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Ultra-short-term forecasting of wind speed based on CEEMD and GWO

WANG Jing, LI Weide
(School of Mathematics and Statistics, Lanzhou University, Lanzhou 730000, China)

Abstract: Forecasting of wind speed has a big influence on the rational dispatch and safety operation of electric power
system. Aiming at the problem that the nonlinear characteristics of wind speed time series cause its poor prediction
accuracy, a combined model based on complementary ensemble empirical mode decomposition and a support vector
regression machine optimized by Gray Wolf Optimization (GWO) algorithm is used to predict ultra-short-term wind
speed. First, the non-stationary wind speed time series is decomposed into a series of relatively stationary components by
CEEMD. Then, each component is predicted by SVR optimized by GWO. Finally, the prediction values of each sequence
are superimposed as the final prediction of wind speed. The results show that the prediction model is more accurate
compared with other intelligent algorithm benchmark models and has superiority in wind speed prediction.
This work is supported by National Natural Science Foundation of China (No. 41571016).
Key words: intrinsic mode function; complementary integrated empirical mode decomposition; support vector regression;

gray wolf optimization algorithm; ultra-short-term wind speed prediction

0 3l

LAk E Pl R e, P RETRI R
AR AL ORI sk, P EVF 2
DORA T PG S AEIMORATRE M [R]INFIE N
BE T IO PR R, HATTEEIAMRAT]
FREER IR RRENR SO NISTE I . TFRAfE
VEUR, R RO TR oy N Ak eh [E 78
MR LA RIS K SRR R, A 8 X
Ty R R LR s

HR, [ AR XGE AT T 2 3L
Py AR RSB 7 VR AR T I S B 0 g vk S

BEEMB: BERAAFFELTB (41571016)

VB4 A TR T 7 15 SR FH S I 5 S A T T
W, AR BT HUE AR R 2 MRS G T
P ST ARAG, AN R SR R B X T
55T Dy s s i RGE T vk, 2 s AR
Ja BT PN AL BN, et Uik R RE AL ER N )
A1) JRHCECHE (AR S, 8 FH 07 I i) e 1)),
IR B YRR bz 9 gk TR S L
o WD Bk AR A RIALE, B AR
SR B ) AE e, B 2 ) A ey vk,
Forpr,  JE 2 X 4% 14 T A 28 1 2 39 58 e R XL
ﬁ R D 2 s Y AR, B
4] FOUI AR 2R P00 XU ) ) ks RNz AL e A —
PR R, AR T2 S HAD AR LS G .

ST 1) = R E AL T R B I 2 S A



-0 - @A &R B R

XK, CHFERARTRARASEN, e ss
RURAE )AL SR N TR B Ak ST IR %
TR AT ST, TR . B9
S5 RIS R0 T DL v WG T RS 1, I HL
MEASE R4 5 S DERE el WA R TG Py o

ARSCPE T — P T T AN AR R A 2R 70 il A
HARAC LA SRy 17 B AHLR B R, I
X B DR M 0 b o 30 X AT T o A 8 SRR
WY, ASSCHR Y R FIEI J 32A T e (R FRG S5 o

1 IRIEEA

1.1 CEEMD 753%[R38
1.1.1 EMD Jj &) B

LIRS iR (Empirical Mode Decomposition,
EMD)/& l Huang 25 AU R i, & Tkt
AEPARRRE S AL . EMD v PAZE 15 5 1) JR i s
fiE, ATATEAN A RBEHIAE 5 0 fift = A AH AR HA
AR AE ROBE 1) AR BEZS $R %L (Intrinsic Mode
Function, IMF),

EMD i ¥ i 7] 3 51 Hi A [ 1 9 9 155 X [m] ) 4
B, FHAEA Bl N AR A . DRI SR s e 41 43
it AR BRI A2 4 B, anaXi().

