modal prediction results are added to obtain
the final prediction result. Taking a wind farm in Xinjiang as
an example, simulation analysis was conducted using the
prediction model proposed in this paper. The experimental
results showed that the prediction model based on ICKEMDAN-
SE-MSGJO-LSTM-EC proposed in this paper has higher
prediction accuracy.

Key words: wind power prediction; error correction;
intrinsic computing expressive empirical mode decomposition
with adaptive noise ( ICEEMDAN); multi-strategy golden
jackal optimization ( MSGJO ); long short-term memory
network (LSTM)

B OE: T RE KA RIS B AR T —
Fh 3T ICEEMDAN-SE-MSGJO-LSTM-EC #52 #4 f) 4 1] XU

E&TH: =p4 0T E A5 H (202301AS070055)
Key Basic
(202301AS070055)

Research  Projects in  Yunnan  Province

TR, 146, i@k ICEEMDAN X J5 4 KU T 3245
AT 53 A I 38 3R A T S R 30T 1 3 ek A i
¥ Hovk, #Er MSGJO-LSTM Fi i 45 %0 | 3 3 e 30 4 57448
LB (MSGIO) fi Ak LSTM ¥ 2% 2550, %) 4% B 25 3 i AT
T o FeJi 300 ook X 45 A5 A A3 i T 4 SR R AT R 25 50
(EC) F-H4 i s WU 45 SRAR IAS B e & T 25 21 . LA
i 5 XU 37 A 81, SR AR ST i 0 A S A 4 B G
MF, i e 45 S 2 WA 4 3T ICEEMDAN-SE-MSGJO-LSTM-
EC ) TS 70 T304 3 5 1

KR XTI ; R2EEIE; Sk BE R S 54
BB B WSS KISz Mg

0 3|5

Rt 30 - 60" Xk H bR G HE H , Inpr Be IR 1)
T M PR R i X ERBE A 4R L XUBEVE A
— R (o T A REVR IS E T N AR R
AT B EA BENLYE: s R R , S KU A
FL ST, o HhL P PR S B A T s A T R bl R MY
JREEL I T LA 2% it HEL 3 2R 41 AT 9 g
PR H T IR D3 A TR T A i s

AT AR Dy T 19 7 vk — o S 2 )
L g T BTk R E S KR
HERE B KBLPERES S L K NWP {5 B, 1%
Dy b B K WSSO 8 DA R A R AR A
ety ke A R H T Ty s A R R XU
FREHETAELR MR, SYHLEKMEL, 5
Tk R AR A 0 BN B A AR EA
FH RN RSk 2 20 T . W
G H T EEAE N TR M2 (ANN) 3235 1)

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



HUBLS RN, 55 50 %, 45 12 44

Electric Machines & Control Application, Vol. 50, No. 12, 2023

43

BHLTH(SVM) I EE L A R ST
P CARMA ) A 4 8% 80 7 2 1 1] ) 4
AL CARIMA) o

FE T B D, SCHR [ 18 ] B IR IR ZE L
(Volterra) 37 pRFTRIFIFT 5t ( BP ) 1 48 [ 25 25 5 1k
K, WA TR Bl ]38 i85 Bk - Volterra. -
PR 45 (GA-VNN) F5E R [y 2 5] B35 % KU T R
HEFT TSN, {H BP i 22 [ 4% 7] BE 23 b AR il et o
SCHR [ 19 ] 5 FH 2 B 2 T 265 1 BOBSCHE v ) R T
F R IR AR ] TR 2 55T ( BiIGRU) Hril|
SRR 25 LR W 5 1 T A AR SR i e R
G ABAREHY By 1 T00I0RE FE n] VAT A5 B 20
LSTM #f125 [ £ A R G 1 28 9 4% (RNN) f)— Fh
SR ST s 1] 37 BE A AR G P i D RNIN A J 32
T 2 FIVBR J8 g M A Tl R0 L LSTML Aol 28 8] £8% )
B R T AN 2 T BN Rk AR R T 2
WREEN N 2B 22 5 76 H0d Wb By T8, Sk
(22 Sl ad a3 43 A ik (PCA) Xt g if 2 4
SEBHEA AT AL EE, 78 A1 Ff CNN-LSTM £
RUSEAT X TR F , 5 X 23R 7 s s i NWP
B Z [ AR OGS AR Lk i, PCA 724X} T
LRAMEAH S B BT AN REAS B A ar i 25 R . SR
(23 | i) 22 S 43285 4 it ( EMID ) X XU By 28 Iy 5 4%
P IEAT oA, SR )5 T A 2142 ) 36 (RBF) ift 28 9] 4%
HEAT R IR TN, {H EMD 1] G2 H B S IR S B

SO B TG B . SCHR [ 24 ] 38 i A8 A LA

G (VMD) X AT 2R 5 58 B 08 1750 f , SR 5 i
A LSSVM £ 3#E 47 KBy 22 Fi , {H VMD #5225
Sy FRECE ARSI H T 9 AN SR, i
AR ATE4S

AR 1 — Fh 5 F ICEEMDAN-SE-MSGJO-
LSTM-EC {5 30 XU D S TS A . 17 508, & X
JAHL Ty S 5L AT 3 5 4 % B0 M RN Bl BL P, A
ICEEMDAN 73 fiff Ji 4 JAUHS, 2y 238 B[] 7 471 5 L,
XFANTR] 7 51 7. LSTM B 7Y, 3£ 5] A MSGJO %}
LSTM S8t A7 T4 5 fie S %o 000 &5 SR gk A 715 22
& 1E I X BT 510 S50 45 SR AR fin A5 280 e 2 1900 45
B AR X} LSTM , ICEEMDAN-LSTM . ICEEMDAN-
SE-LSTM, ICEEMDAN-SE-PS0O/GJO/MSGJO-LSTM
F11 ICEEMDAN-SE-MSGJO-LSTM-EC #4#03#£47 % L.,
IS RHIE T A SO A ICEEMDAN-SE-
MSGJO-LSTM-EC A R AP isdE

