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Wind speed and power prediction based on improved wavelet-BP neural network

XIAO Qian, LI Wen-hua, LI Zhi-gang, LIU Jin-long, LIU Hui-qiao
(Province-Ministry Joint Key Laboratory of Electromagnetic Field and Electrical Apparatus Reliability (Hebei University of
Technology), Tianjin 300130, China)

Abstract: In order to improve the forecasting accuracy of ultra-short-term wind power, the improved wavelet-BP neural network
method is applied. To solve the widespread delay problems of the prediction model, the original signal is decomposed into high and
low frequency signal by the discrete wavelet transform. Moreover, genetic algorithm is used to optimize the BP neural network model
separately. Finally, the summation of all the prediction results is gotten. As the wind speed and power series have chaos characteristics,
the C-C method is used to optimize parameters of phase space reconstruction and the embedded dimension is taken as the input
layer’s node number of neural network. It is applied in a wind farm, in Shandong Province, and the simulation results show that it has
higher prediction accuracy than BP neural network model in forecasting wind speed and power. With the conversion of wind speed
prediction results by the measured power curve, the power prediction accuracy goes bad.
This work is supported by National Natural Science Foundation of China (No. 51377044).
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Fig. 1 Multi-decomposition tree
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Fig. 3 Flowchart of improved wavelet-BP neural network
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Fig. 4 Result of wavelet decomposition
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Fig. 5 Power time series reconstruction parameters

7T BP M4,

T B2 AN EOE RS, BUECAS [RIY 554
BORAT IO 25 LR, RILBE & 2T SO 11 iR
fE, B BP AL 5-11-1 &5f. I HBALHEk
itk BP fie M4t Gutifh s S =78, KM LE
i, WIGEFREEANMAE 30, 28 XHEREL 0.25, AR5
02 0.1, e KisAEAREIR 100, 5 a ittt MEE N
BP #2824 UG BUE AR . BP 7RI 5K H
BOJE R, RZEREE N 100, 223120 0.03. #
S AN IIAC R B 1, BIASAN 40 T (2 A =R
LA D2l . A FIEAL G, B B 4
JeE 2 Re ), R 6 M 7 Fras. KoK 4h
TR TR S5 K S w2 gk an i 8 A 9 B,
et 77k 8" A 3.51%, 1T BP R4 13.54%. &%)
BP 1285 [ 265 1) ZE I RIS 1) S8, 503k 1 /)N -BP Aif
M E TR Bk, BT 4l BP &
W25 o [FIAEASE FH A 2t 1R /)N -BP #8282 Tl
K, AR 4 h i RGE TN &5 R S 5 22 i £ G B
10 FE 11 Fros, B 777506 o 2.53%, 1 BP
124 12.14%, dE— 250Uk ML A b

107

Mean Squared Error

10

1 1 1 1 1 1 1 1
15 20 25 30 35 40 45 50
54 Epochs

6 BERE AL RIFRZ I ZRE R

Fig. 6 Training result of neural network optimized

1 1
0o 5 10

by genetic algorithm



-84 -

&) &GS

Mean Squared Error

1 0’4 1 L Il 1 1 1 1 1 1 Il

0 20 40 60 80 100 120 140 160 180 200

212 Epochs

7 R MG R

Fig. 7 Training result of traditional neural network

Power Output/kW

error

750

L /N -BP
Sl

4 BP

700f *

650}
600
550
500

450

0 5 10 15 20 25
/(<10 min )

8 KEDIRFM LR

Fig. 8 Wind power prediction results

o SOl B
—— BP 1

0.4

0.3

0.2
0.1
0of . .|
0.1
0.2

-0.3

04 L \ \ L
0 5 10 15 20 25
/(<10 min )

9 RUETIRFNIRZE #h 2k

Fig. 9 Error curves of wind power prediction

Wind Speed/(m/s)

9.0

8.5
8.0}
7.5
70t
6.5
6.0

55 2 o dalkifhp-BP H
> — Yl

* - BP

5.0 *

4'50 5 lIO 1I5 2l0 25
#/(x10 min )
10 RUEFRM£5R

Fig. 10 Wind speed prediction results

0.4

ki) /N ig-BP
03} ——BP

0 é lb lIS 2I0 25
t/(*10 min )
11 KU FUNIR 2 £k

Fig. 11 Error curves of wind speed prediction

2.2 ETFRN AR REEIRISEITh &R

DML TR L LA R ERE
RIZE IR 52, A7 5 B XL SEBR IS 4T Dh 26 ek
HEAT SRR I TR . S XAHLETE ThE 1 500
kW, PIAL U KGR e KO 73004 3. 254 15
m/s. AL FRaAT g in& 12 fros, TN