X0 =60+, (1)

e m FoRIME NG ¢ () RoR55 i > IMF
1, () RoR s m DR
1.1.2 EEMD J7 i )5
EEMD 77272 Wu fil Huang 55 A\ A 5 0 TR
BIGIARIIONY. % )7 EMD [3ERE EmA
T, A S AN R R R RAT SR,
XGRS T EMD J3 fifd B BT IMF [ANEZE T
RS S IRBIG . LA B R,
1) 7EJ5UIR PP s(6) th 2 YOMABIME N 0. Frifk
2N R I e (1), E
x, (1) =s(0) +n,(1) 2
A x (O 5T M E ARG .
2) X x, (1) 347 EEMD 73fif, #3%] IMF )4
IME;, Rk 42 43 it Residual o 7} 45 AR N
x(1) =) IMF, + residual 3)
1 N
IMF, = Z} IMF, 4)
A, IMF, 03 1 O U8 P55 il 2 1 4

J N IMF 45 5.

1.1.3 CEEMD J7 i J5i

Yeh 25U} EEMD 317 S50k, 4 BIAL o 107 1116
FELE S 77 20mA Sk s T Bk
P B AR A B A BT IR B I BRCR . TR
PR B AN B AR 1 48 50 B2 A4S 73 ## (Complementary
Ensemble Empirical Mode Decomposition, CEEMD),

CEEMD L2750 ) =D R,

D) W RERE SN n 4E . S8t il
MR, NI EIEE 2n ME SIS .

M [t 1S

M,| |1 -1||N )
X SHRIGES; N oW Aams;, M. M,
FIIMNTE < Fsest (e 5 5 1A .

2) MHEA TR EAME 51T EMD i, MG
TR —H IMF Gy, HPEIA RS T
IMF 5y 83RR8 M ¢

3) Z 4 T BIEAS B R a5 S

1 2n
€)= 5y 2 ©)

K, o FoRDR G EAFRNNE J A IMF 4 &
1.2 TIRMME LRI

ST R RS, Minjalili 25U T K
FARAL 3% (Grey Wolf Optimizer, GWO), i%5H45H
LT BRI AR IS B S A5 AT N « Mirjalili
ERR M AIRE S LUR LN 2.

1) #5520

— IR N A RS SRR, Wil 1 Py
TN IR AR o AR ook 4 . AT
ST ISR A o0 B IER TF 3 B Xl S 1T
HAEHRSE . A5 2 JZHA L MEANRBEEUR o
W, grealBE . T3 ERNZES oW Mokl
LrITES o BIRZ Mo —Bs 0. BT =22 IS
MNP =4, 91 3R el HAs R

B 1 RIRFREME
Fig. 1 Gray wolf hierarchy structure

2) W)
FEAAERERE AR TI A T A B S, 5
(DATRARIAELE, @) R AR B 7



F£F CEEMD F1 GWO [78 56 319 X Tl - 71 -

+ #, 5
Dzﬁuﬁm—X@‘ 7
X(t+1)=X,(t)-A4-D (8)

X DR MRS REY IR, FoR A ATEA
WHG X BN BARRLE X, Fom Wi
A, CHE L O (10),

A=2a-7 —a ©)
C =27, (10)
X 7 A0, YL & a ekl i
M2 Zetk i E] 0,
3) FiAl

WaATREN VBRIV RREEA], TR
FRBRATIEAT A, R IR AE — LR Y
MfE R AEMILAE 1, fRAF H AT 2R AT = et
AR, I HARRACH @ R 24 5 = et
AT, SRR

Da:‘C Xa—)?‘, Dﬁz‘éﬁ-x —X‘,
. - (11)
D, =|C;- X, - X|
X=X -4,D,), X,=X,-4,-(D,),
1 o ad F2 =8y T A (12)
X3:X5_A5'( 5)
X(Hl):w (13)
4) Bt As )

PR SRR A e LR 3, xR T
DU I B @ SR SE . MBS 4 7201, 10, 4
FARERI R AL AT DL N B S R
¥ (T o BT ST . S, 4] 4] <1 e
HRICE A .

5) kA

DR KA RAE Y, RN o, pRISIH
PRI, 4|4 > U, SR BT,
|4 < U AR SRER S A , ELE A PR
GWO S 11,

1.3 ZHFEEEAEEERE

SZFFE IR = HL(Support Vector Machine, SVM)2
1 Vapnik "5 A\ ZE S8 2 >) B SR 3 —
PP 43258 . SVM ) 3 JEAEUIZ 0 ek T AR 2%
P IS ST R i A 3% TR M AN 1] T RE AR B A
) A 4% PV SL R PE T 43 0 AR, S I it
HUBER TR0 . SO0 T, TR A S R
[FJH#1(Support Vector Regression, SVR).

