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A Review of Multi-temporal-and-spatial-scale Wind Power Forecasting Method

JIANG Zhao-Yu! JIA Qing-Shan® GUAN Xiao-Hong!2

Abstract
power forecasting method directly affects dispatching and operation safety of the power grid. Since scheduling strategy of

Wind power is one of the most installed renewable energy resources in the world, and the accuracy of wind

the power grid has multiple points and is relative to the geographical scope, this paper summarizes wind power forecasting
methods from multi-temporal and multi-spatial perspective. Wind power forecasting usually focuses on specific spatial
scale and temporal scale, and is finished with limited information, so this paper classifies researches from three aspects
above. Firstly, this paper separates existing wind power forecasting methods into three spatial scales, namely a single wind
turbine, a wind farm and a group of wind farms. In each spatial scale, we classify methods by whether using meteorological
information, and afterwards by temporal scales. Lastly, in each temporal scale, we also summarize the challenges and
achievements. This paper wishes researchers would find suitable methodology when dealing with different wind power
forecasting tasks.
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Fig.1 Framework of short-term wind power forecasting

methods for a single turbine
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Fig.2 Procedure of short-term wind power forecasting

methods for a single turbine using numerical

weather prediction
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Fig.3 Framework of short-term wind power forecasting methods for a wind farm with wind information
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Fig.4 Framework of wind power forecasting methods for

a wind farm using signal decomposition

FAYI TN B0 B B e s ) AL, AR
AR AR XS T . b2 5 4
FHOER)— AN IR, XA — e i 2 S ) )7
BN A A 2L ) FEE IS R R AT T B0 A, 4531 A
SHFFAEIER, FF AR R A B, TR kO
BB 53T 4F 7 IR A5 S B, R I R 3 RS R
JE Ak, A5 30 X R L A T 45 SR 758 K
AE AR AN 7] 2 1o B, T RASZE A (] 11 i

UACRLSOL Sk [90] M o 4 AT T i, S
7] — I 220 14 22 248 i A Bt i) S i, (R A 25 T ik
/N, BT PN SRR B A A S5 A SCER [91] AT R
TR AT 14 T3 R W i A N £ SR )
UEP AN -t5- 2 PNEOE NG A L PN 7
. B A ] AR O AR AL A R AL SCHR
[77] ARIEFIH B [l 534, i A e R S,
AP AR LA 0L mlan 5 T YR T X = LR

SR, P 3 T S T 0 9 1 XU i XL L A
FE— LU AN . 1) TR 8 i 2 A e
B B I ] RUSE i 1] T 9 A v, T R AN
T SRR 1) AL, IO A RCR AR 2207 2) 1
TR EER PR —, [l T I E) RUBE RS M, a8 AL
SRR IZ WIS B P SR — [ E IR, AT
MEETs; 3) Fh T U5 L I XU AE — S VS T Y 23
LA =R BRI 5 2R, 5 KGR A o XL S A
R RLTREI 1225 4) SR 3 2o 45 J i A Bt AR R
FFRIR ARSI AR, AP AE S IR T, w55 4
A% bR B DO AR 0. 3K 28 [T DA o A dhs
T IR SR B 7 SR A

O Rl 6 5 B R AR [ R 1) RUBE B i 00 45
R, B A RIS B, SO SR ] KUY
. SCHR (93] AR R 2 PR R R — 4R RS
B, SREHEH AR 2 ST AT A Ak, SOk (94—
95] X7 Z= 1A M H AL 3, TEF 1AL
P LA R H AR B S R B AR R S R, L
WHZEL, 1% 8N R T B TR 4, S
KIHI. SRk [96] A A2 H . A
SVRN 2= R S A SRR AL, AT s o 25 S5 0 I
R, AR SRR IR =M ). dler
PRI AN 235 SR S5 B0 X 150

