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Cloud-edge collaborative and graph neural network based load forecasting
method for electric vehicle charging stations
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(1. Shenzhen Power Supply Co., Ltd., Shenzhen 518001, Guangdong, China; 2. Electric Power Research Institute, CSG,
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518055, Guangdong, China)

Abstract: Aiming at the problems of privacy protection, computational efficiency, and predictive accuracy in existing forecasting
methods for electric vehicle charging stations, a cloud-edge collaborative and graph neural network based load forecasting approach
was proposed. A privacy preserving module based on embedding is developed in the cloud, which reconstructs the input data through
embedding transformation to prevent potential privacy leakage risks. A method for generating representation with graph structure
based on clustering is proposed to provide additional spatiotemporal information and achieve more accurate forecasting. Personalized
graph neural network forecasting models are designed for clients based on cloud’ s graph structure representation, enabling
collaborative training of electric vehicle charging stations in different regions while protecting privacy. Experimental results on the
Perth dataset demonstrate that the model outperforms benchmark methods in predictive accuracy and that the cloud-edge collaborative
framework proposed in this study significantly enhances the performance of graph neural network algorithms in the task of load
forecasting for electric vehicle charging stations.
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Table 1 The prediction error of model on slow dataset
ik Ey./ Erws/ 1 Ey/ E./% Ei/%
kWh  (kwh)2 (kWh)?

LSTM 0.435 1.569 2.462 0.764  1.040
GRU 0.436 1.569 2.462 0.765 1.040
DLinear 0.386  1.393 1940 0.719  0.923
GCN 0.435 1.570 2.464 0.764  1.040
STGCN 0.468 1.565 2.448 0.792  1.036
MSTEM 0.393 1435 2.059 0.725 0.951
CEC-MSTEM 0.380 1.007 1.962 0.489  0.628

F2 P e ERIRAY T R 2E
Table 2 The prediction error of model on fast dataset
i E./ ERMS/l Eys/ E/% En/%
kWh  (kwh)z (kWh)?
LSTM 2.114  6.211 38.571 0.791 1.062
GRU 2.102 6.151 37.840 0.789 1.052
DLinear 1.916 5335 28458 0.753 0912
GCN 2.116  6.214 38.608 0.791 1.063
STGCN 2.244  6.110 37.335 0.814 1.045
MSTEM 1.898  5.206 27.099 0.749  0.890
CEC-MSTEM 1856 4.444 26.650 0.733  0.945

H 3R 1 AR, 18 7 F 4R 1 3 v, CEC-MSTEM
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DLinear #8143 5| FAK 1.5% 27.7% .32.0% .31.9%,
CEC-MSTEM {1t Ey f6 b5 b FIRICE R ZEL1%,
FH% 2 A, PR 7S H AR X 5, CEC-MSTEM 7
EyaEqus ~ Ews 1 Eqy 1 BUTS B0 410 25 3, 85 AR
MSTEM 3 BIFEAK 2.2% 14.6% 1.7% 2.1% . i 1E
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ATRE EATTIA S RNN AR {& H 2549 41 1Ll, MSTEM
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Table 3 The comparison of model results on slow dataset
e B/ Bl Bl g e g e
kWh  (kwh)z (kWh)?
GCN 0.435 1.570 2464 0.764  1.040
CEC-GCN 0398 0991 1839 0509 0.635
STGCN 0.468 1.565 2.448 0.792 1.036
CEC-STGCN  0.497 1.116 2361 0574 0.709
MSTEM 0.393 1.435 2.059 0.725 0.951
CEC-MSTEM 0.380 1.007 1962 0489 0.628
F4 PR PRI AR
Table 4 The comparison of model results on fast dataset
7k Ewn/ ERMS/l Eus/ , Era/ % Eyg/%
kWh  (xwh)z (kWh)*

GCN 2.116  6.214 38.608 0.791 1.063
CEC-GCN 1.889 4509 27.673 0.722 0.931
STGCN 2244 6.110 37.335 0.814 1.045
CEC-STGCN  2.709 4.773 32.838 0.841  0.956
MSTEM 1.898 5.206 27.099 0.749  0.890
CEC-MSTEM 1.856 4.444 26.650 0.733  0.945
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