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Short-term forecasting of electric vehicle charging load based on VMD-SE-CNN-BIiLSTM
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Abstract: In recent years, with the rapid growth of electric vehicle (EV) ownership, accurate forecasting EV charging
loads has become a crucial research topic for power grid planning and charging infrastructure optimization. To address the
challenges of traditional forecasting methods in handling the complex nonlinear characteristics and dynamically coupled
influencing factors in load data, this paper proposes a charging load forecasting model that integrates data preprocessing,
variational mode decomposition-sample entropy (VMD-SE) data reconstruction, and a convolutional neural
network-bidirectional long short-term memory (CNN-BiLSTM) deep learning framework. First, the Gaussian mixture
model-K-nearest neighbor (GMM-KNN) method is utilized to detect and fill abnormal and missing values in the data,
improving data quality. Next, VMD is employed to decompose the load data, and SE is applied to select and reconstruct
important modal signals to extract multi-scale features. Finally, a hybrid deep learning framework combining CNN and
BiLSTM models is constructed to capture local features and temporal dependencies for accurate forecasting. Experimental
results demonstrate that the proposed method exhibits high accuracy and robustness in multi-season load forecasting,
significantly outperforming traditional methods. This provides an effective solution for EV charging load forecasting.
This work is supported by the Science and Technology Project of China Southern Power Grid Co., Ltd. (No.
066700KC23100032).
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Table 2 Prediction errors of four models in different seasons

EShil A MAE/KW RMSEAKW  R?
LSTM 195.457 256.741  0.968
== BiLSTM 190.518 246.132  0.970
) CNN-BiLSTM 183.338 228.523  0.974
VMD-SE-CNN-BILSTM  153.196 189.365  0.982
LSTM 228516 302.580  0.932
BiLSTM 222.842 292.869  0.937

HZ
CNN-BiLSTM 193.512 242,563 0.957
VMD-SE-CNN-BiLSTM ~ 188.717 227.677  0.962
LSTM 164.618 221.841  0.939
_ BiLSTM 154.126 214210  0.943

E i

CNN-BiLSTM 150.765 212.647  0.944
VMD-SE-CNN-BiLSTM  108.717 131.678  0.979
LSTM 176.986  247.501  0.829
BIiLSTM 173.819 239.821  0.839

R
CNN-BiLSTM 161.477 218.856  0.866

VMD-SE-CNN-BILSTM  76.064 96.239 0.974

R RIUB I TR R ) = R A A M. 7ERT
HZFid, MAE #l RMSE X2 H LSTM.

BiLSTM. CNN-BiLSTM %] VMD-SE-CNN-BiLSTM
IR FRAR a3, W e A AR () SOk 76 4 2 7
AT T E ISR . B0, HFZ MAE M LSTM
H] 195.457 kW T3] VMD-SE-CNN-BiLSTM
1] 153.196 kW, RMSE M 256.741 kW K [% 3|
189.365 kW, &I H edeadt J5 (R A 7R 35 22 AR A AR A
BOFRMIE O R RN R E 2 MAE
RMSE 1 & 23t 1 B A #F 2 3%,  VMD-SE-CNN-
BiLSTM f#] MAE A1 RMSE 73524 188.717 kW #1
227.677kW, MET LSTM 23 BB T 17.4%A0
24.7%, ERH T VMD-SE %4 5 A4 %6t 457 f i 51
P AR A 50 o RKZE AN 442 gy B 1) B2 2 PR AT

PR KRR AR AE S EURN I 7 AR ¢ AR il B
i T E S ER. fEFKZFE, VMD-SE-CNN-
BiLSTM [f] MAE A 108.717 kW, itfik T H A A=A,
[FliF RMSE Ay 131.678 kW, &3 1T CNN-BiLSTM
f 212,647 kW; 1428, VMD-SE-CNN-BiLSTM
'] MAE F1 RMSE 735128 76.064 kW F1 96.239 kW,
FEET LSTM [ 176.986 kW Al 247.501 kW, 434
BEAR T 20 57%F1 61%, HE— DI T 1B AR RG]
BRI s e, eAh, R FEFRRE,
VMD-SE-CNN-BIiLSTM ] R* 7 fiT A5 Z= 15 24015 3 ¢
miE, FFEN 0982, HIFH 0962, #KZF=H 0979,
A28 0.974, R HX & A & g JIE A
R

