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Short-term Wind Power Prediction based on Optimized
Kernel Extreme Learning Machine
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Abstract: In order to improve the accuracy of short-term wind power prediction, this paper proposes to use the original
model of Kernel Extreme Learning Machine (KELM) prediction model and study its internal parameters after comparison.
Multi-Verse Optimizer (MVO) is selected to optimize its parameters. This paper also proposes to use Whale Optimization
Algorithm (WOA) to initialize MOV population, so that MVO is much less likely to fall into local optimum, and thus it has
better solving ability. The proposed prediction model is used to predict a power generation, and obtain a prediction result
of RMSE value of 0.0032 and average prediction error of 0.00033. Finally, a comparative experiment verifies its good
prediction effect.
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Tab.1 Partial data sets
KR/} 1°kW W /m/s W/ C AREE/ke/m’ BI2BNR/%

0.092 4.531 1.068 1.308 0.393
0.117 4.873 2.851 1.301 0.304
0.119 4.903 4.186 1.295 0.319
0.113 4.824 5.015 1.29 0.393
0.119 4.903 5.521 1.286 0.529
0.146 5.231 5.642 1.284 0.546
0.179 5.588 5.398 1.284 0.504
0.203 5.831 4.786 1.285 0.439
0.202 5.824 3.38 1.288 0.315
0.223 6.015 1.15 1.291 0.22
0.232 6.094 0.437 1.294 0.191
0.221 5.997 —0.111 1.297 0.175
0.203 5.831 —0.538 1.299 0.205
0.184 5.644 —0.798 1.301 0.305
0.17 5.494 —0.729 1.302 0.535
0.177 5.556 —0.449 1.304 0.589
0.166 5.446 —0.618 1.305 0.535
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Fig.3 Flow chart of WOA—MVO—-KELM prediction model
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Tab.2 Comparison between WOA—MVO—-KELM and

BP# £

KELM related algorithms

st e ke NP K Keon Keon Keor
RMSE 0.0032 0.0097 0.0474 0.0094 0.0128 0.0098 0.0089
Avg_error 0.00033  0.00067 0.0112 0.00076 0.00089 0.00079 0.00068
Best_error 0 0 0.0004 0 0 0 0
Worst_error  0.0187 0.0510 0.3472 0.0728 0.1275 0.0971  0.0653

R TR RO EERL
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other algorithms

WOA-MVO-

PG fRR KELMs» BP SVR OSELM ELM
RMSE 0.0032 0.1158  0.0374  0.0566  0.0825
Avg_error 0.00033 0.01583  0.00125  0.00531  0.01950
Best_error 0 0.0012  0.0001 0.0005  0.0006
Worst_error 0.0187 0.9821  0.2741 0.3354  0.4021
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Fig.26 Convergence curve of WOA-MVO—-KELM and
other algorithms
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