1 HiEfatE

1.1 ICEEMDAN
ICEEMDAN 43 53 2 4E EMD [ Bl 1 %f
FEUSIME R 1Ry 2250 0 /Y s AT Ak
BB EIRAE S 0 R kA IMF 35 F— Ak 22
g3, ICEEMDAN i B2 anF
1) 5IA EMD i Ja i sis -+ M( - ) fl k
WM ISR TR () 23T B (1) 5
2) WINE MRS R F A 2 (1) = x(1) +e,E,
[E(0) ] TR RE — sk
ro= {MLx'(0) ]} (1)
e, =8ystd (x) /std { E, [ £ (1) 1158, R YN
W55 53 M 15 5[] A 0] B A W8 LU AR sed Db
HERE 5 (- ) AAPREARSR -1
3) HEARN k=1 8.
IMF (1) = x(t) —r,(t) (2)
4) Wt ry (1) +e, By L€ (1) ] Rl BE 135
BRI S
IMF,(t) =
r(t) = (Mir(0) +oE,[£0) ] (3)
5) eSS kAR ZE ARSI
r(0) = (Mir_ (1) + o, ELE)]]) (4)

IMF, (1) =1, (1) = (1) (5)
FIPIRS) BRGS0 25 A 1)
IMF 3-8 Fl5% 22734
1.2 #AR

FEARE AN T 85048 i R B, AR L T —
2 HE BN — B B4, PP 51 52 e B g ) 9
HEE K . FEAR TR AR
1) W5 a7 51 f(0) B R m G e o .
Y(t)=[y(t),y(t+ 1), ,y(t +m - 1)]
(6)
2) EXafE Y (¢) Fa 2 Y (k) Z 8] 1 B
Sk A [ £ % 0 G 3 A 2 i K
D, [Y(1),Y(k)] =
0<maxlfly(t+z)—y(k+z)|f (7)
3) BoE— N/ NT 0 BIRE r, 3D, [ Y (1),
Y(k) | <r BIANEOR r SRS 3 N-m ) LULAE B
(r) % By (r) sKF¥155) B"(r)

N-m+1

B'"(r)=ﬁzt:l Bi(r)  (8)

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



X7 IR 45 T ICEEMDAN-SE-MSGJO-LSTM-EC )% A X H T = Tl
44 LIU Zhijian, et al; Short-Term Wind Power Prediction Based on ICEEMDAN-SE-MSGJO-LSTM-EC

4) Xf m+1 HE FRLTE 55 B™ () ;
5) XA RME N, AR R
Bm+l(r>
—_— 9
B"(r) (9)
A em iR AGER, — M1 825 r HARLEE
B, —f%E 0.1 * std—0.25 * std ,

2 #7F ICEEMDAN-SE-MSGJO-
LSTM-EC B 4H & Fitill 4= B

2.1 LSTM M%&

K5 19012 W 4% (LSTM ) 2 10 B M 25 ) 4%
(RNN) i) —Fhir sk e f4 . BEBA RNN 938 98
P, SCHA A R R A, AT DUAR 4 b i ke
RINN o6 JE2 11 2 IR B 1 K 1) ) 0, B 6% 76 2045 1R
Prsafg 8, LSTM R4 U 1 B,

Sge(m,r,N) == 1In

(k)
&

\=- A = I =4
o Yf. i fanh) e
(o) 4 o0 !

- o) fanh (o)
(e T h)

Bl 1 LSTM M4 451 E
Fig.1 LSTM network structure diagram
W 1 TR LSTM R 28 25 [, LSTM H

TCHA AT BV AT GRS T ) A H TT o B
Z| LSTM Schm A5 200 ¢ i 204 AR «, -1
B ZI AN MDIRAS €,y Fl =1 B ZIBEUZ S b,y
AR ¢ I Z BB St b, F0 =1 Z20 240 R
& Co BEERITRERS RN .

i,=c(W,x, + W,h_, +b) (10)

fi=o(Wyx, + Wich,_, + b)) (11)

o, =a(Wx, +Wy,h_ +b,) (12)
SV SR AN NN it L AN IS o S WL D
ZIMH s W, W, W, Hb; by b, 53300 24T ¢
A 220 AT RO TT i T AAS R AR R i
B W W W, 53000 o= 1 I 2055 AT st i
0 )RR RO B b, BOALE R B o N
sigmoid JHI PRAL, Pl HAmm th#E[ 0,1 ] 2 T
2.2 GJO fRiLEix

S AL (GJO) J2& Hi Nitish Chopra 55 A

T 2022 AEHR I —FhoC i R SE T Gl 58

LI R BRI T SR PMESTRAT . AL TR
AL ARG L Y G . A
GIO Bk, — X @5 (— R A% A — 8151 &
FE JUXH A A AL o

D) Eronia bRk

|__}f1,1 Y1,2 Yl,dl:l
1
Y e Y
Prev - %2.1 2,2 2,<{|:| (13)
SRNSEE : O
O
%n,l Y/L,Z e Yn,tl I:l

