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Abstract: For the limitation of least square support vector regression (LSSVR) in modeling the time

varying feature of wind power, an ultra-short-term wind power prediction (USTWPP) model based on dy-

namical ensemble LSSVR was proposed. Firstly, the off-line LSSVR model library was created by making

use of the historical data which were obtained from Numerical Weather Prediction (NWP) and supervisory

control and data acquisition (SCADA) system of wind farm. Then, the candidate members of ensemble

LLSSVR were selected from off-line LSSVR model library dynamically according to the similarity between
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the NWP of forecasting period and the NWP of training period. The ensemble members were decided by

considering the accuracy and diversity. Finally, the weights of ensemble LSSVR members were assigned

according to the similarity between the NWP of training and NWP of prediction period. The validity of the

dynamical ensemble LSSVR based predictor was verified by predicting the wind power of a wind farm in

Hunan Province. Compared with persistence method (PM), auto regressive integrated moving average
(AGIMA), LSSVR, constant weight ensemble LSSVR, and ensemble artificial neural networks (ANN),

the dynamical ensemble LSSVR is more accurate, especially when the weather changes severely.

Key words: ultra-short-term wind power prediction; least square support vector regression; dynamical

Ensemble; dynamical time warp; numerical weather prediction
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Fig. 2 The relation between wind power and wind speed

Uy 501 s P1
M= e (13)
ur L s pr
C=M"XM (14
Z=M><e= (217229"'921‘)’]‘ (15)

Horp e 55 C F RFFIEAE XS R B RRAE 1) 5

A) Kl AR AR - BLIR LSSVR #5570 (1) B A 42 36
ARE

Sew = ((x,5y) | i=1,,N} (16)
Hep N =[S, | WEEARKE S, MEEARL, x, W
ANFERMEA S v N5 x, XL . B REAS SR
Sep WIREEME x; 5y, .

52 R HE S o 2 2 0 PR 2R L 4 R B A L XL
H LA HE S  RAIL T 5 (TR L RUTa) G L3 R
R o3 RBP4 XUHLHES L KUBL Y 5
Kot 3 55 R AR AR LR KU XU LR AR S
SR AR L R X I B an B 3 R 1Y
RE G R G0, AR R AE N R G A AERT AR R 3R
PEFTR 10 A HL RE S B B o R i A (P S TR 2R
HRG R AR H ) . AR AERT &
G0, R L] AR AR AN R G WA L S WA B AT DA
MR 58 ) T R . T XU 3 ) NWP 5 SCADA
AGME Bl AR R I R G0 W5 B, e T
XU 37 s oy 238 1) A8 A B, 3 S XU 5 Dy 26 5
FASEPE . FOB KUH 37 24 B9 NWP 5 F — I 20 (0
H I RAE R AT — I 20 i R AR R A R
AHEA x, =< NWP,, P, > i y, = P, , 1



%4

XUZR M4 BT B A 4R K LSSVR B8 J6 101 XU Hs T R T 83

H NWP, Jy 28 [ 4 4k 315 T5000 I 20 9 NWP {5 &,
P,k T50I i 2 F) L 3R

O
| \
m?
KL
L/l

el
B3 RepitiiREIR

Fig.3 The energy transforming schematic

diagrams of wind farm

5) HLiAR LSSVR Il 4 . F 45 1 )5 81 A= W i A A
4 Sop 325 LSSVR BEAY g 4 fR B LSSVR
B K AN 25 5 50 47 A B8 PR 57 R LSSVR
T A P
2.2 ERBRIERE

8 B D3 ) 22 B VR 5 T A R T
LSSVR #5271 (14 Jfilf . Sy 452 XU H 37 1) I 722 R L A
i o000 e B i) NWP {5 B, 2h 4 1 L& LSSVR 45
TR 27 P 5 T Ao B DI Bt BE NWP AR (L H
1 Q A~ H ik LSSVR f £ B 0 ik 4 D B2 A
MG D . DS D, H oD ARk
{E[ZS:.

¢(D') = A DA +

f,eD

(1= D) kp(fisf) a7

fiof €D

Hop x € [0 1] S ZAe P A1 ERPE R IR 35 547 A
=1, 0 R ZEIETE. A A =0, M RE B2, /)
5 f; ¥ R LSSVR B8, ACf) JyHfA LSSVR
R El’ﬁﬁ‘im]‘(’ﬁﬁiq,\ﬁ%ﬂn?f

| yi — f(x) |
ACf,) =1— (18)
I R \E v,

Horr y: KPR SE . f(x) R 5HA x; X
A TNAE » S Al i 4E.
kp(fis /) MR LSSVR AL £ 5 7, 5
LG g =
kp)[“],,\l‘l‘%ﬁﬂﬁ(w)
kp(fisf;) =

Z(Q,jd,'j - b,]C,']' )
(a,‘j ‘\“b,’j ) ([7,’]’ JF d,’]’) + (a,, + Cij )(Ci, + d,’,’)
(19)

