d%MWﬁWﬁW*“ woOF W R O# A %5149 % 4 6

ELECTRONIC MEASUREMENT TECHNOLOGY 2026 4 3 H

DOI:10. 19651/j. cnki. emt. 2519599

E T i# VMD-TCN-LSTM BB Zhi& E e HA fafar vl

¥ o# %2 om' i\l A #Amn
(1.HFEEIEXRFEFE5ELIRFRE % 210044; 2. HRB L IERFIRAEALELEMNS
FERAEETLEERT HF 210044)

OB U A L IR A AL I 5] S G I Sl Y ) A H Sl 9 A FE v B T R Sy R O e B4R AR G B S
P Ok — b DR 052 AT A A2 RE Wk 5 AT SE M L £ — b H 20 9 2 ) T 6 A T B vk B T R T T ARG
WERE . 1 e 18 R A0 RS 1k (VMD) B B 2 G s B4R PR i o 24 T or ik e & T BEEFRIREF R WA Z2 4
(TCN-LSTM) 73 32 H AT FRAE SR B 2 2 W ARl S5 28 06 90 A SR 0 o GO ) A O BB 3 3 g L o e ik I
AL R 4 (LSTMD &5 4 52 B 6 467 17 AL 20k J5E 55 I 20 J32 9 03 T 5 BT 4 T X 2 4 r B X i L RE 0 . e
Jri o BRI i) 2 0 5 00 A8 e 228 4 32 492 J %o B 495 SR R AT TN BCHE 5 ik — 20 4R TR R TOORS JIE L IR AR T AR 25 . AR 4R %
FoAt X S B v B 95 4 S8 L BE FE R G B A B R AT B 0BT . SEER AR R L BT BR O SR AR 3 U5 R 225 (MSE) T 1 4 %o
2% (MAE) (Rl R* PEREFR AR L4308 T 6894 .60 %0 14 26 & W8 R HL AT 50 ) T 280 2R

KGR U B 5 B SRS 5 I A BRI 2% 5 A M T AL I 455 5 1 R ML

RESZES: TM715;TN-9  XE#RIRE: A BERGFEZERSEREG: 170. 40

Short-term load forecasting of electric vehicles based on
improved VMD-TCN-LSTM

Hua Yan'? LiPeng'? Yan Dong'? Zhang Xiangkai'”*
(1. School of Electronics and Information Engineering, Nanjing University of Information Science and Technology ,
Nanjing 210044, China; 2. Jiangsu Key Laboratory of Meteorological Observation and Information Processing,

Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract: Electric vehicle charging load forecasting supports power dispatch decisions by addressing load fluctuations
from widespread EV grid integration. A new method for predicting short-term EV charging loads is proposed to
enhance power grid stability and reliability by improving load forecasting accuracy. First, historical load data is
decomposed into subcomponents using VMD, then combined with temperature data and input into multiple TCN-
LLSTM branches for feature extraction, simplifying EV load sequence complexity. Secondly, a two-stage attention
mechanism enhances the LSTM structure, improving load characteristic capture at specific times and feature dimension
fusion, boosting complex load pattern recognition. Finally, a time conversion prediction module integrates results via a
fully connected layer to enhance prediction accuracy and reduce errors. Case study analyzes real EV charging station
load data from a Shaoxing community. Experimental results show the proposed method reduces MSE by 68% ., MAE
by 60%, and improves the performance index by 4% , demonstrating strong predictive performance.
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Table 1 Experimental parameter settings

28 {H
local_epoch 100
global_round 25
batch_size 128

learning_rate 0.000 1
seq_len 96
label len 48
pred_len 96
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after VMD decomposition
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Table 4 Error analysis of different models

B MSES - MAES -, R
kW?* kW S

ARSI 0. 443 0.514 0.991 40.9
TCN 1.383 1.287 0.951 21.3
LSTM 1.423 1.314 0.943 27.6
VMD-BILSTM 0. 987 1.147 0.967 35.4
TCN-LSTM 0. 953 0.979  0.969 42.7
CNN-GRU 0. 842 0.919 0.969 38.8
VMD-TCN-BILSTM 0. 833 0.792 0.975 43.2
VMD-TCN-GRU 0. 802 0.820 0.972 32.2
CNN-LSTM-Attention 0. 794 0.590 0.981 36.1
TCN-LSTM-Attention 0. 613 0.668 0.956 48.2
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Fig.7 Comparison of MAE, R?, and time indicators
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