P, AIYIHERE Y, 95 @ RIS j 4
1 E s n YRR s d SR AR AR 4E 1L
2) EERAMFRLAY

Y (1) =Yy(t) —E -l Yy(t) —rl-P, (1) ]
(14)

Y,(1) =Ypu(t) —E 1 Yy (t) =1l - P, (1) |
(15)

Ao S YRR ACREG P, (1) 955 Y 8907 18]
il EETORYE AT W BENLEG Yy (1) F1 Yy (1)
O3 R MESA FIME S B A5 Y, (o) F Y, () 53500 R
XoF IO TS O A S N E S 1 SR
3) R FRILA N
TR IR P 5 AR — B ARAES A7 A A o A Y
wnr:
Y (1)=Yy(t) —E -l rl-Y, (1) -P,(1)]
(16)
Y,(t) =Yy(t) —E -l 1l Yy(t) - P, (1)1
(17)
2.3 GJO i sRmg
1) WU fz )27 > S
XU 2 ) ¢ > SR g d ok B AL A= [0, 1] i B
PLECS DI P LLEORIN, 1 R Bk e A
[) A4 B 1) 2 > SR o AR 3CHP A BEALEOR T P 3k
$£ Tent [z [n) 5], [ Z e PEidE B 0] %~
Tent J 1) 27 ] HUARRIAH AR INT
x°=1lb+ub-A, -« (18)
20, 0< A, <05
Aoy =
{2(1 ~1,),05 <A <1
e RS § A AN Y Tent J 1] 2%
STHLHI A B 5 ub A1 b 43 S R A5 [ BT
A XS Tent YRIEBHE
BRI A ) B AR AR AT

(19)

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



HUBLS RN, 55 50 %, 45 12 44

Electric Machines & Control Application, Vol. 50, No. 12, 2023

45

X_lb+ub+lb+ub_& (20)
) 2k k

N

sk i B AR A TR T o

2) FE IR e AR g

W AR S T R e TR R AR GO
Hr LI GIO BERLFE AR R 1B T A
RMEUNT

X0 =
a (X, +BIX,, - Xi[) + @, X}, i=1
{al(XLr +ﬁ‘XLr - X ‘) +o, X, i=2,3,,n
(22)
A X, AR s 18] p B AL AR A 1A Y f A
AN
3) ARZAERE f iyl ) A
12 GIO ", E /YT R 2 — At i il
DB REAJR AR B A, AN SO H A 2 fE i ik il
Pl sk, BR Rk n T

E = 1.5E,(2rand x ¢ ™) (23)
2.4 EHixgemik
SRy I8 I AR ST R B Bk B A A, R 6
ZH M3 PR K X PSO | GJO 1 MSGJO 8.3 i#E 47 il
o RS A 2 A1 Fros SR I ek B0M OC & 1 o
B E RO 30, e KA Ul 500, Hirf,
Si~fs R, H TR IR Sk SRS 5 f ~
fo RZVEREL, TR E 2R FEE T
FEILBAT 30 IREE HANFE % A £ A2 FiR,
TE IV BE A AN & BI TR BRI ) G 2 SR SR
MSGJO FYS SRS 2 & F GJO Fil PSO ;5 Z2 140 i 25
IR, MSGJO 3L 71 T GJO A1 PSO, H
MSGJO FERREL f) fs fs F fy LR RN T P AL
{0, LI, MSGIO HA i By S50 Ji Al
Ak
2.5 REIE
IH AR 2E A AE AT LA 5 25 1y 81, DA i —
ARSI EE . IRZEBIEL RN
1) XA DS SEERE H f, R, BE H v,
TR IREITIIN
& =f = (24)
2) KA IMF 431 T A5158 22 17 814 Ry i

J7 51 4 A F) MSGJO-LSTM A5 U r 45 31 158 25 i il
H e

3) KRBT ARIRIE y, FIR2EFE @, AH
Jngs 2 2 NI E 5, -

Y=yt (25)

2.6 FiMAREIE T

A SC #: H ICEEMDAN-SE-MSGJO-LSTM-EC
2 A AR, BAADBRANTR , AR R dn ] 2
FR

[ |

[ ez |
|

Bk s Bk is
v
4L A1 3E 5 2 S48

ICEEMDAN & #

o d 4B 489 4§
h

| SIME2 | «ee
P g

v
T
L

v [ 2 [ 4
IMSGJ('I—LSTM ] I MSGJO-LSTM | e |MS('-j()—LSTM l
[manz] [wanz ]
EEa En

o RN

B2 HEEmNREE
Fig.2 Model prediction flowchart

1) i1t ICEEMDAN it J5 o X S 5 40 k£ 7
I3fRASE] kA IMF S5 BERT— A5k 2E 00 6

2) HAREA IMF 23 5% 2% 5 i R, B0
EAHIT 14 73 B AH N 2H & BT A28 3-t SIMF

3) XA T MSGJO-LSTM 7 |
T MSGJO FPLB AT LSTM 2% (1) 5 > 22
TR T BRI 2R O SO0 0T R AT KT
T .

4) XfEEAS SIMF J3-f 5L S E AT A A 22 (E
BERZEFA, b A F] MSGJO-LSTM %) 44 rh 5 3|
BRZE TN , 5 Ty F8 I A AR AT 2 A B o)
1) B 2 TN AR .

