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Wind Power Prediction Method Using Hybrid Kernel
LSSVM With Batch Feature

LIU Chang'? LANG Jin®*

Abstract For the wind power prediction problem in a wind farm, this paper collects some related data such as historical
wind power data, meteorological data, and wind speed data sampled by anemometer tower. Then, a wind power prediction
method with batch feature is proposed, which is based on hybrid kernel least squares support vector machine (HKLSSVM).
It is used to establish the wind power prediction model in the wind farm. To enhance the model’s adaptability, an improved
differential evolution algorithm is designed to optimize the model parameters, and a sparse selection method is used to
select the appropriate training samples set. Thus, the modeling time is shortened and the prediction model accuracy is
guaranteed. According to the location distribution of wind turbines in the wind farm, a modeling strategy based on batch
partition is proposed, some wind turbines at similar locations can be clustered by batch strategy, which is used instead
of the traditional wind power prediction methods in the wind farm. The proposed model is tested through the real data
in the wind farm. Experimental results show that the proposed method can improve the accuracy and efficiency of wind
power prediction compared with other prediction methods, and can reduce the effect of the wind fluctuation. Hence it
can ensure the safety and reliability of the power grid.
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FEAL R BGS A 2 Se ge vt 45 | L r 5 & KAWL &
FAR O, RF8E I T 4% B 4tk N BT A KWL & L & P25 (B
7 KL EE R S AEAL. PR IDE-HKLSSVM J5 ¥
X HEFEAIL) R R BE AT F0, 98 5 R HEREAIL T
W25 5L 3fe DA SEAE DL T AL 4tk o9 i RAHILERCH , 1531 4%
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B 1 AR SCHR Y A A 4 AR Y SIDE-
HKLSSVM (Batch SIDE-HKLSSVM, BSIDE-
HKLSSVM) J7ik, HAfiidan

T IR B R S B e AT FUAR B, RIS I
R, T Bk B B AT S (R A 4, P AL P
Ja B RHE AT A — 1k, iid BSIDE-HKLSSVM J5
TRR I B AL XN 2380 S AT T Ry 1 f £
RS AL, S IDE SRR A 240t
ATk 1 P R 0L 45 SR s X )1 B e AT
. B e R I MBLEAT 1A 3 Ab 2, BIRE X3 XL
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2.1 SCIEE

R SE 56 2 7E Microsoft Visual Studio 2008 -
& FIETEAE, DA C++ it SR s 5 T &

VESREL. AT SEm AL CPU 450 3.4 GHz,
NN 16 GB, #:/E & 55 Windows 7.
22 REMER

B2 SRR B R A L, BT B
kA, I HAEAE — el p )AL, i, 23#.
357 . 364 . 397 . 414, PAJ 42# KA LB AT.
DAL S AR A S5 H R 25 X 2 AT A 0l 45

B2 RS KL

Fig.2 The distribution of wind turbines in the wind farm

PAEEAS NI 66 & RALH IE# 21T 60 & Toi
i TG S i 2k RBL R B, 2 RS 3 4 AL Hb B o7
BTG OL, X ETA XL A . A 24 T2
FIRERNLA L, MBITE KL EEH 6 & KUWLIE R fibke
B, Geit4 B LN B EE G KBL & B O, PASEET
A BN A KA A T E A KBLVE A 45 H it
FEML, BB AT, 6 SRERILAN 3h 9# . 184,
314, 3T, 524, PAK 59#. DA AMAEHLAY R
TR

1) 1#~10#, 3t 10 & KWL REE & KL
M) & R EE, P oRkAE 10 & RHL S &
HOh 142.60kW-h. i, 9# KHLEY & L& K
152,46 kW-h, fz 33 Tt 0 A0 739 & d &, fr DA
BE 9# KAMLVE A HEFERL. AR BTy RS AT HoAth
HEFERIL.

2) 11# ~ 224, 3t 12 & KAL. BB HEAEAL
184 (Hi iy %k B 99.3275 kW-h, 18# K
98.93kW-h).

