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Hybrid population particle algorithm and multi-quantile robust extreme learning
machine based short-term wind speed forecasting

LU Di, WANG Xinghua, HE Xiaoping
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In order to achieve short-term wind speed prediction with high accuracy, this paper proposes a Hybrid
Population Particle Algorithm (HPPA) and multi-Quantile Robust Extreme Learning Machine (QR-ORELM) based
short-term wind speed forecasting. In signal processing stage, it adopts a Time Adaptive Filter based Empirical Mode
Decomposition (TVF-EMD) to decompose the original wind speed series into several Intrinsic Mode Functions (IMFs) to
decrease the volatility. Then HPPA is used to extract the features of each IMF, and QR-ORELM is used to build their
forecasting models respectively and the parameters are optimized by HPPA. Finally, the eventual result can be obtained
through aggregating the prediction value of each IMF. Simulation results show that after adopting HPPA for feature
selection and model parameter optimization, the proposed hybrid method has higher prediction accuracy. Meanwhile,
TVF-EMD based Wind Speed Forecasting (WSF) methods could further improve the predicting accuracy.

This work is supported by National Natural Science Foundation of China (No. 51707041) and Science and
Technology Project of China Southern Power Grid (No. GDKJXM20162087).
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Table 1 Statistical information of the training data

set and the testing data
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1A 4G 7AHE) 10 H#)
Fe/IME/(m/s) 0.43 135 0.75 0.84
KA/ (m/s) 29.71 26.24 22.01 24.48
¥IME 12.80 12.09 9.10 10.57
77 5.85 5.10 4.76 4.18
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Table 2 Parameter initialization of forecasting models
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Table 3 Feature selection results with BPSOGSA
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ffi% 1 1.0 1 0 0 0 1 1 1 1 1
IMFT 1 1 1 1 1 1 1 1 1 1 1 1
IMF2 1 1 1 1 1 1 1 1 1 1 1 1

IMF3 1 1 1 1 1 1 1 1 1 1 1 1
TVF-

EMD IMF4 1 1 0 0 1 0 1 0 1 1 1 1
IMF5 1 0 0 1 1 1 0 1 1 1 1 1

IMF6 1 0 1 0 0 1 1 1 0 1 1 1

IMF7 0 1 1 0 0 0 0 0 0 1 0 1

wz 1 1 0 1 1 1 1 0 0 0 1 1

IMFI 0 0 1 0 O 1 1 1 1 1 1 1

IMF2 0 0 1 0 0 0 1 1 1 1 1 1

IMF3 1 1 1 1 1 1 1 1 1 1 1 1

EMD IMF4 0 1 1 1 1 1 0 1 1 1 1 1
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Table 4 Forecasting performance of TVF-EMD based

WSF models with feature selection technique

- Eizla)

MAPE MAE RMSE

QR-ORELM  0.2373 0.037 0.072
7=0.1 SVQR 0.2518 0.0392 0.073 4
LQR 0.4351 0.068 1 0.1377
QR-ORELM  0.244 7 0.0385 0.074 6
7=0.5 SVQR 02518 0.039 2 0.073 4
LQR 0.4357 0.068 1 0.137 8
QR-ORELM  0.247 4 0.0132 0.0238
SVQR 0.2518 0.0392 0.073 4
7=0.9 LQR 0.434 2 0.067 9 0.1375
ORELM 0.540 5 0.085 4 0.1522
PM 2.564 8 03752 0.593 7
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Table 5 Forecasting performance of EMD based WSF

models with feature selection technique

LA

B

MAPE MAE RMSE
QR-ORELM 1.3611 0.2151 0.3639

7=0.1 SVQR 1.550 1 02337 0.346 3
LQR 1.4423 0.2209 0.3583
QR-ORELM 1.3599 0.203 9 0.3427

7=0.5 SVQR 1.55 02336 0.346 3
LQR 1.4427 0.220 7 0.356 5
QR-ORELM 1.358 3 0.209 9 0.362 6

SVQR 1.550 1 0.2337 0.346 3

7=0.9 LQR 14731 0.2245 0.359
ORELM 1.6129 0.248 8 0.4354

PM 3.0627 03219 0.469
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Fig. 5 Diagram of prediction results at different

quantiles in four seasons
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Table 6 Seasonal WSF performance results of different models

5 HE ®FE A7

Jri: MAPE/ MAE/ RMSE/ MAPE/ MAE/ RMSE/ MAPE/ MAE/ RMSE/ MAPE/ MAE/ RMSE/

% (m/s)  (mfs) % (m/s)  (mJs) % (m/s)  (m/s) % (m/s)  (m/s)
QR-ORELM 02373 0.0370 0.0720 05431 00163 0.0233 0.0957 0.0050 0.0069 11480 0.0712 0.0984
7=0.1 SVQR 02518 00392 0.0734 00188 00252 19616 02802 00152 00163 1.1674 00753 0.1007
LQR 04351 00681 0.1377 19616 00577 00782 02486 00137 00172 08495 00620 0.0785
QR-ORELM 02453 0.0385 0.0754 0.6513 0.0190 0.0267 00946 0.0049 0.0067 13971 0.0799 01244
=05 SVQR 02518 00392 00734 06626 00192 00269 02807 00152 00163 14451 00823 0.1393
LQR 04357 00681 0.1378 19450 00773 0.1464 02415 00135 00171 08490 0.0620 0.0785
QR-ORELM 02519 0.0405 0.0768 0.6030 0.0179 0.0238 0.0987 0.0052 0.0070 07361 0.0494 0.0617
SVQR 02518 00392 00734 06427 00188 0.0252 02799 00152 00163 07740 0.0651 0.0693
=09 LQR 04342 00679 0.1375 19327 00769 0.1481 02436 00135 00171 08484 00619 0.0784
ORELM 05405 0.0854 0.1522 24584 00777 01021 002967 00166 00219 13308 00725 0.1322
PM 25648 03752 05937 24970 07500 1.0008 47066 02568 03228 31516 02540 0.3339
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