5) KA A A3 TOUIU BRI A 3 fe 4 15
NN

6) Xof i Z T A5 SR AT IR 2E 00T ASCR

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



X7 IR 45 T ICEEMDAN-SE-MSGJO-LSTM-EC )% A X H T = Tl
46 LIU Zhijian, et al: Short-Term Wind Power Prediction Based on ICEEMDAN-SE-MSGJO-LSTM-EC

FHAP 2 48 X 5% 22 MAE S 25 48 X 1 o LG iR 22
MAPE )7 #i% 2% RMSE FIUE AL R X B A
I, AT

MAE=,1L§[f, -, 1] (26)
MAPE=rlLi[f';yt] (27)
RMSE = ig[ﬁ-&tlz (28)

R=1-[S0 -3¢ -]
B N (29)

ENG LEVAPS IR GUARYIE S5 €T R AR &2 QLRI K S U Rl
{EL;, A IR KD R AR I

3 LBISH

3.1 HIRAEESMHE

ARSCEAEH A KDD CUP2022 4F FE 3R dls , i
15 KA 30 5 XUBLAS 1440 4> %0dks K, I 1]
[Elf 10 min, KUHLAE D14 1 500 kW, %4 Al
70% VI ZRAE , T 30% 12 P4 o KL 5
IR 2N 3 Frr

E

~_eslsmir

?i:lowl:

& 500

=

£ 0 " '

=0 500 1 000 1500
FEA SR A

(a) 15 RHLE G Th 3 45

g

i A Th 22 2 kW
w
=

0 500 1000 1500
P B/
(b) 305 KNI 45 T 58 Bl

B3 RIhEFRREE
Fig.3 Raw data of wind power

I UG B4l 28 ICEEMDAN 3 2y 9 4>
IMF 735l 1 %2257, ICEEMDAN J3fif 45
ANkt B &I B2 iz g T fi e OIORG B2 A
B RLYI R 8], X g7~ TMF 3 5% 25 TSR
ACHRAE, Xof 45 {0 AH AT B9 5 AR N 20 & BB 9 03
SIMF, ICEEMDAN-SE 43 fift 45 5 it s B [l B3
JIe7R o

3.2 FNERS

PSO ., GJO # MSGJO i) HAx sk 4E i 4, H
b bR ECR ¥ 1R 2% MSE f5e/)h s 435Il LSTM i 7
EMATTEE(LL L2) YRR B (K) DL S22
F(Ir) TR AR UEAR SO A 850H: B AR S
15 % ICEEMDAN-SE-MSGJO-LSTM-EC /43 %I 5
BP  SVM ., LSTM , ICEEMDAN-LSTM ., ICEEMDAN-
SE-LSTM , ICEEMDAN-SE-PSO-LSTM .
ICEEMDAN-SE-GJO-LSTM ~ f1  ICEEMDAN-SE-
MSGJO-LSTM \ AN A0S Ll i g, T 25 5 an
Kl 4 fim o

SRt — P A AR B T RS, A SO 4%
BRI 0 12 25 MAE V-3 26 %0 B 43 bR 22
MAPE )7 HRi% 22 RMSE FIPL5E 28 R® #E 4740
Bro S BBEITMFR PR ANBE % A & A3 BN,

il 4 FIRfE S A 2% A3 0] LA H, A S 2
FERIAE 1 5 XML 30 5 KL _E /Y MAE \MAPE Fil
RMSE ¥ £ /M. ICEEMDAN-LSTM #f [t T
LSTM,, HIR00RS B2 A T 32 /&7 , 15 BH X AL 4 XU 2K
P A TASEAS 43 ik mT LAY 2050 I A0 i s 50 40 %0 0% B0
P, $2 2 RS B ; MSGJO-LSTM AH [+ T GJO-
LSTM, A7 PFAN 8 A 324 0 /), 15 B it el ik
GJO X§ LSTM 1 t8 = B AR Ak 02 A &k i, ] sk A
GJO [ A J& 35 5%t ; MSGJO-LSTM-EC #H Lt F
MSGJO-LSTM, AP 8 b ¥4 BT N B, 156 BH 38 i
BRZEME IE X 15 25 $E 47 00 AT LA SE — 25 2 v 9500
i)

4 ET&ZFEMHTTHX E

41 BFBBEEREFSIBEN
IR ) 502 9 R L
15 B BAASCR B R 91 4
B, B A IR S
FEHEET BER AR A 3 1 T 5 0
B RS A
1 & e, —e
N IEED

X h ABTEK( - ) IR

Wik S R iR 22 MR AR A I8, o LUA
AR SO AR 2 B0k B Al i il 265 15 2570 1 e
BOEA A, B AR b AR S 80 % B A T L5 3K
RELF

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



HUBLS RN, 55 50 %, 45 12 44

Electric Machines & Control Application, Vol. 50, No. 12, 2023 47
0,030, -
0.025 - EEahamm
g 0.020.
-'éﬂ: 0.015:
0010
0.005 \
L \
0! / L3 J
i -100 0 mgiit)i%?g&u;sm 600 700
A Th 2 5 kW
0 100 200 300 400 500
SRR A (a) l%mﬁLﬁéﬁﬂﬁﬁﬁE
(a) 1 RHLIE AR R L W N
2 500+ p—rr —] 0.010 === I s A E
0,008
2000+ %
= 5 0.006
:;{ 1500 % 000]
=
211000 0,002
4 | ;. |
500 oo 0 500 1000 1500
TR LT 2 0 i 2 kW
%100 200 300 400 500 (b) 305 KM% 2 HE =R 4540 P
BRI/ e e
(b) 18 KL AR AL SRR 4 IE 5 REBMENGE