3) 244 ~ 334, L 10 & KAL. FEEH HEEEL
Sy 31# (PP % Mk 121.036 kW-h, 31# K
123.32kW-h).

4) 344, 3T#. 384, 404, 434, 444, 1 6
G ML B AL 37# (FL By & Bl
139.2233kW-h, 374 4 138.26kW-h).
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5) 45# ~ 574, 4t 13 & KL, I HEEEL
524 (Hirp ¥ & B &K 102.6562kW-h, 52# &
105.29 kW-h).

6) 584 ~ 66, Ht 9 & XML FEHE AL N
594 (Hrp P % Bk 114.8989kW-h, 594
119.03kW-h).

2.3 BIRALIE

DAJRGE T 0 S 596 1), S0 o g e 2 o
SRR, HX PR B AT I E A 2, PR AL B S
R EAT U A, AR I Y 2 A I 220 X . 4 BT
ZIMRIE . AEIN 2R . ST 2 ) ATz K
CIEE s N R L DAR DO i R RIS TR N
o 2 T 220 A A M E S 2R Y e
RPN N E T P A SN T D DR N 1
PIES(BVSE PN U S Sl Nl S PRI RS (BNE K PSS
HR i, TEHBOGE RV AL F A X R B AR R A 5.

AR 00 S 36 0 B, 06 A S ae Bt e

VA 21,1 27
= : . (16)

Zy ZN,1 ZN,7

Hri) 20 € {z11, - ,2n1) T YETH 228300
BE, zio € {212, s 2N} FRYHIBZIRE, 2,5 €
{z13, 2N 3} FRYHIZIKE, 254 € {214, -+,
Zna}y FRYAZAE, 25 € {215, 2N 5}
N YUHTBTZIRGH, 256 € {216, 5 2N6 ) o 4TI
ZINIPR, 27 € {z17,- -+, 2n7} TR F—HZI X3
K, Hie N, N Ml %

KB FEATIH— A B, g o 2 H—1L)G
[ &5

Zik — Zk

N
Z_:I(Zi,kfik)?
- N

;H‘:‘:P,Z.Zl,2,"' 7N7 k:1>2> 777 2y %%ZT—\‘%%
e k SVERISE, 153H—1b )5 R EdE

(17)

Tik =

X, i1 o T

2.4 FMiERR

R Uk R B A RO, AR SCar B RARY 7 AR R
#: (Root mean square error, RMSE). i K% 2
(Maximum error, MAXE). “F¥ X} %2 (Aver-
age relative error, ARE). DA A7 X2 2 F )

i (Prediction accuracy rate, PAR) {E X445
bkt BT BVEAT VR, AR AN

1 v

RMSE =, | - > e (19)
t=1

MAXE = max(e;), t=1,---,v (20)
1 ° €t

ARE = = - 21

D3 ( ) (21)

v N\ 2
PAR = [1- 1 (H) x 100 %
v = Cap
(22)

Hodr, v o4 288 (FHY4T 3 RINEE 15 48P RAEN) S
WA, e = [Y: = Y/|, Vi Sl t BPEE SR XU 22,
Y, Rt BB XN, Cap R IE T HHLE
&, XH Cap S 9MW.

2.5 BRI HERES

AR EBEIEEI R 1 13k 2 . H
H1% 12 IDE RS E, %2 /R T BSIDE-
HKLSSVM J¥EM S50 B .

%1 IDE WESHE

Table 1  Parameters setting of IDE
S5 NP M Gmax 0 CR F
HUE 100 4 20 10 0.7 0.3

# 2 BSIDE-HKLSSVM &4k 53

Table 2  Parameters setting scope of BSIDE-HKLSSVM
S A o v d a;
ECA | (0.05,  [1,50] (0, 1000] [1, 10] (0,

0.1] 0.0001]

e 3 Ml 2 AR YO8 IDE Al DERS 5735
17 20 R T KGR O BRI 8, Horp IDE
) 5 2 SUE Sy 0.013768, DE 11y 5 Z g {8 h
0.013833.

