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Fig.1 GRUI structure diagram
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Table 1 Imputation error comparison for
random missing

®3 BAERKBIMREL
Table 3 Imputation error comparison for
mixed missing

(&N AR 25 SR B AT A 7 i R R 38 iR 22
/% GRUI-GAN GRU-GAN ANN{fi#h ¥fE#i%  PLI

5 0.036 0 0.038 5 0.040 2 0.0450 0.0771
10 0.065 6 0.068 7 0.087 5 0.1042 0.1896
15 0.108 1 0.113 5 0.134 0 0.1542 0.2824
20 0.119 4 0.123 8 0.144 5 0.1814 0.364 8
25 0.168 0 0.1759 0.199 3 0.2373  0.4677
30 0.1811 0.194 5 0.2325 0.2957 0.5457

B N T 23 (B A T T 3 i 0

#/% GRULI-GAN GRU-GAN ANN#fith H{idfish  PLI

5 0.039 4 0.040 7 0.042 9 0.0479 0.089 2
10 0.060 0 0.069 8 0.082 4 0.0911 0.1857
15 0.108 8 0.117 5 0.130 8 0.1433 0.2791
20 0.1355 0.140 0 0.156 4 0.1891 0.3329
25 0.157 8 0.162 0 0.1832 0.2270 0.409 8
30 0.186 4 0.197 7 0.238 4 0.2827 0.5336

R2 AEBRBREABIMRESTE
Table 2 Imputation error comparison for
segment deletion

N R T) 58 B A AN T i T 3y 15 2

KB GRUI-GAN GRU-GAN ANNf#h HfEF#H  PLI
1 0.017 8 0.0189 0.0281  0.0236 0.0430
2 0.021 0 0.022 7 0.0351  0.0409 0.0731
3 0.027 2 0.028 5 0.0417  0.0464 0.1011
4 0.047 9 0.049 9 0.0771  0.0867 0.1403
5 0.050 1 0.052 0 0.0845  0.0909 0.1758
6 0.064 5 0.066 2 0.0984  0.1064 0.2268
7 0.067 5 0.069 9 01031  0.1178 0.2742
8 0.0811 0.083 8 0.1386  0.1412 0.3244
9 0.082 4 0.085 9 01851  0.1996 0.3668
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Table 4 Algorithm error comparison

Rk Eyap/(kW-h)  Egyse/(kW-+h)
Mogrifier LSTM [ 4 685.82 913.68
LSTM i 1441.74 1 856.00
Bi-LSTM [ % 952.71 1294.73
GRU 1238.37 1681.27
SVM 1735.99 2572.43
ARIMA 1802.58 2619.94
SARIMAX 1703.29 2215.89
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Short-term Load Forecasting of Electric Vehicle

ZHAO Houxiang', SHEN Xiaodong', LYU Lin', LAN Peng', LIU Junyong', LIU Daiyong”
(1. College of Electrical Engineering, Sichuan University, Chengdu 610065, China;
2. Deyang Power Supply Company, State Grid Sichuan Electric Power Company, Deyang 618000, China)

Abstract: As the scale of electric vehicle (EV) charging facilities keeps expanding, EV charging data can be obtained more
conveniently. Some non-human factors will lead to the problems of missing data and abnormal data in the data set, which hinders
the improvement of EV load forecasting accuracy. Therefore, this paper uses the gated recurrent unit neural network cells for
imputation (GRUI) in the generative adversarial network (GAN) to deal with the irregular time-delay relationship between the
previous and later observation data in the incomplete load data set, and a data imputation model based on GRUI-GAN is proposed
to restore the EV load data. Then, the long short-term memory (LSTM) network with the Mogrifier gating mechanism is used for
EV load forecasting. Finally, the experimental results show that the proposed method can generate new data with high accuracy to
interpolate missing values, and the data restored by the proposed method can effectively improve the accuracy of EV load
forecasting.
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