0 v <38y >25
POv)=4f(v) 3<v<ls (15)
1559 15<v<?25

A, F(v)=-4.315890455665682-107 - x'* +
4.680259123533799-107 - x'' —0.002241194081238 - x™ +
0.06240516619975- x° —1.119904739264209- x* +
13.568919155890569- x” —113.0597029987166- x° +
647.5493783691807 - x° —2505.882187179473 - x* +
6316.34355518394 - x* —9699.733935248032 - x> +
8056.852300706899 - x —2726.92216659118

1600
1400+
1200F
1000+
800
600 |
400

Power Output/kW

200

OF

-200

0 2 4 6 8 10 12 14 16 18
Wind Speed/(m/s)
12 SERREYTN RIS #i 2k

Fig. 12 Fitting curve of real wind power

P R TR AR B e A i 28 1, il o
2R (R A B DA, ARk 4 h TR Tl &5
RS iRz & 13 K 14 Fim, 8 11.61%,



LT DAL /N B Ao 28 199 235 £ JXUIEEAN X FE, D 2 Tl

-85 -

TOIRS BEAR 25 o Fl 30000 110 XU AE DI X RT3
8 U X AT, REREREOR, BN R AR A K
SRR A, XS AR EAS
SRR G P AR e S, DR A v
A7e, FINE &b E —EmRzE, #B IR
LTI R 22 AR K o
850 :

800}
750}
700}
650}
600}
550}
500}
450}
400}
350}

PIES P33/
Sz

Power Output/kW

5 10 15 20 25
/(%10 min )
13 RUEBTIR ML R
Fig. 13 Wind power prediction results

0.40
0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00
-0.05r «
-0.10

error

0 .5 IIO 1‘5 2IO 25
t/(x10 min)
14 RUEBTIE TR Z fh4k

Fig. 14 Error curves of wind power prediction
3 it

AT St 1R /N —BP 2 I 256 L 4R XU 3
HHAT T ARSK 4 h (BRI OUAETT, #3H:

D ETIRMA S R EA IS, H C-C LS
DA FR S IS4, RN GE O 48 4%
TN =R D ORI D WSE U2 2 S N =S ek i B
Bt RS TR S .

2) BUII/NE-BP ML, T4 A E
R A R R AE ST« /NI ATV B 2 PR R A3
JREB A BP 455 K AR LR ML RE g, RIS
ST VR 23 ) A LS R e N 2T 058 W
RIS FT BP P 1) 0S5 A9 20 iestz, KUEFNTh 2R
HIF 38 o LR 22000 R 2.53%A1 3.51%, Tk
JER Ry, AT UA TR T R S e gt B i L.

3) BRI, ORI E AT .

HH T TR T IR 5 A FA) SR % 2 N L 4 £

etk BgiRZE, (A TR AR 7

B3k

[1] FOLEY AM, LEAHY P G Current methods and advances
in forecasting of wind power generation[J]. Renewable
Energy, 2012, 37: 1-8.

[2] ERNST B, OAKLEAF B, AHLSTROM M L, et al.
Predicting the wind[J]. IEEE Power & Energy Magazine,
2007(11): 79-89.

[3] POTTER C W, NEGNEVITSKY M. Very short-term
wind forecasting for Tasmanian power generation[J].
IEEE Trans on Power Systems, 2006, 21(2): 965-972.

(4] EmOgE, Bmedh, bl 55 KR )3 A A A

P 2RI, H) RGP S50, 2009, 37(13):
118-121.
WANG Li-jie, LIAO Xiao-zhong, GAO Yang, et al.
Summarization of modeling and prediction of wind
power generation[J]. Power System Protection and
Control, 2009, 37(13): 118-121.

(6] JHutst, WFET, EIEH, 55 JE TR DNA BifEsH

%5 PSO H-EHAGK RNN K R HLZh A [T].
HARGARE FEH, 2013, 41(2): 144-149.
ZHOU Hong-yu, ZENG Ji-pin, WANG Zhao-yang, et al.
Ridgelet neural network model for short-term wind
power forecasting based on the combination of chaos
DNA genetic
algorithm[J]. Power System Protection and Control, 2013,
41(2): 144-149.

(6] HERE, TRk, i, A BRI AT FR TN A LA
LRRETE RGP N ] W RGO ],
2012, 40(12): 19-24.

CHANG Kang, DING Mao-sheng, XUE Feng, et al.