24 kp $5 45 T RE R S 1 22 S O i
FUOR] B SRR 4 22 S X 5 IS AT
TG R R IR A AT AR 1 R,

®1 LSSVR&RH [ 5 7, HKEHH
Tab.1 The joint distribution of f; and f;

y*f)<x)\<e ly—fito)
y y

>e

y— it ] <e

a by
y

‘ y—[i(o ‘ =~
N

cij d;j

ay N[5 [ BHSHRZEH AR F RIFIRZE
MIREARKL; by A f IR Z R T RAiFiR 2 e Sl
fi BAHXT R ZA R T RIVFRZE e IMAEEREG ¢ R S,
AIFRRT 2 25 KT AR VFiR 25 e o1 f: AR IR 228 K
TRVFIRZE e WEEAKRG dy B f 5 f; BREX R ZE
BIRF RVFIRE e MREARL
2.3 NESE

A U AN 43 I 2 # 2 A ik LSSVR 46
I o 205 RS T A TR g O . XU R B LA AR R
b I ol A A 3 L AR — B 2R — g i
s T 3E N R 3 AR AL AR NWP (14 Bif A5 45
A BL LSSVR AR 5l 5 I AR A (1) A

T B ) NWP Jp 8l 28 4t Je i b NWP, , Fufk
LSSVR, JIIZ5E Br i NWP J7 51 4 [ 4t J5 i o NWP,.
= (2) 3% NWP, 5 NWP, 1 41 {8l & S(NWP, ,
NWP,) 8 A% 5% LSSVR, AR IR .

w, = S(INWP, ,NWP,)/% S(NWP, ,NWP,)

(20)

X B B A x s OGN A XL HR T T 2

ESR

D' |

P, = > w, X LSSVR, (x) 2
r=1

3 ZRKRHEHERSWH
3.1 ZWINEEHE

R4 & % ] Matlab 7. 10, 0(R2010a) , 5 H
% libsvm B4 T A LSSVR @B, 4
AL FE BB 43« B KT 55 XU 3 Py s 0 4 4
NWP >k B P25 AR A A W 23 BEA N 15 min,
SEmE 200 I3 s NWP s oy A Je — U R 1A
i NWP 5805 2 R A& 17 X « f 5
] 43 Ly Bl 1) i R



84 IR K 2240 A BR2E D

2017 4F

F2 EXEiH NWP [ EHiE
Tab.2 The historical NWP data of a wind farm
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Fig.4 The daily power curve of a wind farm
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Tab.3 The comparison of single LSSVR with different L
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3d 1.36 17.49 13.08
74d 2.73 27.03 15.79
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Tab. 4 The relation between the error of dynamical
ensemble model and A

A Min-MAPE/ % Max-MAPE/ % Avg-MAPE/ %
0.0 3.33 26. 44 12.31
0.1 2.64 22.29 11. 68
0.2 1.99 22,27 11.53
0.3 1.68 24,84 10. 94
0.4 1.96 23.49 10.17
0.5 3.73 24,07 9.79
0.6 1.10 22.25 9.03
0.7 2.31 27.49 9. 76
0.8 3.36 26,71 11.08
0.9 2.92 24,29 12.63
1.0 2.67 23.29 14. 65

5 10 15 20 25 30 35
s} (1] / 1]

B 7 %K% LSSVR FimliXs £
Fig. 7 The experimental result of ensemble LSSVR
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Tab.5 The error analysis of ensemble LSSVR model %

WPP Model Min-MAPE Max-MAPE Avg-MAPE
Best 1.33 21.19 12. 31
Worst 0.39 27.70 15.73
Average 0.99 23.27 13.53
DELSSVR 1.12 22.25 9.03

JEF DELSSVR () USTWPP #5845 H & %
(¥) USTWPP 50 45 5 1) X LU i g 45 SR a3k 6 J
R PMORR RS ARTMA Sy 1 1813 8 ) F

¥, CWLSSVR 2 # AL H LSSVR 4 A 1 i #1741,
DEBPNN Jy SCHR[ 25 1 il 28 ) 2% 20y 25 48 A 100 0 A
A1, DELSSVR i A 3C 1) 8l 25 % il LSSVR 2 AL
DELSSVR HRUFIH T KL 3 NWP 3 51 1) i) A%
PR B A L A BN R S B S A e, ST
HHE $2 0 T USTWPP (% o g % - 76 R B B
y LR
F6 TREMNEE RS XS

Tab. 6 The comparison of different forecasting models

WPP Model Min-MAPE/%  Max-MAPE/%  Avg-MAPE/%
PM 0.32 33.41 15. 36
ARIMA 0.42 28.56 13..65
CWLSSVR 0.98 27.70 10. 43
ANN 1.23 32.56 10.57
DEBPNN 2.19 25.27 9.68
DELSSVR 1.93 23.25 9.03
TR R

TF R RUHL 3 0 B AR R AR AR SCHR T — Rt T
AL LSSVR i) USTWPP 81, 34 i A B
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gEiE
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P sh 254 i LSSVR Y 3 Ji .
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