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Short-Term Net Load Probability Forecasting Based on MV-WC and Gated
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(1. School of Electrical Engineering, Shanghai University of Electric Power, Shanghai 200090, China; 2. Nanjing Hexi
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Abstract: The large number of distributed photovoltaic (PV) access on the user side increases the difficulty of net load forecasting. In

order to improve the forecasting accuracy, a short-term net load probabilistic forecasting model based on weather classification and

neural network is proposed. First of all, in order to better describe the meteorological conditions, the weighted sum of cloud cover and

ambient temperature that have the greatest influence on PV output is carried out to construct a comprehensive meteorological impact

factor, and a weather classification method based on the volatility of meteorological impact factor is proposed. At the same time, the

maximum information coefficient is used to help the model select the input characteristics in different time frames in view of the time

difference of the influence of meteorological factors on the net load. Finally, using the sample selection results as input, probability

prediction is made by quantile regression and gated loop unit (QR-GRU) neural network, and probability density curve is generated by

kernel density estimation. The simulation results show that the model has good prediction performance.

Key words: net load; meteorological impact factor; volatility; weather classification; maximum information coefficient; quantile

regression; probabilistic prediction
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Tab.1 Correlation of meteorological factors on net load
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Fig. 3 Net load outputs for 4 weather types
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Tab. 4 Comparison of model training and calculation time

S

- RAKEM RAKM 2
NGRIFTE]  TFEEmEE] YIGRFE 5
MIC-QR-GRU  31.890 1. 603 32.508 1.663
QR-GRU 32.016 1. 627 32.558 1. 666
QR-LSTM 32.275 1.629 32.670 1. 694
QR-RNN 32.432 1. 637 32.807 1.708
KA 1 RAEM 2
it
YIGRIETE]  JFEEMEE] YIZRMEE] 5 e
MIC-QR-GRU  33.831 1.710 35.874 2. 165
QR-GRU 33.946 1.727 36.219 2.317
QR-LSTM 33.982 1.759 37.132 2.334
QR-RNN 34.030 1.763 38. 064 2.380
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Fig. 5 Probability forecast distribution for four kinds of weathers
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Tab. 5 Point prediction performance evaluation
KA 1 RAER?2
ﬁ':ﬁg e 2 e 2
MAPE{fi RMSEH R { MAPE{i RMSE{H R {H
MIC-QR-GRU 2. 843 0.071 0.995 3.452 0.079 0.991
QR-GRU 5.112 0.080 0.993 5.910 0.094 0.941
QR-LSTM 5.635 0.082 0.992 5.817 0.091 0.942
QR-RNN 5.977 0.079 0.993 6.352 0.096 0.939
KAEA3 KAEAL4
o - -
MAPE {8 RMSE{H R {i MAPE{H RMSE{f R°{H
MIC-QR-GRU 4. 882 0.119 0.978 6.342 0.107 0.975
QR-GRU 7.084 0.162 0.932 7.889 0.128 0.945
QR-LSTM 8. 657 0.158 0.938 9.484 0.143 0.926
QR-RNN 9.749 0.116 0.957 10.381 0.155 0.929
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Fig.6 Comparison of probability density curves of each model
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Tab. 6 Interval prediction performance evaluation
RAKA 1 RKAEA2
PICP{H PINAW{H MC{H PICP{i PINAW{H MC{H
QR-GRU 0.990  0.128 0.129 0.988  0.152 0.154
QR-RNN  0.990  0.164 0.166 0.962  0.211  0.219
QR-LSTM 0.979  0.151  0.154 0.959  0.207 0.216
K3 RAERA4
PICP{i PINAW{H MC{H PICP{i PINAW{i MC{H
QR-GRU 0.945 0.166 0.176 0.895  0.180  0.201
QR-RNN 0.862 0.165 0.191 0.861  0.177  0.206
QR-LSTM 0.914  0.179 0.196 0.852  0.179 0.210
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