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Electric vehicle charging load prediction based on stacked heterogeneous
spatial graph network

Li Lu', Wang Wenlong', Liu Nan', Yang Wei', Zhang Jiafu', Wang Yujiao®
(1. Fuxin Power Supply Company, State Grid Liaoning Electric Power Co., Ltd., Fuxin 123000
Liaoning , China. 2. Shenyang Institute of Engineering, Shenyang 110136, China)

Abstract: With the increasing penetration of electric vehicles, charging facilities and load will become key growth
areas for urban power grid development. Accurately forecasting the spatial distribution and temporal variation of e-
lectric vehicle charging load is crucial for ensuring the safe and stable operation of urban power grids. To address
this, a forecasting method based on the stacked heterogeneous spatio-temporal graph network (SHSGN) model is
proposed. This method improves the accuracy of electric vehicle load predictions by modeling the spatial distribu-
tion patterns of urban charging loads and the diverse charging behaviors of users. A two-layer heterogeneous graph
neural network model is established to represent the charging station-level and regional-level load nodes. By enhan-
cing the cross-regional load transfer patterns, this model improves the ability to capture spatial load characteristics.
A multi-GRU parallel decoding neural network model is developed to accurately express the differentiated charging
patterns of each charging station node through independent decoding tasks. Validation using real charging load data
from a Chinese city demonstrates that the proposed method reduces the charging load prediction error to 6.77% , a-
chieving a 2. 12% improvement over traditional methods.
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model framework
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Fig.2 Heterogeneous graph neural network

model structure
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Neural network model parameters

Tab. 1

HGNN hidden units = 128, adj_type =’ Typical’, n_layers =3

Attention Dmodel =16, T_in =12,D_model =16, T_out =7,
GRU Dmodel =48, inp_len =48, opt_len =48, Hidden =16
Optimizer Adam

Learning_rate =0.001, Bath_size =32
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F2 ~ F 4907 T i SHSGN #HiAIAE 15 min
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W], SHSGN 7E fT 41 ¥ 1 4§ 4% ( NRMSE . MAPE #
NMAE) b3 — 3048 T HABBLAL, 5351k 6. 77% ,
19.01% ,5.95% , YR T 2.12% ,4.97% 1 1.52% ,

&2 BAEA 4 NRMSE 3% £/%
Tab.2 NRMSE error/% for each model

Model 15 min 60 min 180 min 240 min
SHSGN 6.08 6.37 7.37 7.26
STGCN 7.33 7.71 8.64 8.83
TGCN 8.37 8.57 9.28 9.66
BEGCN 7.72 8.35 8.78 11.75
PAG 6.7 7.9 8.32 9.77
TCN 8.82 8.9 10.39 11.77
LSTM 6.46 7.84 8.57 9.74
FCNN 8.17 8.86 9.6 12.15

A3 BAA ) MAPE 2 £/%
Tab.3 MAPE errors/% for each model

Model 15 min 60 min 180 min 240 min
SHSGN 13.45 18.55 21.17 22.86
STGCN 16.42 21.18 24.11 27.84
TGCN 17.90 23.92 28.71 32.20
BEGCN 16.28 23.83 24.52 30.15
PAG 16.47 22.67 23.76 27.34
TCN 19.30 26.29 28.36 31.39
LSTM 15.12 21.73 23.21 26.36
FCNN 18.69 24.24 27.62 31.98

k4 BABALM MAPE iR 28 216/ %
Tab.4  Percentage of MAPE error/% for each model

Model 15 min 60 min 180 min 240 min
SHSGN 4.35 5.79 6.36 7.31
STGCN 4.71 6.88 7.62 8.17
TGCN 5.42 7.84 8.72 9.78
BEGCN 5.53 7.32 8.08 9.26
PAG 4.76 6.62 7.79 8.13
TCN 6.07 7.92 9.52 10.52
LSTM 4.70 6.65 7.16 8.41
FCNN 5.90 7.65 8.33 9.80
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Tab.5 Protocol settings for ablation experiments

Model HGNN GCN GAT n-GRU 1-GRU
SHSGN 1 0 0 1 0
GCN-n-GRU 0 1 0 1 0
GAT-n-GRU 0 0 1 1 0
HGNN-1-GRU 1 0 0 0 1
GCN-1-GRU 0 1 0 0 1
GAT-1-GRU 0 0 1 0 1
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Fig.8 EV charging load prediction results for each

ablation experiment scenario
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Tab.6 NRMSE errors for each

ablation experiment( % )

Model 15 min 60 min 180 min 240 min
SHSGN (HGNN-n-GRU)  6.08 6.37 7.37 7.26
GCN-n-GRU 7.65 8.86 9.37 9.79
GAT-n-GRU 7.84 8.64 9.64 10. 64
HGNN-1-GRU 7.55 8.09 9.59 10.36
GCN-1-GRU 8.97 9.74 11.41 11.76
GAT-1-GRU 8.61 9.98 10.93 11.15

kT HAE R MAPE 38 £/%
Tab.7 MAPE errors for each ablation

experiment( % )

Model 15 min 60 min 180 min 240 min

SHSGN (HGNN-n-GRU) 13.45 18.55 21.17 22.86

GCN-n-GRU 18.32 24.33 26.79 31.53
GAT-n-GRU 18.10 25.05 26.55 30.01
HGNN-1-GRU 17.02 23.64 26.26 29.76
GCN-1-GRU 20.60 27.37 31.80 35.88
GAT-1-GRU 19.74 27.82 31.68 33.77

A8 AW kI NMAE 3% £/%
Tab.8 NMAE errors for each ablation

experiment ( % )

Model 15 min 60 min 180 min 240 min
SHSGN (HGNN-n-GRU)  4.35 5.79 6.36 7.31
GCN-n-GRU 5.84 7.45 8.55 9.96
GAT-n-GRU 5.52 7.82 8.24 9.26
HGNN-1-GRU 5.51 7.24 8.02 9.16
GCN-1-GRU 6.42 8. 64 9.21 10. 67
GAT-1-GRU 6.51 8.53 9.53 11.22
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Fig. 11  Ablation experiment prediction error
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