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Analysis of wavelet decomposition for multi-step prediction of short-term wind speed
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2. Shenhua Guohua (Beijing) Electric Power Research Institute Co., Ltd, Beijing 100069, China)

Abstract: Aiming at the double characteristics of regularity and randomness of wind speed series, wavelet decomposition combined
with radial basis function (RBF) neural network are used for short term prediction of wind speed. Aiming at the trend term extraction
of different components with different frequencies in wavelet decomposition of wind speed signal, RBF network prediction for
different components decomposed with wavelet and the corresponding synthesization method are studied, which includes three kinds
of decomposition-combination prediction methods, i.e. prediction using all-high-frequency and low-frequency components,
prediction using part-high-frequency and low-frequency components, and prediction using low-frequency component. The prediction
performances and characteristics are analyzed. Prediction results, which are based on the data sampled from different dates and
different sites, are analyzed in the short-term wind speed prediction by using different methods, and the conclusion is that the optimal
prediction results can be obtained only when appropriate decomposition layers, appropriate combination of high-frequency and
low-frequency components are used. The conclusions have profound guiding significance for wavelet decomposition-based short
term prediction of wind speed.
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Fig. 1 RBF neural network structure with single output
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Fig. 2 Three-layer wavelet decomposition for time series
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Table 1 MSE and MAE index of data in STH1 wind farm (time range A)
i i T 2 H ) PE g 3R bR

2 S ! } 4
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
0 X 1.7522 1.2944 2.3512  1.7779 2.7891 2.1079 3.1469 2.3935 3.4146 2.5836 3.6184 2.7536
1 c1d, 1.7556 1.2985 2.3966 1.8060 2.8641 2.1566 3.2663 2.4517 3.5591 2.6245 3.7806 2.7555
ci 1.3686 1.0209 2.2300 1.6708 2.8081 2.0908 3.1773 2.3526 3.4674 2.5734 3.7204 2.7236
crdrd, 1.7556 1.2985 2.3966 1.8060 2.8641 2.1566 3.2663 2.4517 3.5591 2.6245 3.7806 2.7555
2 (X 1.3686 1.0209 2.2300 1.6708 2.8081 2.0908 3.1773 2.3526 3.4674 2.5734 3.7204 2.7236
(23 1.3639 1.0067 1.9214 1.4319 2.5000 1.8560 2.9954 2.2090 3.3858 2.4898 3.6811 2.6979
c3dydrd, 1.7556 1.2985 2.3966 1.8060 2.8641 2.1566 3.2663 2.4517 3.5591 2.6245 3.7806 2.7555
3 cydsyds 1.3686 1.0209 2.2300 1.6708 2.8081 2.0908 3.1773 2.3526 3.4674 2.5734 3.7204 2.7236
c3ds 1.3639 1.0067 1.9214 1.4319 2.5000 1.8560 2.9954 2.2090 3.3858 2.4898 3.6811 2.6979
c3 1.7851 1.3109 1.9842 1.4538 2.2545 1.6546 2.5555 1.8837 2.8590 2.1148 3.1528 2.3373
cydydydsrd, 1.7556 1.2985 2.3966 1.8060 2.8641 2.1566 3.2663 2.4517 3.5591 2.6245 3.7806 2.7555
cydydsds 1.3686 1.0209 2.2300 1.6708 2.8081 2.0908 3.1773 2.3526 3.4674 2.5734 3.7204 2.7236
4 cqdyds 1.3639 1.0067 1.9214 1.4319 2.5000 1.8560 2.9954 2.2090 3.3858 2.4898 3.6811 2.6979
cqdy 1.7851 1.3109 1.9842 1.4538 2.2545 1.6546 2.5555 1.8987 2.8590 2.1148 3.1528 2.3373
cy 2.2147 1.6695 2.2752 1.7191 2.3708 1.7969 2.4961 1.8837 2.6449 2.0167 2.8124 2.1461
csdsdydydrd, 1.7556 1.2985 2.3966 1.8060 2.8641 2.1566 3.2663 2.4517 3.5591 2.6245 3.7806 2.7555
csdsdydsds 1.3686 1.0209 2.2300 1.6708 2.8081 2.0908 3.1773 2.3526 3.4674 2.5734 3.7204 2.7236
csdsdyds 1.3639 1.0067 1.9214 1.4319 2.5000 1.8560 2.9954 2.2090 3.3858 2.4898 3.6811 2.6979
i csdsdy 1.7851 1.3109 1.9842 1.4538 2.2545 1.6546 2.5555 1.8987 2.8590 2.1148 3.1528 2.3373
csds 2.2147 1.6695 2.2752 1.7191 2.3708 1.7969 2.4961 1.8837 2.6449 2.0167 2.8124 2.1461
cs 2.5532 1.9111 2.5658 1.9302 2.5980 1.9683 2.6487 2.0209 2.7166 2.0858 2.8000 2.1602
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Table 2 MSE and MAE index of data in STH1 wind farm (time range B)
i i T A H ) PE g 3R bR

