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Analysis and Application of Wind Speed Interpolation in Wind Farm
Based on BP Neural Network Method

ZHENG Kan™, WEI Yufeng, WEN Zhisheng, ZHU Mengxia, HE Yuxiang
(Mingyang Smart Energy Group, Ltd. , Zhongshan 528437, China)

Abstract: [Introduction ] Accurate wind resource data is of great significance to wind resource evaluation and power generation
calculation of wind farm. Due to mechanical failure, weather factors and human influence, there are many problems in wind speed
data acquisition, such as short collection time, many discontinuities, data distortion and so on, which bring a lot of trouble to the
evaluation of wind resources. [ Method ] At present, the traditional interpolation method based on MCP method for discontinuous data
interpolation and fitting in the wind power industry is not accurate enough. In this paper, the wind resource data prediction scheme
based on neural network algorithm was proposed for wind speed interpolation of wind turbine and wind speed interpolation of wind
measurement mast. [ Result] The results show that the interpolation effect of BP neural network is better than the traditional
interpolation method, and the wind speed interpolation of anemometer tower in flat terrain is better than that in complex terrain.
[ Conclusion | The research shows that the wind speed interpolation technology based on BP neural network method is suitable for
wind speed interpolation application of wind farm, and the accuracy of wind resource assessment is significantly improved.
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Fig. 1 Wind speed interpolation diagram of BP neural network
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Fig.2 Flow chart of wind speed interpolation based on BP neu-
ral network method
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Fig.4 Comparison between BP neural network interpolation
and actually measured values for flat terrain
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Fig.5 Complex terrain map
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Fig.6 Comparison between BP neural network interpolation
and actually measured values for complex terrain
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Tab.1 Improvement statistics of neural network interpolation
compared to traditional interpolation for different terrains
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A Ao 228 00 2 75 v ) XUBIL XU b5 1 8 07 12
8 XGHAFR A MRICR AN 2 BT 78 o R HEA 28 190 26 of XL
RGHU AN AL GE 7 A AN, A b XUBIL KU 0
(- 4% R 25 T T 14.4% , FGHE RBCRIpLE
AR MIRTE T 1.7% M 2.8%, SREW, #2K
25 RGH A A MRS T GE KB AR b TR HER A BOR
HUE7 s

F2 RLREFRE W& - RBIMEF ARG IR
Tab.2 Improvement statistics of wind turbine’s wind speed in-

terpolation based on BP neural network method compared to tra-
ditional interpolation

W TR bR P2 2% L GeAf b PRFHR
MSE 1.245 1.901 34.5% |
MAE 0. 897 1.048 14.4% |
COR 0. 979 0. 963 1.7% 1

R? 0. 952 0. 926 2.8% 1




513

KA, A ST BP ARG 5k ) KR 37 KGEL AR A B 55

4 % g

FLF pytorch HEZRH4 4 BP #2245, X X35
AU T XL G Bk 2 B A T A, S5 A5 G B wb
ITEIEAT T, AR ESE T

1) A28 X 465 %o - JH b Y 1) 43 D SSORAE T35 &2
AT K #b, R AT RN 52 A I 1 XU 72 1k
K, KRR MZEEE T 3k

2) i 25 IO 2 JRU T AR DX I XU XU 97 b AL
USRS , 0L TAES i, vl 5
JAUEE IR A7 A XU PN XUBTL R AR b, 2 17 Sk XU
TS VPN PR ARG i 0 Rhcaie

SE Lk

(1] #3Ec, sk . AEMCP J5 iR AEF 5 L XI5 o A 3
AR [T]. K8, 2020(6) : 60-66.

YANG J W, ZHANG J. Interpolation application of different
MCP methods in plain and mountain wind power projects [J].
Wind Energy,2020(6) : 60-66.

(2] FiE, phAe. KAz I XBAR S #M 7 ik s 4 i (1], wl
A HETR,2012,30(3) : 14-17+21.

