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Abstract: The accuracy of wind power prediction can improve the security environment of large-scale wind power inte-
gration. Under the background, a combined approach considering wind speed fluctuation characteristics for short-
term wind power forecasting is proposed in this paper. Firstly. five types of wind speed fluctuations are defined, and
the fluctuation type of historical wind speed series in numerical weather prediction is divided to get the time period of
different wind speed fluctuation types. Secondly. the historical wind power series corresponding to these time periods
are classified, and the variational mode decomposition algorithm is used to deal with various types of wind power se-
ries for obtaining multiple sub-modalities with different characteristics and frequency bands. Thirdly, a prediction

model based on the gated recurrent unit neural network is constructed for each sub-mode, and the prediction results of
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each sub-mode are added to obtain the predicted value of the wind power. Finally, the wind speed series of the fore-

casted day is identified from the types of fluctuation, and the matching power prediction model is selected to calculate

the final prediction value. The wind speed data in the numerical weather prediction and power data of an actual wind

farm are used for simulation analysis to verify the effectiveness of the proposed combined forecasting method.

Key words: wind power forecasting; numerical weather prediction; wind speed fluctuation characteristics; variational

mode decomposition; gated recurrent unit neural network
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Figure 1 Diagram of wind speed fluctuation classification
F1 SRR K R FHER
Table 1 Five mathematical models of wind

speed fluctuations

&z St e e

peing

y N Y3
5 Uminl s Vminz € (0,01)
N W, = Umax < V2

n >N
N

Kigsh  w, =

Uminl » U min2
Kiksh W, = { Umax > U2

N BE B B ={0<<v<<wi}

B, W, ~ W, 735l 5 Fish 20
FTR I 2 — A B KA 5 00 3278 X7 KL /NI
JEE 5 By 9 KU R (L 5 0 e 275 — BEIRT ] P B9 KU i
KA AT Ve > 01 WZBE BN ST Sy SRR BE 3 3 e
ZRNEPEPE S 3 Vs~ Viinz RARDT 00 B9 2 DA
BB KGH e /IME K 0 iy T 000 Z 18] — B KU
J BN O — A 52 B 1) R L Bl s e R SR AR A
BN R X 7 A I I B AR I Bl A B (E . 2
n < NI E 2% I 2l 28 B0 Oy S 8l 5 0 D IR
WSl 5 v, 278 IXI3 K /N 3l B KU B A, 25—
I B PN XU 9 83 R AEL 0 << 0 IF 3 SR /NBES
IR R BB o T2 s A I 38 3y 3 78 53 g S /)
Wzl LI R BN A /N B R ORI B AN iR
JEE U 2y o 2 HE AN [) JXUTE 95 Bl 6 R 4 HL X 1 ) XL L 2
AP INHEAT 398 o3 S At S B A A



%36 B 4 W

T R K DS R VMD-GRU S 31 XU Th S 15150 23

2 VMD-GRU %4 # X = Iy 2R Fii
HER

2.1 VMD [RIg

VMD 55—l 58 2 4F ik 03, A & B AR 5
i s, R & 1 Konstantin Dragomiretskiy #l
Dominique Zosso TE 2014 4E 3 4 pyt &= 8] DL
JEF- R KU 3l 35 81 O3 i I 2 A TR wy o B
— DTSR O RILH e o TR R T
TG B A3 R B Ik K, nong UL D R A5 5 84T K By
VMD Jfift i, AT LU H R A 24 A8 S )t B

i (w2 e e
s. t. Euk:v(t)
(D
I—Et':':' {uk}:{ulﬂlz’“"ux}\ {wk}:{wlawz’

ok b AT TSR PO IR v (1) AT
SR BB T R T 51 5 0 K BL T (Dirac) 40 fii 5 %
T REHAT
h T AR RN AR 5 05 B (D B A A L 51 ASE T i
1 H 5 AR
L({ur} s {wi} sd)=

E 2, F(B(I)Jri\ e |t
nt ) ]
( S )
v(t)—Zuk(z‘) 4 A o) — D u ()
k=1 2 K k=1 )
(2)

K a2 YT 728 hik
B H ¥,

T2 KR 2 4 O AR (1) Y [ 8% £k o 5K i
B Roa B H 7 FR X (2) By 8RR, R TS 58
# J5 1] ¥ (alternate direction method of multipli-
ers, ADMMD) 3R i =X (2) . AR TT 545 20 8 .
ADMM BEF LIRS w, | o, BIZERLARK:

P8 S DN

A < )
o) — D () + 522

ol _ iFk

it (w) = R T p—b (3)