K S ! } 4
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
0 X 1.5135 1.1744 2.0641 1.5788 2.4592 1.8697 2.7322 2.1239 3.0018 2.3331 3.2363 2.5135
1 c1d, 1.5167 1.1762 2.0933 1.6055 2.4944 1.8753 2.7676 2.1475 3.0562 2.3841 3.3123 2.5607
ci 1.2097 0.9376 1.9585 1.5018 2.4293 1.8429 2.7174 2.0970 2.9822 2.3133 3.2453 2.4984
crdrd, 1.5167 1.1762 2.0933 1.6055 2.4944 1.8753 2.7676 2.1475 3.0562 2.3841 3.3123 2.5607
2 (X 1.2097 0.9376 1.9585 1.5018 2.4293 1.8429 2.7174 2.0970 2.9822 2.3133 3.2453 2.4984
2 1.1992 0.9230 1.6858 1.2955 2.1818 1.6759 2.6082 2.0079 2.9423 2.2659 3.1952 2.4427
c3dydrd, 1.5167 1.1762 2.0933 1.6055 2.4944 1.8753 2.7676 2.1475 3.0562 2.3841 3.3123 2.5607
3 c3dyds 1.2097 0.9376 1.9585 1.5018 2.4293 1.8429 2.7174 2.0970 2.9822 2.3133 3.2453 2.4984
c3ds 1.1992 0.9230 1.6858 1.2955 2.1818 1.6759 2.6082 2.0079 2.9423 2.2659 3.1952 2.4427
c3 1.4808 1.1212 1.6774 1.2665 1.9479 1.4827 2.2493 1.7148 2.5499 1.9384 2.8310 2.1359
cydydsdsrd, 1.5167 1.1762 2.0933 1.6055 2.4944 1.8753 2.7676 2.1475 3.0562 2.3841 3.3123 2.5607
cydydsds 1.2097 0.9376 1.9585 1.5018 2.4293 1.8429 2.7174 2.0970 2.9822 2.3133 3.2453 2.4984
4 cqdyds 1.1992 0.9230 1.6858 1.2955 2.1818 1.6759 2.6082 2.0079 2.9423 2.2659 3.1952 2.4427
cqdy 1.4808 1.1212 1.6774 1.2665 1.9479 1.4827 2.2493 1.7148 2.5499 1.9384 2.8310 2.1359
cy 1.9672 1.4860 2.0252  1.5219 2.1095 1.5818 2.2153 1.6592 2.3377 1.7543 2.4716 1.8559
csdsdydydrd, 1.5167 1.1762 2.0933 1.6055 2.4944 1.8753 2.7676 2.1475 3.0562 2.3841 3.3123 2.5607
csdsdydsds 1.2097 0.9376 1.9585 1.5018 2.4293 1.8429 2.7174 2.0970 2.9822 2.3133 3.2453 2.4984
csdsdyds 1.1992 0.9230 1.6858 1.2955 2.1818 1.6759 2.6082 2.0079 2.9423 2.2659 3.1952 2.4427
: csdsdy 1.4808 1.1212 1.6774 1.2665 1.9479 1.4827 2.2493 1.7148 2.5499 1.9384 2.8310 2.1359
csds 1.9672 1.4860 2.0252  1.5219 2.1095 1.5818 2.2153 1.6592 2.3377 1.7543 2.4716 1.8559
cs 22666 1.6936 2.2915 1.7126 2.3303 1.7457 2.3820 1.7887 2.4453 1.8391 2.5187 1.8998
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Table 3 MSE and MAE index of data in STY'1 wind farm (time range C)

