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Ultra-short-term wind power prediction based on wavelet and minimum resource allocation network

YANG Jie', HUO Zhihong', HE Yongsheng®, GUO Su', QIU Liang”, XU Chang'
(1. College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China;
2. Power China Kunming Engineering Corporation Limited, Kunming 650051, China)

Abstract: Because the actual wind speed and wind power sequences are fluctuating, intermittent and the hidden node
number of RBF neural network is unchangeable after the structure of RBF neural network is confirmed, a method of
ultra-short-term wind power prediction based on wavelet and minimum resource allocation network is proposed. Firstly
the historical wind speed and wind power sequences are denoised and multi frequency decomposed by wavelet transform,
several high frequency signals and a low frequency signals are obtained. Then neural network prediction models of
different frequency signals are built respectively to predict the wind power in the next 4 hours. Finally, the final
ultra-short-term wind power prediction result is obtained from wavelet reconstruction of different components. The
experimental results show that this method can effectively improve the prediction accuracy.

This work is supported by Sino-Dan International S & T Cooperation Program (No. 2014DFG62530), National
Natural Science Foundation of China (No. 51507053), and Fundamental Research Funds for the Central Universities (No.
2017B42314).

Key words: wind farm; neural network; wavelet analysis; minimum resource allocation network; ultra-short-term wind

power prediction

Vol.46 No.9
May 1, 2018

0 3l

AFEARAE A - 2EE R R 1 KB AE TR
N L AU R R 55 N (S e AN
HAPETE AR SER m, R X
FL 0T HL Y 22 e I AT R L E ™ A 17 AN
RIS, [RINE ARk “ =167 HuD L 77 “ 38

HELWMB: +TEFRARLAE SRR B %8 (2014DFG62530) ;
HR A RFF AL E K8 (51507053) ; F 3= SR LA
b 4% B —FHLE R ATIE AR £ B (2017B42314)

DB AL BLG . MR A0 XU D3R T T DAy v R
AT LR T SR AR A O, AR R A
(It Rt e KAk, BAT 0 FE B SR M I
N AT KA F AR T TR T R B RIRT I AT
FAT, DR SNAR P IE 75 VA T2l Loy
g =R 1) W EL T . WIER T RS FRE K
WRHE, ATERLIGI P L g, Ea e
DS RN o AELFREIINA J5E S BB R AR EE A
1RV AP S A TR N LR PSP (=P N 6
BTG, 1% VRN AE A 30 X B T 26 70
2) Gl ik Gl AT LR HITRE, 5



-56- @A &R B R

PR, RISy, 2 2T D A T A 1
i RIIL D R PR v W 7 et PO N )5 211 R
FR B UERET g g 4 i OVR SRR ) R
RIS Fory, ARz gg e SR o, YRR
A EATBRI) B SRR LA RSy, 2 H
i PR PR RIZ —, ATLIEH] RBF A2 2% 4
W5t 3) AL, BEE YR EGEv Jiik
WFFEH At e, FE 122 A SR R FI0I 2 e 4k i
[EPAE L e ST SV k7 N et 3115 N e
[ o7 B A ) AR e AR B8 D RO OGP AR I, T
YRG0y, AL E A (A AR Y,
AT PR AT SR X 1 R s X L 3 T AR i X
(g IR T, o, A T AL e H
wi A, SR TN B AR AT 22 R TG AR 2 ) 1.
AMIEAL,  FEARERAS R R A T R 22, T LASE e T
TR Rl

Bt DR FEL 37 SIZ o X R FRL Ty 2 e 1 1R B
Ve TIERPESERE R AURTANB O BT RE 2506 LR SR
ARLNE . ARPRAS SHRFIERIRE Sy, R AT X L L
HIPHNEAT LN Z Wi, T LIRSS 2 4L DS
SRR S S RBF #0211y
RN BN ARSEGR L, ) BAg IS N R ) P R 2%
PRGN, S AR SO T SR AN BT R RN
TRV C I 238 AR 25 G X e 30 XL D < 3 7 V%
I LAV R B RS A AT IR, X T 45 R AT
ek
1 NS

N T SEHRAG HLIH 2 BT ORI AT 5 (K )
PRI, AR B e SR A T/
Wi s SR AT 2O PSR IR £, e
SRAIAAT R AL 5 R B RE . /NEAR R
T3 JIE B NP AR TN AR

FEANBII BT w(t) B FEAN B R/
B KEEENE v (o) iR R £

%go=wvwﬁi3) ()
Kby, (0 H/NBRAL, RN o R
s b HTBET.
XF f(6)e C(R), HIELL/NEARH N
anmﬂw?ﬁﬁvw(%?}t )

. a#0; b zﬁgi@éﬁ@/}Ei, l//*(l()j‘)l//(t) ioE=3
e,

TS/ N A e (1) RUBE DR R P R S
SRS, RN R RO R y, fEAd
PR AR AN T A0 o A S i il F 25 v 55
ORI EEE A, BV N AR (Discrete Wavelet
Transform, DWT).

¥ REEHF a FERE AT b S, B a=ay”,
b=nboa,", HH m. nezZ AAANK)H1E R E
N

V(O =|ao| 2 w(ag ™t~ nby) 3)

MR BN e
WT,(a,b)= |a0|_% Ij: fOw (ao’"’t —nb, )dt 4
AN AR e — A B A R M
BRIV R B TR A A S A B
FHG TR UL, 2 R B B £ 2
MRS TR | iR, BT o RS, of
4, oA RO R R BB B HATG
S FL A SIS 5%, b T g 2 B (5 T

H H H H H
o [ [ [ [ s -
[ (e (e (e

Q

IR Y 1

UNZ

h h h h h
P e O e O ey Py P
& N

wowomom

AN

1 INES RS ENTREE

Fig. 1 Diagram of wavelet decomposition and reconstruction
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