J(X‘w i (@) [P dw
Wi = OM 4)
J la) (@) | *dw
0

L L 0w alw) Al R wr

v(e) v u(t) A B A,
VMD 5L BRI F .
DG K {ahy  (wh) A

B IE W AR T IR K AR TR (E
2 MPE ) DO EACTTE LB e M, s
DHIMAEH A 1

A () =

o YE 0, I R

K
A(w) 7 [f (@) — D ()] (5
k=1
DR

Z H u2| ‘Tluf H 2 < e 6)
1 R MCSIOAR A 45 1k AR 5 Ik (] 2 B

SitE LR,
2.2 GRU £ P 48 i 4= Y

JE T T 2 W 4% BRIE 7 AR 1 GRU i 28 X 4%
R —FPHLES 5 2] J7 vk w20 i F T 1R 81 1
WM TE . E LB RS LSTM R’ 4 i Bt , 1%
A BB AR ITHLE ST AT T TR B LSTM 11
A TTRGE G TT . NTTAE S50 1 R fb T LSTM, 42
f T INRROR . % SCR A GRU T8 B 2% > i 46 ) 4%
S ALy Fe JXU H, Ty 8 T AR A

GRU #2245 1) B Z5 K an 181 2 i/ , 4 46 &
BTGB (o), Ho o F tanh S B 2% 1 BT

PRI, o 103K sigmoid PREL, HAEI K (0, 1) s tanh X

FORUH IE I R A, HA S (—1, D)

1
sigmoid(x) :1+e - 7
ef —e”
anh(x) = 8
tanh(x) e (8)

B 2 GRU H3£H#

Figure 2 GRU internal structure diagram



94 WA B %

I:;i

Eid ZN 2 Eitd 2021 47 A

BB ER AN x, IFH n, i8N B Z 1
LA R (o) VBT ) ARV A, SR
155 e A, .

2, =cWuh, 1 +W_x,) €D
ro=cW,h,  +W,.x,) (10)

h, =tanh(W,, (r,@h, ) +W,z,) (1D
h,=0—2,)Oh,  +h Oz, (12)

KO~A2)H W, W, FEFT ) REM
MEs W, W, NEBETTOONEERE; W, W, N
T BRI AT s © Sk B FE Y T
EYN

MDD~ A2 AT LLE - J& HIR 0 5E >4 Ji i
ZIA x, He—1 W2 EI0RE b AR,
HEMKRANE —1 2 CERERER, Y r,
BT O 5 A, JLPAME; x BHIE—1 0
ZIMBRRCR S b, (5 B REDR A LE ¢ B2, Wi,
(BN UL 20 (g g SR AR B2, 2 2, M (E R 1
B AR X ¢ — 1 B 20 BROBCIR S 15 BRI 7B
gy, WK -, B 0.2, B 1.0 GRU 28 %445
RNN (&5 K9 PRl . R 38 N7 9 18 4% 7 =X RE 6% i
P B E BT LA T —4~ GRU 9t

454 GRU 2 1 2% B e A4 g 0 A AL, GRU
OO 25 K ] 3 TR AR A2 LGRU 2 4
A E AN 2

3 GRU Fm A 24
Figure 3 GRU prediction model structure diagram
GRU JZ ™ GRU BT 19 0 R £ 1 SCnig
A RE)ZE R Re LU AE 2y HOBOHE eR 20, ) BLAS R
PRST S B T 5% fife 1 2 B R 46 ) R
Xy I > O
fReLL‘(I) -
0, x <0

T A Y SR A 44 1R 22 (mean square error,

(13

MSE) 1 o 5 2 bR 8. A 7 47 KR D) 3 000, A6
B N R A D220 ¢ TR e A SR AR R
oA ¢ 2R DR AE

Lo
€Msr::;2(y,_yz)2 (14
i=1
2.3 MEIXEINEASHN
TLOCHRE Y 4G T 5 SR AN 4 BR
Al E
v v

TR NWP JUE FRITE WP

IS A G2l

! l

[ S| R 771

B KB
""" F| |

NN | VINRE IR | g reomy
D | s | s v PR
Eiii:iiii:ii:ii,ii:,i:iiii:ii:iii,i:ii:iii’,ii’77_: r _
T [T | [ || [ | |- [EFE BB
DB | B | RS || | RS | (A R DR

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, i

AT

¥
[ HI VMD 553k 45 43 i A0 51
[

! v v
[HEASE IMF 1] [BESSE IMF2) -+« [BEASME IMFn)

[FBEREARR | [ STREEANN ... [ TS REAH |
[ [ I

v
| LA FE A B A5 AR S A BT AL G A
v

\
{ !

ENE AR T
! ! !

GRU Bl || GRU il
B B 2
\ \

o

+
CEIRESES T

| GRU T

B
J

B4 RezhFasmmy g
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Figure 8 Classification of NWP wind speed data

fluctuation types of prediction sets
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Table 4 The error comparison of

the prediction set %
ﬁlw\mﬁﬂ € NMAE € NRMSE
VMD-BP 6.21 8.54
VMD-ELM 4.38 5.71
VMD-GRU 3.08 3.95
GRU 4.19 5.87
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