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Short-term wind speed prediction based on NARX and chaos-support vector machine
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Abstract: The improvement of wind speed prediction accuracy plays a positive role in reducing the cost of wind power
generation and arranging the location of wind farms. The DBSCAN clustering method is used to denoise all data and
select the most appropriate sequences for empirical research. Firstly, since the chaotic wind speed data sequences would
affect the prediction results, C-C method is made to determine the needed parameters in phase space reconstruction.
Meanwhile, a model of chaos support vector machine combined chaos theory is established to predict the wind speed
value in the coming 24h. Then the model is compared with the EGARCH model and the nonlinear self-regression network
with exogenous input (NARX) model in terms of prediction results. Finally, the prediction effect of models is evaluated
by the RMSE and MAPE of each prediction model. The results show that the support vector machine model based on the
chaotic time series has the best prediction effect on the wind speed of the NWTC m2 weather station.
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Table 1 Variables of wind speed impact for weather stations
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Table 2 Results of data preprocessing
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Table 3 Comparison of predicted results of pre-and post-noising

i RMSE MAPE

T P

JRaR/ N R 1.738 7 0.404 4

DBSCAN S 1.578 2 0.3472
EL Il S

i R EZ e, S NWTC m2 S %0/
Kl 4T DBSCAN 50k, REFisfrai fkn],
VLR F) 523 MR . DBSCAN 28248 B K]
2 iR

0.0 0.6 00 06 0.0 0.6

) ] ] D
e ===l ] kK L

1.0
0.0

1.0
0.0

1.0

0.0
1.0

0.0

INT

0.0 0.6 0.0 0.6

2 DBSCAN BELZRER
(BBEFEN 0.3, PEHFESERE A& DM = 200)
Fig. 2 Icon of DBSCAN clustering results
(neighborhood radius 0.3, minimum number of observation
points within neighborhood radius 200)
3 RUREMEHFIE
e AR R S R DS ME TR,
NWTC m2 S %l M 2016 45 1 H 1 HF 2017 4F 12
H 31 H, JL731 RE 17 544 2/ 285
AHT 0-1 JEMEIAEN NWTC m2 S %uh 731
RIE 17 544 4>/ ROEBARBEAT 73 HT e A T A X
A R IR P S I TR e, UK P81 10
MAFEIFZIE AL &H 8 000 NS X EE ,
X510 A7 03 34T 0-1 YRt . 25 Horp—
MFEFIRREAR, BTy n, 133 p(n) 55 q(n)
FIAREE S 2IT500R8 M (n) Al BRI LT K 2 K A7
PRI ik 3. & 4 e S B
M3 B 4 FE s Ll p(n) 5 q(n)
FRAR P S AT Bk, 907 (6288 M (n) i I ] Ze

B, Wk R K IRFIA{E R 0.998 0, 1 T 1,
PRI S TT AR BH 2 XN ) 7 271 B A TR e
60 | : : : e . ;
50
40 |

120 ~100 80 &) 40 20 0 20 40
p

3 p(n) 5§ q(n) B9HEE
Fig. 3 Phase diagram of p(n) and q(n)

700 |
600
500

M

400 F
300
200
100

00 200 400 600 800 1000 1200 1400 1600 1800
t

4 AN Mm) THE

Fig. 4 Changes displacement of mean square M (n)

LO00 —
0.998 1 . e "
0.996
0.994
0.992
0,990
0.988
0.986

0.984

0,982 ¥ ;
05 1.0 1.5 20 2.5 30

C

5 TSR K, TILE
Fig. 5 Evolution of incremental growth rates K,

4 RURFEEATN

HUH NWTC m2 S5 uh 0 17 544 41/ 50



- 68 - @A &R B R

i, RRALER LS 9 MR, AR “AET L “HT
AR RN SN AN N 1 NI
IRREE” RGBSR R PRI UR T o %
REARGHNEIE 4 P,

4 SRERGITHE

Table 4 Statistical summary of meteorological variables
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Table 5 Estimation results of the EGARCH (1,1) model
Variable

Coefficient Std. Error z-Statistic Prob.

AR_RESID(-1) —0.026 269 0.009 899 -2.653 620  0.008 0
Variance Equation

CQ2) —0.041 348 0.004 744 -8.716388  0.000 0

C@3) 0.094 660 0.006 662 14.20796  0.000 0

C4) 0.284 357 0.006 843 41.55246  0.000 0

C(5) 0.901 076  0.002 483 362.921 3 0.000 0
R-squared -0.000 744  Mean dependent var  —0.000 397
Adjusted R-squared  —0.000 744  S.D. dependent var 1.329 201
S.E. of regression 1329695  Akaike info criterion ~ 3.105 984
Sum squared resid 15 527.36 Schwarz criterion 3.110 015
Log likelihood -13634.93 Hannan-Quinn criter ~ 3.107 357

Durbin-Watson stat ~ 1.946 313
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Table 8 Multi-step prediction of RAMSE and MAPE values in

chaotic support vector machine model
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Table 11 RMSE values and MAPE values for multi-step
prediction of EGARCH model

A 1 2 3 4 5 6
RMSE 14870 36166 19136 15665 24776 53480
MAPE 0.6269 1.1513 0.8404 05934 13847 0.5562
e 7 8 9 10 P AedER
RMSE 3.0093 1.1849 15000 1.7902 23894 1.2897
MAPE 0.6597 0.5705 04164 13959 0.8196 0.3605
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Table 12 Comparison of multi-step predictive effects of model
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