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Review on ultra-short term wind power forecasting based on data-driven approach

YANG Mao, ZHANG Luobin
(School of Electrical Engineering, Northeast Electric Power University, Jilin 132012, China)

Abstract: Ultra-short-term wind power forecasting based on data-driven approach is one of the key foundations when
large scale wind power integrated into the power grid. According to the forecasting process, the basic thoughts and
limitations of existing methods are analyzed from the point of view of data mining approach, machine learning algorithms
and wind power curve. Furthermore, the new prediction idea of offline data-driven/deep learning algorithms and online
application is concluded, the evaluation methods of information screening are given, the latest research progress of deep
learning algorithms in data-driven forecasting is summarized. Finally, the current position of ultra-short term wind power
forecasting is summarized, that is transition from model driven to data-driven and transfer from machine learning to deep
learning, and it is pointed out that the alternation of algorithms and data fusion will be the research trends in the future.
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Key words: data driven; ultra-short-time forecasting; wind power; multi-source data fusion; deep learning

0 3l

b 2018 477, Hf [ XL BT M 75 A 1.68
1 kW, FLrp s o 78 394 J7 kW, 4 E XK
i A E K 39% . ORI AR 5 HLAT BELEE . J3h
PEREIEREED, ik RGP, S R0 g
PR R R RRE IS AT T AR, v
i P R B XL D R O (B2 0 15 min~4 h (¥R 5
20 S5 TSN O A R S B T 1 R R L R R IE AT oK
SR E T BRI, A SR g T
FLAbAE B, R RS P,

i 28 AR D) SR T A 58 M P S, A R
DRI, 22 R FH AU B F0 et 5 35— g TR AE

HEWMHE: BRELALTRIRE K8 (2018YFB0904200)

(RTTVELIAT D Z A0, Lo an DA R] e 2032 R4k
W RIREIEMIEPG RN Goitik, JLTIR
Bt FTIU IS TR PR B AT s DAPHZE 2% SRR IR
L BEHUAR BRI O AR AL 2% 2 S (R
MUK Z)E, Model to Data, M2D), 1% 7 vAi# i il
b ik e vy St NS i s P TS S P S - T
B2 T 7, ARG RAR R PRARME” A
PATEAR, AT TSR (e AT S RE s LAZS A G
FIEAE RS PR (Numerical Weather Prediction, NWP)
(B SR AR B2 ARZE LB SR s, HLER T i
TREWFLG R, Ko7 s m R,

90 5% 1) 52 4% JEE R AS LA 2 ) 03 24 5 — X o
&, TR RFFAR R AT, PE AL I
12 ARE ) U B o YR S 2 ) (Deep Learning, DL)5%
FEAR BRI SR ISR, ) V2 T T B A



-172 - ® LRGP B R

e R A3 E AR . DL Wit — M2 )2
W 2 SRR IE T B R A Gtk Rk, mT DARRHOIEA: )
AFEARR R R SRR, P G & 4%
(Convolutional Neural Networks, CNN)A1VR & & 15
M 2% (Deep Belief Networks, DBN)%5 CL7EHL J) R4
BT AT T B Btk s O AL
TRIMNERIA L, 75 1S 2 X A0 Res 5 41
ELUL S B NSO H AR 2w, R Es &
TR 27 S350 B B 2033 1 Ay 8 R ALy 2 F]
(IR oA

BT, i dm ok F 5 pLEE R 2 A A7 {E
HATD, 1. B RSE A AL
FROR AN TR AR KA As sh Z A e B, R
A7 WS X L ALY el O T+ 22 Y
ARG SR ILER 1), 20 9 I C AN £E A Fn i
JI{ (Data to Data, D2D)H#E S . 25 & TR FEAS
[F]: ALERTNESS & K 1) R, R TR
Ji#k )% (Computational Fluid Dynamics, CFD)!'>'®!
AR USRS NWP HEAT R AL,
o HHE A N S B G, St R il 2 S B X
FAU B IK S S B AT TRAL F . 5,
P I N 2 LR e TR A A . 55—
H AR HLBE SR F A ) BRI (R AL,
LK NWP {522 Bt ok sh i i 22 55041 &5 05
i I SN e ST e e NI S T At Rk 7/ B = N ]
IR T TR B 1R DR 28 o 28 DY I A5 AN [«
HUEE TN 32 41T B B A 5 R,
— WS R ST s K O U B
R, FN, CEHWAEERR, B
P R BN 1EZEWSIE BN IR K F 2 g,
HUEE ST 7 T 2y 2 e e U2Vl R AR 5 th LA %
PR KRR, AR 2.1.3 TR,

AL LR TR0 3K BTy 1) 8 0 X 2 Tl 1)

Hidis F R
Rl

LB e

fal

i iy
AR B

1 HIERIR ) 5 EHEIR Eh AY X 5]

Fig. 1 Contrast of mechanism-driven and data-driven
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Fig. 2 Flow chart of traditional wind power forecasting based on data-driven approach
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Table 1 Multi-source data sets of wind farms
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Table 2 Door control unit of LSTM
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Fig. 5 Convolution layer structure of CNN
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	3.2.4深度置信网络 
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	文献[87]基于深度RBM预测模型，从风速的底层特征中提取深度特征。文献[88]基于DBN网络作为递归预测算法，以逐层贪心算法作为预训练器，采用具有与DBN相同层数和隐含节点数的多层BP网络作为对比，进行多步滚动风速预测，验证了DBN具有较好的预测效果。 
	下一步可引入贝叶斯正则化深度置信网络(Bayesian regularization-DBN, BR-DBN)，其中BR可产生新的指标函数，能够削减有效权值的数量，简化了网络结构，进而提高无监督学习过程中的特征识别和泛化能力。 
	归纳新型数据驱动预测的特征如下所述。 
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