WANG Y, ZHONG H. Analysis of interpolation method for
missing wind measurement data in wind farm [J]. Renewable
Energy,2012,30(3) : 14-17+21.

[3]  IRIEFS, AR, TR, HT BP M2 W25 7k (I XU
MBHEATAN BT [T]. XAE,2018(12) - 78-80.

ZHU X L, DONG J F, WANG C H. Interpolation analysis of
missing measurement data of anemometer tower based on BP
neural network method [J]. Wind Energy,2018(12) :78-80.

[4] DB, IS, B, %5 . BP I M47E XU 3 D) R A0 i
NI [T]. mmH IR, 2018,46(4) :32-34+37.

LUO E B, SU S, LU H, et al. Based on improved BP neural
network in wind farm Application of power prediction [J].
Yunnan Electric Power, 2018, 46(4):32-34+37.

[5] [, BokaE, BR, % . 5T SCADA REERY XA HLAL

RS BUE i (1], R S EORA M, 2019,34(3)
223-228.
XIANG J P, LING Y Z, ZHAN J, et al. Fault early warning
method of wind turbine main bearing based on SCADA system
[J]. Journal of Electric Power Science and Technology, 2019,
34(3):223-228.

6] WANG Z Y. Wind speed prediction based on time series neu-
ral network algorithm [ CJ//Anon. Proceedings of 2017 2nd In-
ternational Conference on Machinery, Electronics and Control
Simulation (MECS 2017) , Taiyuan, China, June 24,2017. Tai-
yuan: Research Institute of Management Science and Industrial
Engineering, 2017 :564-567.

[7]  HONG Y Y, SATRIANI T R A. Day-ahead spatiotemporal

wind speed forecasting using robust design-based deep learning
neural network [J]. Energy, 2020,209(C):118441.

[8] LIUMS,CAO Z M,ZHANG J,et al. Short-term wind speed
forecasting based on the jaya-SVM model [J]. International
Journal of Electrical Power and Energy Systems,2020,121(8),
106056.

[9] LIU X J,ZHANG H,KONG X B,et al. Wind speed forecast-
ing using deep neural network with feature selection [J]. Neu-
rocomputing, 2020,397(7) : 393-403.

[10] #EPKA . TensorFlow 5 Pytorch PR3 (45 [T]. 57 ML= 5
5 ,2020(5) : 124
HAN Q S. Tensorflow and pytoch environment construction
[J]. Computer Products and Circulation,2020(5) : 124.

[11] EZZAT A A. Turbine-specific short-term wind speed forecast-
ing considering within-farm wind field dependencies and fluctu-
ations [J]. Applied Energy,2020,269(C),115034.

[12]  TEZ006, RO 7, Be et . A2 A Mgt KUrl 37 IROU a2 ik 552 B4R
i (1], mUTRRIR A, 2019,6(2) :59-63.

WANG H G,ZHAO H J, DUAN X H. Discussion on micro
site selection of wind farm in complex terrain [J]. Southern

Power System Technology,2019,6(2) :59-63.

1EEEN:
M GAEES)

P 1993-, 5, WdvE B A, TR, Wi,

L = T LI R B ST RO B R TR
\t (e-mail) zhengkan@mywind. com. cn,
08
147

I

1984-, B3, ZHOEBIHA, B, 38 XUHL R e Ak W
F AN & 3k TAE (e-mail) weiyufeng@mywind. com.
cn,

R

1987-, J, JUUGREARA, TR, S, FEEAGXALI
R EE 2 B B i &% T4 (e-mail) wenzhisheng@my-
wind. com. cn,

KEE

1991-, #, WAL, 24, EE S RELAT AL KRB
P58 TAE (e-mail) zhumengxia@mywind. com. cn,
OE)

1991-, B, KA, TR, @id, B2 XPLEER
ST AR FF & TAE (e-mail) heyuxiang@mywind. com.

Cno

(FTHE%E  F4E)