SRR A IR, 55 AL

—FEORE T Ak KU B MRS R 0 TR ]
Al TRFER A% R BORAR B, K H AR )AL A o e
PEZ ORI ) L. SVR ) S0 B 2 - kU & BR 2L
S(X)=wex)+b, SVR BRI~

e ANGHEA (x,,9,) €R" xR, i=1,--,1,
b, xR, poRRt g, RRA

SVR {4 1E R £ A

fE)=we(x)+b (14)
X @(): R — R™ & W07 ) 2142 23 7] [ e
REG w BRI bt 2.

SCHF )L RNAHLAT Z G I € — ABURHUR R 8K
FIRASIR 1 (&, & 20), A AL BI7E mdfe s ) L2k
PERT gy, RN ORAUEZEH XS e, 505 I R R
AR Sl A5 I PRAIEA H A bl BRI 2 SR A T

min |l +C3 (& +8) (15)

T
yi—wx —-b<eg+¢&

S.t. WTxi+b_yng+§,‘* (121,,1) (16)

&:& 20
X, CHFRANETISH, TPl A kg S
S R
X AR AR ) B, R AR R 80K IR e A
ONBEAS WS 39 1o 4 2 AU U0 £ i 7 28] e 555 bR
f(x)=Z(ai _di)k(xi’x)_l_b (17)
AR H R B0
k(x., %) = exp {M} (18)
v 207

1.4 CEEMD-SVR-GWO 75 |4 Y

ANYi/43 CEEMD-SVR-GWO £, 14k,
K CEEMD J7 kA BR 5 4h K I TR] 41, 45 21
ey A IR 7 S AR B A R R A0E 1 IME, Rl gk 42
4y 18 Residual » H:4%, FIH GWO {4k SVR #71%f
FA 0 BT - 505, BT A TS S GWO
Pifk, SVR B FRIREE R, 1F Tl &5 5 . &
2 J& CEEMD-SVR-GWO H M [{ FEA G5 H
2 SLIERAR
2.1 HIRESR

IAGEBT ISR PR i el £ 2016 422 H 1
H-—2016 5 2 H 29 HI¥e /N R AR I 7 R
B, 4t 696 A, stk 2016/2/5/3:00 Fil

2016/2/15/21:00 PiAHdE, 30, AT/ MK
-5 /N Rl (R (A Bl R A



-7 @A &R B R

EMD

X S ECA o 11 7

EEMD

CIDNETIRELED)
} CEEMD
v v v v
(imMFL ) ((iMFz ) (IMEF3 ) (Bt )

v v v v
(Gwo-svr) (Gwo-svR) (GWO-sVR ) ((GWO-SVR )
v v v v

Cavr e ) Civessit ) (v i) (Residualfiil)

GWO-SVR

IR T 25 R

RIS H AL VAl
2 {REVE AL
Fig. 2 Basic structure of the model

FEAKHE S T Bidl: VIZRSERINRE . i 648
ANEURVE R BARLIZRE, J5 48 AN ERAE A BRI
o I, SRAEARATIR, Har3 4
ST F A B R BT AR T . 856, *
WIE SR U5 5 84T CEEMD 20, Ko i ok
IMF, . IMFE,, IME . IMF, fil5% 4} & Residual .

Bl 3 B a5 5 7 g 1 o

= tIJ|- 1

E _|I' 1 I L L

o ngr T T T T T T _]

Z 05| ]

- 0.5F

|55

I LA A1 L A L

<0 1

Z iF -
0.5F ; ; i i : 5

- BP—’\/I\_/_\iA I..\’\_I(\/\/I\—\_I/\j

=]

2 2

=

] 1 h L L i

20 100 200 300 400 500 600 700

Hlfh
3 RBlESHmRE

Fig. 3 Decomposition of the original signal
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