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Spatio-temporal prediction of electric vehicle charging load driven by
multi factor integration
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Abstract: To address the spatial-temporal prediction of urban electric vehicle charging load under
multi-factor influences, a fusion model combining spatial-temporal graph convolutional and Squeeze-
and-Excitation network (STGC-SENet) was proposed. A periodic temporal segment extraction block
was constructed to acquire features across recent, daily and weekly scales. Temporal dependencies and
spatial topological correlations were synchronously modeled through spatio-temporal graph
convolution. A Squeeze-and-Excitation channel attention layer was introduced to recalibrate feature
channels, dynamically enhancing key feature. Experiments based on real-world urban charging datasets
demonstrate that: compared to baseline model (LTSM, MSTGCN, ASTGCN) , STGC-SENet reduced
the mean absolute error by 3.36, 0.56 and 1.10, respectively. Regarding factor sensitivity,
incorporating the daily periodicity factor demonstrates the most significant prediction improvement
compared to recent and weekly temporal segments. Under historical charging load inputing, integrating
charging pile occupancy rate and real-time electricity price yields optimal prediction performance, with

MAE decreasing to 5.08; conversely, incorporating the number of charging piles and meteorological
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factors did not yield significant prediction improvement.

Key words: electric vehicle; charging load; multi-factor fusion; spatial-temporal correlation; graph

convolutional network ; multi-channel attention
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Fig. 3 Analysis of multiple factor correlations

4 FAYERUES o

4.1 RESES5ITEMIERR

7 HL 671 f A0 e HR 0.6.,0.2.,.0.2 11 E A1l 43
YRR SRR R AL o FF TR Bl i R B IR
12, BRSSO AR 1 h Sy, RS ol 2 NI
G AR SE J2 , 25 [R] EAS B 1 D) LS 5k 22 00
B s R 2, 25 (8] B AU i 18] 4 B 4 AR
KNI E N 64, SE JZ ) reduction_ratio ([ 4E %K)
WHE R4, TR 552 22 (MSE) 1R 61 2% o5
B R R/ N R 32,25 2] FRAE S 0.001

R S EAS A G 7 1 AT R SR T 48 46 0 15

1 & R \
7% EMAE:NZ|yi_yi|\ oo R oR % Ese =
=1

S 50 AT T S LB B =

V3| B e mon.
4.2 ZEEXLEST

%k STGC-SENet 4 84 iy a] 7% , ¥ STGC-
SENet B i 45 5 15 LSTM (Su et al., 2023) .24
11 15F 75 B 26 LN 2% (MSTGCN, multi-view spatial-
temporal graph convolutional networks) (Guo et al.,
2019) T B 7 B i 23 18 4 AR 2% (ASTGCN,
attention based spatial-temporal graph convolutional
network ) (Guo et al., 2019 ) 55 3 £ 155 7 (14 7t ) 25

HEAT T L, BRI LA 1R .

25 B E W], STGC-SENet BRI 7 3 NP5k
HRIUAG T e . STGC-SENet BB [ T2k
FERI(LSTM \MSTGCN ,ASTGCN ) - 24 466 it 15 2%
43 3R BT 3.36.0.56. 1.10, T B# iR BE 5 51 K
33.63%.7.78%.14.23%. M., 5 I AR b R )
B U # MSTGCN #H H , RMSE F % T 0.38, F [ i
JE A 1.44%; MAPE F B T 0.19, & g & 0
47.50% ; 1015 Y1l 5 — 56 BT 75 I (6] 2 T 06 5 K 5.93%
STGC-SENet 15 A3 i1} 5| A %2 5t g SE ik [ 18 Ny
A5 FRAE A I AN R, SEB T T LR AE ) v 5l
P&, 76 W RTINS B ) R IR ARSI A S 21
RIS
4.3 SEERBBESHT
4.3.1 FAEERTFOREE EARLEHAMKNE
PIRTEE T, SR AN R S B T 5 BEAL G A
A3 () H (d) 8 (w) JE A 3 7 BEX AR
RUTFIE GE RIS . 4 r1d2w0 ot H U JH 3
P 17 i B OB 43 3o 1,200 S RTH B st
ffar A S A T In &0 N — B A B, i 3 Ff
JEOIE PR 7 6 LS5 B A r1dOwO S JEL AR SRR AT,
SEEGAE RN 4 BT .

SR PERE I T R B r1dowo 34 i £
r4dOwO , A5 70 T 152 25 AN T3 in . AH B i, H R
BF P BB A B — R o, Y5 45 AR i 4 el



108 iRz (HARHERR H3E30)

%65 4

1B AE R

Table 1 Model comparison results

Y MAE RMSE MAPE Y h—4E T a5 Bt Ial/s
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Fig. 4 Results of the periodic factor sensitivity experiment
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Table 2 Prediction performance comparison under different factors fusion
T A= MAE RMSE MAPE
F, F, F, F, F,
1 N 5.17 16. 50 0.27
2 N N 5.10 16. 36 0.25
3 N N 5.16 16.29 0.27
4 N N 5.32 16. 54 0.34
5 N N 5.26 16. 41 0.30
6(STGC-SENet) N v v 5.08 16.16 0.24
7 N N N 5.14 16. 36 0.24
8 N N N 5.17 16.33 0.29
9(MSTGCN) N N N 6.12 16. 43 0.51
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Fig. 5 Multi-time-scale prediction results
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