Fig.5 Error probability distribution diagram
Pup =P+ F,_

P, =P = F (31)
Pinterval = [Pup ’Plnw:l
K P O RIPR S A S F (- ) R R iR
0 100 200 300 400 500 I3 BRI SRR P, FL P, 23500 D XU AR X
TRIRE A4 i TR,
(0) 30% FUBLIE ABUIST S L
PICP =— ) N. 32
. ; i (32)
1 n
PINAW =—% (P, - P,,) (33)
n =1

PN, AR 5 A DR AR T X [8] Y
AL ATERN 050 g WA B A

% 100 2040050 WAl 6 7R A TE B AR A 95% F190% T (1 i
85 o
B4 mnsERE *1 AEEREETHITEMNER

Fig.4  Prediction result char Tab.1 Evaluation indicators under different

4.2 EFEZFEMITHREBINERK @ confidence levels
TE LTI A Bl b DX 00 8 S e XU H B PICP/% PINAW/ MW

Ty 2R 00N 152 2 1% MR 232 % B ok B AT B 4, A5 3 | L 95% 0.951 4 0.088 4
U IE B AL S (31) VR — i A v ot oomn
MES T Y B A5 DX R], I8 i X ) 4 55 2% ( PICP) 30 5 AL 90% 0.902 8 0.035 5
A 8] 98 BE @ 4 e (PTANW) ¥4 X [E] 52 )
A, M & 6 R LUE H, A ER 43 B4l 4 A8 Tl

D] A, A R 20 BT I D s AR DR By s A T X

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



X% 4 LT ICEEMDAN-SE-MSGJO-LSTM-EC 1% 5 JXUHa Ty 2 1)

48 LIU Zhijian, et al; Short-Term Wind Power Prediction Based on ICEEMDAN-SE-MSGJO-LSTM-EC
2500 s — ()R 30 AU H, D SR P AR A, 75 1 DA 45
- _,4':?:“"'*”"-*- | 1) 5 BP BRI SVM BURAR Ho, 7K S

IR Th # kW
o
.3
—
B,
= —-:-:—_*-—-= =

21000} \
: ;" ‘,I |IJ' !: I' it
snu'r W '\Hﬁl‘,‘ifl
' i b ‘#L«: |
% 50 100 150 200250 300 350 400 450
FEA A4
(a) 1’5 JANL95% H. {5 B FJM!‘JI? [i]
25000 oo ol
| SSDm—— ey = " HNR
2000 A 500
3 B T N
5 1 50'0:"“""“!H IIII'I.‘II ﬂ.!
"] ! il |
21000} TR .}\, f:;.i
£ | v ”."fé' i f
5001 hi '\"Fl‘: f
! I":‘ f‘ ‘& |
TN T
0 50 100 150 200 250 300 350 400 450
FEAR g/
(b) l%fxwwo*’xnﬁ{aﬁmﬂlrlﬁl
0 ‘!! I‘
o A | T
20000 49 | YY1
= n'nr'ﬁ 140 145 150 153
é {
%1500’ ,y .
= i I l L\'AI [l
& 1 000/} LI
2 || %ﬁb rﬁf1 f
I
5001 i
';' f | L/ w'\‘
% 50 100 150200250 300350400450
BEA A
(c) 305 RHL95% {5 Fitul (X )
25“0 | L ]
e \,r.,tl
2000 1 400| !

\
IJO‘ISS 107145 130 155

hf~nt:%h

50 100 150 200 250 300 350 400 450
B A

(d) 305 JAHL90% F 13 Tl X i)
B6 AEEFEETHXEBNER

Fig. 6 Interval prediction results under different

R HLTh R W
=
§ %

confidence levels
[l Z5h. iR 1 AT, A SORERL AT o5 3 B A K )
B RE R, DX W] 98B 1 0 LA s B B AR FE Y
R, DX TA] 58 BEARL RS R, SR LSy 7 DX A Y
FEBIERE K

5 2|:| Ta

X XA H 7 B BEAIL 3 2l 1 i B, AR 3L
2 i — i 3£ F ICEEMDAN-SE-MSGJO-LSTM-EC

A LSTM ELAT S 47 i OIS B2 5

2) 5o — LSTM £ AU AH b, A S M
ICEEMDAN #78 G8 HU Ji7 4 2048 43l — & 501
GHES I FL A A T SRR 0 (A 3T 1) )
AL AR T R AR5 5 BB sh M, 4 1 A Al
IR B [a] 5

3) 5 PSO.GJO Bk A0 L, 78 SCRT {8 FH Y
MSGJO 3 8 ROF- 5 4 Ja 8 R AR 48 22, 42
A SIGE

4) SRR () JRy B, A S A X T 4
R TIRZ B IEMA B R AT R, G RHR
TR 2B IE REAR KRR B R AME R | B A 2
P 1 TRORG JE o

[ 1] trify, s, RIRE, 5. 5 BXA B R 22 )
P B XH AT A5 B A BUZ AR R [T ], HL T
AREFAR, 2023, 38(6) : 1620-1632+1661.
XU X, XIE L R, LIANG W X, et al. Bi-level

optimization ~ model  considering  time  series

characteristic of wind power forecast error and wind

Transactions of China

1620-1632+

power reliability [ J .
Electrotechnical Society, 2023, 38(6) :
1661.

(2] k¥, 35, BRI, 5. KU D3R Bt sk sk
[J]. B JERAR, 2016, 42(4) ;. 1047-1060.
QIAN Z, PEI' Y, CAO L X, et al. Review of wind
power forecasting method [ J ]. High Voltage
Engineering, 2016, 42(4) . 1047-1060.