CEEKRE, 3 PiRbsIAR bR S T AP
BeffiZ A . LSTM M1 BILSTM 7£ i 412 171 fif 8 44
R R AT, ERH A I B A B T A B 5
CNN-BIiLSTM 5| NBRZ G, W35 0GE 7 RHETR I
ReJ1, JUHRAEKZEN%ZE; VMD-SE-CNN-BILSTM
Il RRIEIE PR AIVR S 2 S e &, it —
SSIRTE TR S i sh AR 1, KRBV BAK
()i 25 R e DA B P o IR R WA g Y AE N X 231
PEGUT B B B B A0 H, N BhVR 2R 78 A far
R EA PR AL 1 5 I R S . (HIZAR AR
REXTERZE . 2= 1) i A nr A 78 FL RS SRR BB
ZERAXTEUR, o HH A B A A EE B 7 R R B
WAL, A S AR S e s, R 7 o B A

ERIR R (A AT R BURARALEE) K Sh 25 5,
] EFR H| LA B g s R N A .
4 Z5ip

AARE T —FhIET GMM-KNN $38 Fi AL B |
VMD-SE ## B A4 AT CNN-BILSTM ¥4 5 24 2] HE 24
() FL B3 4 78 L AR A B T0 vk o iZ T ik
GMM AL 78 B A FHAT I 5918, 455 KNN
EATIEAN, WEESET 7 EE 0 e B A AT S
KH VMD-SE 775X} 78 B A7 fur B4 12547 25 i AL
¥, BCEhHEEL T 2 RBERHIE; FIH CNN-BILSTM 4
R T8 A il B A AT (1) JR) S R A AT TR AR OC &, SR
T T AT R ERE FE TN . SRaGAE AR, ATt
TR 7321525 AN 281 1 G A F0 A 350 3 B0 HE 8 v 11
KRG, SESBAAEK, VMD-SE-CNN-
BIiLSTM #i#I7E MAE. RMSE 1 R2%53545 FR I
L, 7B M FERR G B AR R B3 =

1) 45T 78 A A7 A TN YT 35 00 A )
P, AR TTAT LAGE £ DU SR 2 o) Bl [T Ao



- 160 -

W) R Gy B

A, RTINS E T, 73 B R K
B A T 25

2) #E— G5 A 2 BN 78 B AT
AR IR R (A P AT S 7e FL 0 L B ) A R
it BORRAE), IHRR ISR,
A 20 DR R (RIS, AT ST HAR A 52 2% 3
PN A& B o

&% 30

(11 Rk, 287556, TGS, & hEEINRERELE

W . 2y of S B Ak B TG B RO S D). P R D, 2024,
57(10): 1-11.
ZHOU Yuanbing, GONG Naiwei, WANG Haojie, et al.
Study on the influence of electric vehicle development
and the vehicle-grid interaction on new energy storage
configuration in China[J]. Electric Power, 2024, 57(10):
1-11.

(2] ak¥kgR, FEME, BRI, S5 & sl 4 B0k

G XA BN ET ] fHHE, 2024, 41(10):
101-113.
ZHANG Linjuan, ZHOU Zhiheng, CHEN Jinghua, et al.
Research on optimal allocation of energy storage capacity
in county photovoltaic distribution station area with
electric vehicles[J]. Distribution & Utilization, 2024, 41(10):
101-113.