ISR GRS TR T 05 3k e ) A T
SR — T 73k SR R it el S B
SRR S 20 n] PABRAT XUBE Bh S RE AL AR AL,
HH T A BESRUERF AL B PR, 410 KA RFAE Y
B — U 7 FAARME B e L TN RCR . A SR 4544
SRR 7R, T R —HF AL ey, sinl PAIE
prink 30 A N R/NIDRTIRIUEAE S 7/ TS L R R &
SN B R R AL AT 0. 1815 &R TR
IR AR R KR TNAESL. 1) 13 Py s W
B, SR AN [ R S50 7 98 SS RO R (8 7 A T
W, A2 T ARG 2) RIEEEEER, A AR
TR 25 A LA A 3) R 24 1T A B ) 1
NS M b N B R TR E o e S S TR AR 6 M e
HALE, FHE R R R R . Sk [97—-98] R
JH il v S0 A AR AR R 5 22 190 2% 1) Yk T[] — 1
ik, DASE A s X R AN [RG5Sk
[97] $RH T Je 301 Al 1 A AL A 5 AR A 2 1Y A8 AL R AL



58 H 3l 1k

¥ 45 %

SCHR (98] A4k KUy A LAY BB 7 B, SR IR T AL
R A A REAFAE. B T AR PR R 53R, o0
BTN PR AR RFAE, 28 G RPRRAE, 753 A
BERT BA—HFAE A TN 45 2R SCHR [99] K B [ AR 2>
P BIARR N T 22 W 25 H 45 . b [l
BT 0 AR s N T e R 45 T P B
%=, ARy, SCRR [92] H midUrd A2 90 5 h
PAP RO X, TR AR 2 R 25 0l 5h DA L. 48h
PAPSRA TR, SCHR [100] P2 4e 4l 6 T 4
ERUEA RSOV R TR

| mRIR | | SEAgdE | mEsoR |
( o | i ) )
v ‘ v
REET < Pitse:
TN 1 l T2 2

v :
B DS L TR 20C) U 2
[

SRE T2

Bl 5 I 7 v SE AL I FE 37 Ik XL R AE 2
Fig.5 Framework of wind power forecasting methods for

a wind farm with synthesized thought
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Fig.6 Framework of short-term wind power forecasting methods for a wind farm with