(3] Fv@, GosAl, PIBE. B UrD 2l 3 0000 RS BE i)
FE[T]. BMEAR, 2017, 41(10) : 3261-3269.
QIAO Y, LUZ X, MIN Y. Research & application of
raising wind power prediction accuracy [ J]. Power
System Technology, 2017, 41(10) : 3261-3269.

[4] GUJ, WANG Y, XIE D, et al. Wind farm nwp data
preprocessing method based on t-sne[ J]. Energies,
2019, 12(19) : 3622-3637.

(5] HRuEss, EidE, 22 TR, X Bul R & H v
RPN SRR [T ], B ML 4R, 2013, 7(2):
104-109.

ZHENG T T, WANG H X, LI W D. A review of the

wind power forecasting technology and its performance

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



RUALS RN, 25 50 &, 45 12 )

Electric Machines & Control Application, Vol. 50, No. 12, 2023

49

[6]

(7]

(8]

(9]

[10]

[12]

[13]

evaluation[ J]. Southern Power System Technology,
2013, 7(2) : 104-109.

YAN J, ZHANG H, LIU Y Q, et al. Forecasting the
high penetration of wind power on multiple scales
using multi-to-multi mapping[ J]. TEEE Transactions
on Power Systems, 2018, 33(3) . 3276-3284.
RER, MM, JKE, % BT EEMD-GRU-
MC H R I FR 5 0 51 [T ] B 5 s 4
A, 2023, 17(2) ; 66-73.

WU H J, GUO C Y, SU C G, et al. Combined
prediction method for short-term wind power based on
EEMD-GRU-MC [ J ].
Technology, 2023, 17(2) . 66-73.

ERDEM E, SHI J. ARMA based approaches for

Southern Power System

forecasting the tuple of wind speed and direction [ J].
Applied Energy, 2010, 88(4) . 1405-1414.
AMBACH D, SCHMID W. A new high-dimensional
time series approach for wind speed, wind direction
and air pressure forecasting [ J]. Energy, 2017,
135, 833-850.

EFE, FEM, K, 55 B TIRIE-RBF 4
W0 28 B SEAR e Fi S A S S TN L [ . Rl o ¢
A, 2018, 42(4) . 1110-1116.

WANG Y F, FUY C, SUN L, et al. Ultra-short term
prediction model of photovoltaic output power based
on chaos-RBF neural network [ J]. Power System
Technology, 2018, 42(4) . 1110-1116.

R, LT MA-SVM J5 i 4 82 199 5 AR 2y 28 350 0
[J]. EHLS RN, 2022, 49(7) : 104-111.
XU M. Short-term photovoltaic power prediction based
on MA-SVM method [ J ]. Electric Machines &
Control Application, 2022, 49(7) . 104-111.
BINRE, MU0, IR T B SR R L
R KO DR B [T ). W s A s e,
2013, 33(7) . 34-38.

LING W N, HANG N S, LI R Q. Short-term wind
power forecasting based on cloud SVM model [ J ].
Electric Power Automation Equipment, 2013,33(7) :
34-38.

A4, R4k, OB, 4 FE TR A BIER 5 F
PORERL Y XUHL D P ARSI . ML R GE A 3
1k, 2019, 43(3) . 101-107.

70U J, ZHU J 7, LAI X, et al. Simulation of wind
power output series based on space-time auto-
regressive moving average model [ J]. Automation of

Electric Power Systems, 2019, 43(3) . 101-107.

[14]

[15]

[16]

[17]

[21]

TORRES J L, GARCIAA A, BLAS M D, et al.
Forecast of hourly average wind speed with ARMA
models in Navarre (Spain) [ J]. Solar Energy, 2004,
79(1): 65-77.

T, skar g, R, BTt 5 o b A R
Hi3Z R PO B [T ). W 0 H sk B4, 2005
(8):32-34.

DING M, ZHANG L J, WU Y C. Wind speed
forecast model for wind farms based on time series
analysis [ J]. Electric Power Automation Equipment,
2005(8) : 32-34.

BARBOSA DE A D, MATTOS A C, LIMAO DE O R
C, et al. Different models for forecasting wind power
generation; Case study [ J]. Energies, 2017, 10
(12) . 1976.

CHEN P, PEDERSEN T, BAK-JENSEN B, et al.
ARIMA-based time series model of stochastic wind

power generation[ J|. IEEE Transactions on Power

Systems, 2010, 25(2) :667-676.

TLAEAR, SKRNVL, 5 Jr, & FE IR B ) 751
GA-VNN R {1 B I 2822 A [T ] o 1)
AR, 2015, 39(8) ; 2160-2166.

JIANG Y C, ZHANG B J, XING F F, et al. Super-
short-term multi-step prediction of wind power based
on GA-VNN model of chaotic time series [ J]. Power
System Technology, 2015, 39 (8) . 2160-2166.
B, KPR #F, 4. ST SSA-CNN-
BiGRU-Attention fi{J# 4 3] KUHL Dy SR U AR U [ ]
HLHLSPEHIN A, 2023, 50(5) ; 61-71.

LI Q, ZHANG X Y, MA T J, et al. Ultra-short term
forecasting model of wind power based on SSA-CNN-
BiGRU-Attention [ J]. Electric Machines & Control
Application, 2023, 50(5) . 61-71.

WIS, B, M, S SET KB HLALIRA R
F ot R I AR B [T ]. R FHAE A4, 2022,
43(8): 391-398.