Ultra-short-term wind power prediction and its

and particle swarm optimization

application in early-warning system of power systems
security and stability[J]. Power System Protection and
Control, 2012, 40(12): 19-24.

(7] Wk, R, ™5t & JETHERIZH B SRS
JAHE Ty 2 SN PO AT SE[D]. O R GRS 1,
2013, 41(1): 1-6.

YANG Mao, XIONG Hao, YAN Gan-gui, et al. Real-time
prediction of wind power based on data mining and fuzzy

clustering[J]. Power System Protection and Control, 2013,



-86- CE R R R EEL
41(1): 1-6. large-scale wind farm[J]. Proceedings of the CSEE, 2010,

(8] FRUENY, BREL, FeX, 5. FETMMRIER X HY 30(13): 23-27.

WG 2 25 PN R )], L HOR 224, 2013, 28(5): (13] P&, 22, Mmarid. A RO T AR B 5T
15-21. [7]. MR BE, 2009, 25(3): 53-56.

CHEN Ni-ya, QIAN Zheng, MENG Xiao-feng, et al. TAO Yu-fei, LI Wei-hong, YANG Xi-feng. Wind speed
Multi-step ahead wind speed forecasting model based on forecast model for wind farms[J]. Power System and
spatial correlation and support vector machine[J]. Clean Energy, 2009, 25(3): 53-56.

Transactions of China Electrotechnical Society, 2013, [14] PhaEZE. /N HT SR MY, bt P Ok H AR
28(5): 15-21. 1, 2005.

(9] oy, Jodksr, PMVER), 25 JETAHLL A A L& SUN Yan-kui. Wavelet analysis and its application[M].
DX 28 BT XU HL B R A S N ). AR, 2010, 34(12): Beijing: China Machine Press, 2005.

163-167. (15] MR, £, Farse, S5 Je PR i i i xg
MENG Yang-yang, LU Ji-ping, SUN Hua-li, et al. ST, L TR SR, 2013, 28(5): 66-72.

Short-term wind power forecasting based on similar days WEN lJin-bin, WANG Xin, LI Li-xue, et al. Short-term
and artificial neural network[J]. Power System wind power load forecasting based on frequency domain
Technology, 2010, 34(12): 163-167. decomposition[J]. Transactions of China Electrotechnical

[10] Wity ws, T 84, % JET/NE-BP #I& M4 Society, 2013, 28(5): 66-72.

RSO B D T k(D). O R G A Ak, 2011, [16] B3, LHIWR. X7k A PN 55 [0]. BT HOR
35(16): 44-48. 23], 2011, 26(7): 68-74.

SHI Hong-tao, YANG Jing-ling, DING Mao-sheng, et al. LUO Wen, WANG Li-na. Short-term wind speed
A short-term wind power prediction method based on forecasting for wind farm[J]. Transactions of China
wavelet decomposition and BP neural network[J]. Electrotechnical Society, 2011, 26(7): 68-74.
Automation of Electric Power Systems, 2011, 35(16): [17] B4k, kiR %, Mdfe. W] 50 43 81 S B N
44-48. AM]. B30 UK H AR L, 2002.

(1] v, £, xigl, 55 25 A TR m s )l Li Jin-hu, LU Jun-an, CHEN Shi-hua. Chaotic time
Dy Z P[] o B ML DR S 4R, 2008, 28(34): series analysis and its application[M]. Wuhan: Wuhan
118-123. University Press, 2002.

FAN Gao-feng, WANG Wei-sheng, LIU Chun, et al. N

Wind power prediction based on artificial neural j’ii gj}: 2013-10-15; fEEIRA: 2013-12-16

network[J]. Proceedings of the CSEE, 2008, 28(34): ¥ i (1988-), B, MEFRA, EEBHRIEHR

118-123. A K FA, € BT E AN A Email :
[12] ZEBRIL, 584, 4304, 5. RAUBIXHLIF ) R 15822884679@163.com

2o R KGR  H  BRTITORE[D]. o [ R
FE243R, 2010, 30(13): 23-27.
YUAN Tie-jiang, CHAO Qin, LI Yi-yan,

Short-term wind power output forecasting model for

et al.

economic dispatch of power system incorporating

A4 (1973-), B, d@iRtEE, M, #4g, Mtd

S0, TR GO ARAL QTN & 28T Sk Al

A5

E-mail: liwenhua@hebut.edu.cn

ZER) (1958-), B, Hid, #iz, HEAS$)F, 22

B 77 61 ) BT S AR I A