abundant meteorological information
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Fig.7 Framework of long-term wind power forecasting methods for a wind farm using numerical weather prediction
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Table 2 Comparison among part of wind power forecasting methods merely using wind information for a wind farm
SCHR RUE Tk A &M R2E
[42] 90 min DU T 63 [EJRICHE . Seda RMSE: HHENR 2.796 %
[43] 60 min SCRFENL. HUREHCHE R [ETERE . PR MAE: 9.1%
(44] 10 min DU . SR ELICHE g RN RMSE: W 4.57 %
[47] 1h ZRR R - ARMA WG . R THET R MAE: 0.809 m/s
[48] 15 min AL 2 JAH R —
[57] 24h TSR T 19 2% A TR MAE: 2.176 m/s
(58] 30min  DUAHIUAHENT. MM 4. mibd A K. KUl SR R NRMSE: 16.9 %
[62] 3h ARIMA . R/R 28 R FasE s Begh/h MAPE: 2.06 %
(68] 3h SHFHRAL. 25N R, R AR TR R MAPE: 18.41%
[70] 3h UNI SR Rk AP MAPE: 10.76 %
[71] 3h LIS IR MZ M 2% 63 E o - N5 2| IR e MAPE: 1.87 %
[76] 30h EIER/NER 4 . BRI XL KU KPP RMSE: 10.221 %
[77] 1K ARIMA. R/R 28U FEM 2% R KPR R MAPE: #5314 16.52 %. 8.10 %
83] 1X/1M SN AR ORI 2% JRHL USRS N PR MAPE: 11.91% (1 X)/ 15.38% (1 J4) %
85 1XK/1H LIRS ME M 2% 63 PR, PR EIY: MAPE: 17.29% (1 X)/ 14.92% (1 H)
(86] 1K NP LA L A ZS ) TEAY R JEFRLL P S F AR AE MAPE: £ 20.37 %
[87] 24h FRG AT bt A TRAL MAE: WHEER 8% ~11%
(89] 24h ISR Rk Wet B P L0045 T RMSE: 2.31 ~3.76m/s
[91] 24h WAL S . M 2% R L P 5 RMSE: 2.272m/s
o3 D e e ik KIS IR MAE: 1% 0.80m/s, 1 A 0.1Tm/s,
/30 % 30 K 0.64m/s
[92] 48h AR I 2% R FEHISE . A BITRL B RMSE: 0.175m/s
[94] 90 X Elman IR % . Z7{HH% R FRRE . KIPT R MAPE: 15.32%
[97] 1K R A mr e R FOWARTR . ERME MAPE: 0.28 %
(98] 5 K TRIHEAR LN L . FFAES 2 U R S s W S U E [ RMSE: 4.78%
(99] 3K ARIMA — M2 [ 2% J16:3 FEATE MAE: 34t 0.508 m/s
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Table 3  Comparison among part of wind power forecasting methods using wind information and meteorological
information for a wind farm
Tk R DIV A i BRI
[41] 10min %3], D/RBHRAE HFUE R R, KR 1116 S N E LD S MAPE: 3.65 % ~8.22%
[101] 10min EEZEHEh— /DM K, K. MR, IRE. 18 BUm 2R . 1810 2Rk RMSE: [ /) #f 28 M % =
7% i3 50 % ~ 70 %
[102] 30min £F=mlH SRR REE L TRLEE . R TAAER A RMSE: 12.6 %
[104]  4h R, MIEREML R B SRR FEIRHE MAPE: 8.74% ~11.86 %
(105]  3h  HKitEE. HEESWIE WG A SR MR A R MAPE: 9.23% ~10.77 %
[107] 1.5h  NWP., HIH. #&r K, KB, SE. B, Wil SR GES RO, 285800 RMSE: b # M 3% % 7%~
%% RIRSUEH R . PR 65 %, 192 48 %
[108]  24h  NWP. Mg, /Mg K. B, HEE. K. BURKGEEEA ., 5 NMAE: 10.98 % ~ 18.88 %
fift M
[109] 24h NWP. il G L W R FTE . BRRGER L R NMAE: 7.6 % ~11.12%
[111] 48h  NWP. ¥4 TLE X M) MAE: 1.8m/s
[112] 24h  NWP, #4547 UK T MAE: 2.6 m/s~3.0m/s
[113]  48h  NWP. H3@&RN E R JRGFRL L AR R Tt R A A A X ] NMAE: Nl 1.5 %
[114]  36h  NWP, MMk, wEzE R, FRGRE. . BT R RS RMSE: 17.2%
LR
[115]  24h  NWP. Mgpgs. F/RS  HukegRE. B, SUE. B SRREFEAAKE. &P NRMSE: 16.47 %
[116] 36h  NWP. R/RZUEN. A3l K. HiRME SRS . G B XU RMSE: HH{H:ALZ) 60 %
VA
[117]  24h  R/REBUEME. k4B K KUm, AR, AUE. A HIRAURE L RIS RR MAPE: 7.083 %
[118]  31d  RHFH. k IEESK R S TR IR AR A KRR MAPE: 19.21 %
[119]  50d  #kits. BREA R L AR SR NMSE: 0.6515
(123]  36h NWP. Zismss. g4l K. Hifix KPR, BURRGES LK NRMSE: 9.77 % ~ 13.44 %
AU il
[124]  48h  NWP. Kr#Etife. whzg KU, B WG 2. W WUk UL KR, 28805 NRMSE: 16.58 %
LFS i
[125]  72h  R/REUEF. AOCLAEE KL KR, IR KRR HiRy 2 NMAE: £y 10 % ~ 20 %
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