T 5 B e A e A b

SR SR

[ i 1 2 3 4 5 6
MSE MAE MSE  MAE MSE MAE MSE MAE MSE MAE MSE MAE
0 x 0.8712  0.6606 1.1255 0.8581 1.2908 0.9773 1.4423 1.1044 1.5630 1.2104 1.6562 1.2945
: o1 dy 0.8836  0.6702 1.1430 0.8598 1.3000 0.9869 1.4505 1.1066 1.5627 1.2038 1.6432 1.2849
c 0.6880 0.5121 1.0562 0.7899 1.2676 0.9557 1.3894 1.0648 1.5061 1.1590 1.6151 1.2559
c2dad, 0.8836  0.6702 1.1430 0.8598 1.3000 0.9869 1.4505 1.1066 1.5627 1.2038 1.6432 1.2849
2 crds 0.6880 0.5121  1.0562 0.7899 1.2676 0.9557 1.3894 1.0648 1.5061 1.1590 1.6151 1.2559
o 0.6371  0.4796  0.8366 0.6279 1.0715 0.8147 1.2869 0.9858 1.4566 1.1335 1.5743 1.2298
csds dad, 0.8836  0.6702 1.1430 0.8598 1.3000 0.9869 1.4505 1.1066 1.5627 1.2038 1.6432 1.2849
3 c3dsds 0.6880 0.5121  1.0562 0.7899 1.2676 0.9557 1.3894 1.0648 1.5061 1.1590 1.6151 1.2559
csds 0.6371  0.4796  0.8366 0.6279 1.0715 0.8147 1.2869 0.9858 1.4566 1.1335 1.5743 1.2298
s 0.8253  0.6240 0.9103 0.6925 1.0180 0.7812 1.1361 0.8801 1.2570 0.9789 1.3749 1.0718
cadsdsdad 0.8836  0.6702 1.1430 0.8598 1.3000 0.9869 1.4505 1.1066 1.5627 1.2038 1.6432 1.2849
cadsdsd 0.6880 0.5121  1.0562 0.7899 1.2676 0.9557 1.3894 1.0648 1.5061 1.1590 1.6151 1.2559
4 cadsds 0.6371 0.4796  0.8366 0.6279 1.0715 0.8147 1.2869 0.9858 1.4566 1.1335 1.5743 1.2298
cads 0.8253  0.6240  0.9103 0.6925 1.0180 0.7812 1.1361 0.8801 1.2570 0.9789 1.3749 1.0718
s 0.9583  0.7347  0.9828 0.7573 1.0224 0.7913 1.0756 0.8368 1.1401 0.8882 1.2135 0.9446
csdsdsdsdrd; 0.8836  0.6702  1.1430 0.8598 1.3000 0.9869 1.4505 1.1066 1.5627 1.2038 1.6432 1.2849
esdsdydsd,  0.6880  0.5121  1.0562 0.7899 1.2676 0.9557 1.3894 1.0648 1.5061 1.1590 1.6151 1.2559
csds dyds 0.6371 0.4796  0.8366 0.6279 1.0715 0.8147 1.2869 0.9858 1.4566 1.1335 1.5743 1.2298
i csdsds 0.8253  0.6240  0.9103 0.6925 1.0180 0.7812 1.1361 0.8801 1.2570 0.9789 1.3749 1.0718
esds 0.9583  0.7347  0.9828 0.7573 1.0224 0.7913 1.0756 0.8368 1.1401 0.8882 1.2135 0.9446
cs 1.1090  0.8590  1.1303 0.8701 1.1595 0.8876 1.1959 0.9147 1.2387 0.9473 1.2869 0.9820

F 4 TR E R R BRI TN 5 2 LR
Table 4 Optimal components combination of different wind
farm in different time ranges
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