M 3 FTUAT i, i TR AR S5, TDE {27
I AL B 9 A DE BCRAF, HEAESS 6 4
2 I, TDE 383 7 5/INg [ 35 R0 SR R
W) S A3 R, IDE BE 3] T 2 g IR 91
MBI SR

/el 4 Jg R AR 8T IDE il DE 375547
20 YR I 1T 29 KIS F B R S4 bt IDE



1270 H 3l 1k

¥ 46 %%

4 B AU BIUE 2 0.016346, DE 1 f5 2 Wit U {E
0.016663.

0.0146

0.01444 .

o 0.0142 4
E
45 0.014
it
é 0.0138

0.0136

123456738 91011121314151617 1819 20
IEARIRIL
Kl 3 IDE 5 DE it KU Bt B i S5 He e
Fig.3 The convergence comparison of wind speed
prediction model between IDE and DE
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Fig.4 The convergence comparison of wind power
prediction model between IDE and DE
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Rd A+, IDE #RESHRE] /N B 1E LY. bR XU(H.
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S0, AT v B 2R ) R

2.6 RURFULER

K 5 X SLPRE S SIDE-HKLSSVM 7 X
ST ) O BRE A R, HL v SRR Ik 1) 1] By 15 73
. MIE 5 WA i, SIDE-HKLSSVM BE % Hu S
BN 22, - HL T 25 532 200 52 s 14 XU g £k
BEA, BT WU T 52 5, A 308 -5 HAth etk 5
W5 A SVRESL, ELMP g7 7 L. M3 3 W]
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Fig.5 The prediction curve of wind speed in

the wind farm
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Table 3  Prediction results of wind speed in
the wind farm
Jrik RMSE MAXE ARE
(m/s)

SIDE-HKLSSVM 0.61 2.07 0.07
IDE-HKLSSVM 0.83 2.16 0.10
IDE-LSSVM 1.14 3.17 0.12
SVR 2.14 3.76 0.25
ELM 1.21 2.35 0.13
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Table 4  Prediction results of wind power based on

BSIDE-HKLSSVM method for batch turbines

HAEHL RMSE MAXE ARE
(MW)
94 0.18 0.63 0.35
184 0.15 0.61 0.42
31# 0.12 0.46 0.51
3TH# 0.14 0.50 0.70
524 0.13 0.53 0.90
59# 0.12 0.63 0.44
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Table 5  Prediction results of wind power based on

BIDE-HKLSSVM method for batch turbines

HEAEHL RMSE MAXE ARE
(MW)
OH# 0.16 0.60 0.32
18# 0.14 0.62 0.36
31# 0.18 0.44 0.92
37# 0.12 0.51 0.50
52# 0.13 0.51 0.94
594 0.12 0.64 0.41
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Fig.6 The prediction curve of wind power in

the wind farm
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Table 6  Prediction results of wind power in

the wind farm

WiRis RMSE MAXE ARE PAR

(MW) (%)

BSIDE-HKLSSVM  4.57 17.36 0.21 95.4
BIDE-HKLSSVM 4.84 18.86 0.22 95.1
SIDE-HKLSSVM 6.79 21.94 0.22 93.1
IDE-HKLSSVM 7.44 25.98 0.21 92.5
IDE-LSSVM 8.35 26.95 0.26 91.6
STS 8.09 22.01 0.33 91.8

SVR 7.53 27.34 0.22 92.4

ELM 7.93 27.17 0.33 92.0

EE 13.08 36.05 0.33 86.8
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Table 7

sparsity strategy for the wind power in the wind farm

Time comparisons of training model with

Ik i) (s)

BSIDE-HKLSSVM 382.27
BIDE-HKLSSVM 474.07
SIDE-HKLSSVM 40.71
IDE-HKLSSVM 64.93
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Fig.7 The distribution of wind speed prediction errors
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Fig.8 The distribution of wind power prediction errors
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