HUANG L L, LI S, FU Y, et al. Ultra-short term
offshore wind power prediction based on condition-
assessment of wind turbines [ J ].
Solaris Sinica, 2022, 43(8) : 391-398.

KRGS, BT, Zk s, % JET EN-SKPCA [§
YEF FPA {4k LSTMNN 4 Ji 1 X0 e, 2y 3 55 0
[J]. KPHfE2AR, 2022, 43(6) : 204-211.
ZHANG S Q, YANG Z N, JIANG A Q, et al. Short
term wind power prediction based on EN-SKPCA
dimensionality reduction and FPA optimized LSTMNN

Acta Energiae

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



X0 | 2 F [CEEMDAN-SE-MSGJO-LSTM-EC )45 19 XU H T 2 Fi )

50 LIU Zhijian, et al: Short-Term Wind Power Prediction Based on ICEEMDAN-SE-MSGJO-LSTM-EC
[J]. Acta Energiae Solaris Sinica, 2022, 43(6): ZHU Q M, LI HY, WANG Z Q, et al. Short-term
204-211. wind power forecasting based on LSTM [ J]. Power

[22] TESR, D, ko, & RTHEBRREPCIZ M System Technology, 2017, 41(12) ; 3797-3802.
2% i HA X BT [ J]. KB RE2A4R, 2021, [26] NITISH C, ANSARI M M. Golden jackal
42(6) : 304-311. optimization: A novel nature-inspired optimizer for
LI R, MA T, ZHANG X, et al. Short-term wind engineering applications [ J ]. Expert Systems With
power prediction based on convolutional long-short- Applications, 2022, 198.:116924-116938.
term memory neural network [ J]. Acta Energiae [27] XIE L, HUAN T, ZHOU H, et al. Tuna swarm
Solaris Sinica, 2021, 42(6) : 304-311. optimization; A novel swarm-based metaheuristic
(23] FfEE, Ak, T ETFLIEHE SN S RBF algorithm for global optimization[ J]. Computational
P4 B R D R [T ]. o R R H Intelligence and Neuroscience, 2021.
H shik2adk, 2020, 32(11) ; 109-115.
WANG J X, DENG B, WANG J. Short term wind
power prediction based on empirical mode ks B #7.2023-07-15
decomposition and RBF neural network [ J J. W EBME R H 11 . 2023-08-16
Proceedings of the CSU-EPSA, 2020, 32(11) ; 109- VEH T .
115. PG 2 (1998-) , 55, WLHFFE Az, WF5E 07 1o S8 RE U
[24] BT, BAVER RLEREE, 4. i XU HI S 11, 744737537@ qq.com;
RO & DB 1], KA, 2023, 44 e H#(1999-) 5 LS A, BRI I D L &R
(3): 162-168. SAALIHE ,1150513831@ qq.com;
ZHAO Y Y, ZHAO HR, TAN J X, et al. Combined 5KIT. = (2000-) , 5B B HWF o8 A, WFE 7 18] R H f1 &R
ultra-short-term power prediction for wind power GAALTEE , 1284900085@ qq.com;
hydrogen production technology [ J]. Acta Energiae fa  #(1995-) 5B EH-HFIE A, BF 5T 0 ) e T &
Solaris Sinica, 2023, 44(3); 162-168. G AL TRE |, 1826449289@ qq.com;;
[25] ZRIvA, ZEal%, TFEL, 45 EHTFRKEiciZm wBAEVER XRRIR(1975-) , 58 4, 80, Bh9s 7 )

10 R L R E DR AT T [T ], R,
2017, 41(12) : 3797-3802.

L R GEE AP BT RE URIT I FRE , 248400248 @ qq.

com,

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



Extended Summary

DOI: 10.12177/emca.2023.143

Short-Term Wind Power Prediction Based on ICEEMDAN-SE-MSGJO-
LSTM-EC

LIU Zhijian™ , SUN Ruixing, HUANG Jian, ZHANG Jiangyun, HE Chao
(Faculty of Electric Power Engineering, Kunming University of Science and Technology,

Kunming 650000, China)

Key words: wind power prediction; error correction; intrinsic computing expressive empirical mode decomposition with adaptive

noise (ICEEMDAN) ; multi-strategy golden jackal optimization (MSGJO) ; long short-term memory network ( LSTM)

With the proposal of the “30 + 60” dual carbon
target, accelerating the development and utilization
of new energy can greatly reduce the burden on the
Wind

renewable energy source, has been widely applied

environment. energy, as a green and
and developed. Due to the randomness, volatility,
and intermittency of wind energy, when wind power
is connected to the power grid, it causes a huge
impact on the stable operation of the power grid.
Therefore, accurate prediction of wind power power
is of great significance.

This paper constructs a short-term wind power
prediction model based on ICEEMDAN-SE-MSGJO
LSTM-EC, as shown in Fig.1.

Firstly, in response to the strong volatility and
randomness of photovoltaic
ICEEMDAN is used to decompose the original wind

power time series into k IMF components and one

power  generation,

RES component. Secondly, LSTM prediction model
and MSGJO

optimization algorithm is introduced to optimize the

is established for each sequence,
number of neurons, learning rate, training times and

other parameters of LSTM model. Thirdly, error

Historical data of wind
power

ICEEMDAN

decomposition

v

Add and combine components with similar entropy values to

form a new component
o
Py
L |

I MSGIO-LSTM | | MSGJO-LSTM l ’ MSGIO-LSTM |

Error Error it
comection correction
Prediction Prediction
resuli | result 2

Add the resulis of each
component

| IMF1 {

| simE2 | -
Iy

Prediction
result 3

Final prediction results

Fig.1 ICEEMDAN-SE-MSGJO LSTM-EC

points,, wind power interval prediction is carried out.
The simulation results of fan 1 are shown in
Tab. 1.

algorithm proposed in

It can be seen that the improved GJO
this has

convergence speed and accuracy; error correction

article good

can predict error sequences and improve prediction

correction is applied to the prediction results of each accuracy; the ICEEMDAN-SE-MSGJO-LSTM-EC
component and the final prediction result is obtained model proposed in this article has the best
by adding the prediction results of all sequences. performance.
Finally, based on the prediction of the aforementioned
Tab.1 Error evaluation index of fan 1 model
fan number model MAE/kW MAPE/% RMSE/kW R?
ICEEMDAN-SE-PSO-LSTM 62.917 9 21.7315 104.432 0.964 35
fan 1 ICEEMDAN-SE-GJO-LSTM 49.219 7 17.000 2 99.017 0.967 95
an ICEEMDAN-SE-MSGJO-LSTM 42.680 4 14.741 6 80.695 6 0.978 72
ICEEMDAN-SE-MSGJO-LSTM-EC 10.172 1 3.513 4 63.160 7 0.986 96
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Appendix A
Tab. A1 Test function
function expression dimension range
Sphere ﬂ:ixf 30 [-100, 100]
Schwefel2.22 ﬂ:_i] | 2, \+_f[l | %, | 30 [-10, 10]
Schwefel1.2 f3=§‘,1( i]x,) 2 30 [-100, 100]
=1 =17
Rastrigin Ja= vil[x?—10c05(27rxi) 1+10n 30 [-5.12,5.12]
p 11
Ackley f5=—206xp( -0.2 /szlz ’ —exp 72(‘,0S(2"n‘xi)] +20+e 30 [-32, 32]
ni=1 n n
Griewank o= 2 [T eos| ) +1 30 [ -600,600]
riewan —4 OO()i:lxi L cos ﬁ R
Tab. A2 Test result
function optimization algorithm optimal value worst value average value standard deviation
PSO 7.92x107> 3.42x107! 1.69x107! 5.68x1072
1 GJO 1.31x107 2.34x107% 2.04x107% 5.14x107%
MSGJO 0 1.20x10740 4.01x107%* 0
PSO 1.641 8 6.352 3 3.478 9 1.121 6
§2 GJO 7.22x107% 1.08x107! 1.87x107% 2.15x107%
MSGJO 6.23x10717 3.36x107'%8 1.12x107% 6.13x107%
PSO 11.090 1 55.821 6 29.443 8 12.092 8
A GJO 2.56x107 1.69x107' 1.02x107"7 3.27x107"7
MSGJO 0 9.18x107* 3.11x1074 0
PSO 26.931 2 80.798 2 50.4215 14.516 6
Yz GJO 0 0 0 0
MSGJO 0 0 0 0
PSO 2.676 2 6.777 17 4.490 5 0.924 4
¥al GJO 4.44x1071 7.99x107" 6.93x107" 1.66x107"
MSGJO 8.88x107' 8.88x1071¢ 8.88x107'¢ 0
PSO 14.761 2 46.339 8 26.139 7 6.723 0
f6 GJO 0 0 0 0
MSGJO 0 0 0 0
Tab. A3 Error evaluation indicators for each model
fan number model MAE/kW MAPE/% RMSE/kW R?
BP 127.414 3 44.008 2 224.502 8 0.835 26
SVM 125.882 2 43.479 184.561 5 0.888 66
LSTM 111.557 7 38.531 4 171.271 8 0.904 12
ICEEMDAN-LSTM 74.196 4 25.627 158.238 8 0.918 16
fan 1 ICEEMDAN-SE-LSTM 63.384 4 21.892 6 139.930 8 0.936
ICEEMDAN-SE-PSO-LSTM 62.917 9 21.7315 104.432 0.964 35
ICEEMDAN-SE-GJO-LSTM 49.219 7 17.000 2 99.017 0.967 95
ICEEMDAN-SE-MSGJO-LSTM 42.680 4 14.741 6 80.695 6 0.978 72
ICEEMDAN-SE-MSGJO-LSTM-EC 10.172 1 3.513 4 63.160 7 0.986 96
BP 103.443 1 35.728 7 150.835 4 0.857 06
SVM 92.921 1 32.094 4 128.862 4 0.895 67
LSTM 77.357 6 26.718 9 115.881 7 0.915 63
ICEEMDAN-LSTM 73.034 8 25.225 8 95.777 5 0.942 37
fan 30 ICEEMDAN-SE-LSTM 63.806 3 22.038 4 89.172 6 0.950 04
ICEEMDAN-SE-PSO-LSTM 42.722 7 14.756 63.925 5 0.974 33
ICEEMDAN-SE-GJO-LSTM 39.533 1 13.654 5 58.399 5 0.978 57
ICEEMDAN-SE-MSGJO-LSTM 30.689 6 10.6 46.726 3 0.986 28
ICEEMDAN-SE-MSGJO-LSTM-EC 5.146 7 1.777 6 29.657 5 0.994 47
S6

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



Extended Summary

DOI: 10.12177/emca.2023.143

Appendix B
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Fig. B1 Function convergence curve
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(a) IMF decomposition results of fan 1 (b) IMF decomposition results of fan 30
Fig. B2 ICEEMDAN decomposition result diagram
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(a) SE reconstruction of fan 1
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Fig. B3 ICEEMDAN-SE decomposition result diagram
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