(3] 3ut¥E, 1RURIE, IE, 5. BT R i B

MR AT 0 FLERIR (D] ) R GE iR 5 12,
2024, 52(19): 157-174.
YUAN Hongtao, XU Xiaoyuan, YAN Zheng, et al.
Review of centralized EV charging and battery swapping
facility planning and optimal scheduling[J]. Power System
Protection and Control, 2024, 52(19): 157-174.

(4] T4, =, R0 TF LRESRE R B KT

SR 78 B AR e T [J]. AR T EER, 2024, 47(6):
55-62.
YU Mengtong, GAO Hui, YANG Fengkun. Charging
load forecasting considering growth demand for electric
vehicle ownership[J]. Modern Electronics Technique,
2024, 47(6): 55-62.

(6] R, W, BRME, 55 %58 el — Rl 5 )
VR E ) N ZEO AL  EESRE (1], ) R G OR
¥, 2024, 52(7): 157-167.

ZHU Yongsheng, CHANG Wen, WU Dongya, et al. A
Stackelberg game optimization scheduling strategy
considering the interaction between a charging-discharging-
storage integrated station and an electric vehicle[J]. Power
System Protection and Control, 2024, 52(7): 157-167.

(6] 5kEF:, R%E, T2, & @GR AN S

[7]

(8]

[9]

[10]

[11]

(12]

[13]

i T LRI I]. BT, 2023, 44(12): 161-173
ZHANG Xiawei, LIANG Jun, WANG Yaoqiang, et al.
Overview of research on spatiotemporal distribution
prediction of electric vehicle charging[J]. Electric Power
Construction, 2023, 44(12): 161-173.

Ze, WRSEHE, TR 45 BT RBATASITIEE)
TSR], ISR, 2023, 60(4): 19-26.
QIN Jianhua, PAN Chongchao, ZHANG Xuan, et al.
Charging load forecast of electric vehicle based on analysis
of charging behavior[J]. Electrical Measurement &
Instrumentation, 2023, 60(4): 19-26.

TURE, Bka, 5KIA, S 258 AT TR SR AN 5] 5 5RNE Y
LB IR 2R 78 WL OB IO (0], PR 0 ¥, 2024, 45(6):
10-26.

DING Leyan, KE Song, ZHANG Fan, et al. Forecasting
of electric-vehicle charging load considering travel demand
and guidance strategy[J]. Electric Power Construction,
2024, 45(6): 10-26.

AT, KRG, XM, & ETIhE EEMEME
WA 2% 1) FEL BT 4 78 L ARG TN (D). R0 &R S8 E Bk,
2024, 48(7): 86-93.

ZHANG Yanyu, ZHANG Zhiming, LIU Chunyang, et al.
Electric vehicle charging load prediction based on dynamic
adaptive graph neural network[J]. Automation of Electric
Power Systems, 2024, 48(7): 86-93.

o, PR, NS, % ARIMA SUEfE TIVzHI2E
MR TN A R HI[T). B AEAGR, 2022, 43(11): 62-67.
FENG Jian, YAO Hanqi, HUANG Xiaohu, et al. Application
of ARIMA algorithm to industrial controller fault
prediction[J]. Process Automation Instrumentation, 2022,
43(11): 62-67.

Y5, Wi, w, S5 TSR R R RE A A LR
FEFRITEL]. PR, 2024(2): 46-48.

FU Hao, DAI Jian, GAO Xing, et al. Generator temperature
prediction method based on the support vector regression[J].
Electrical Machinery Technology, 2024(2): 46-48.
REWE, B2V, XL, % FET GA-SA-BP #14& M
2% R L A RS A ST R D). B RGP 5 1%
#il, 2024, 52(19): 74-84.

WU Qingfeng, YANG Yitao, LIU Liqun, et al. Lithium
battery state of health estimation method based on a
GA-SA-BP neural network[J]. Power System Protection
and Control, 2024, 52(19): 74-84.

SKREFF. BT BP AR ML HE ) St O], o e
R, 2024(18): 78-79.

ZHANG Jinxuan. Power load prediction based on BP neural
network[J]. China High and New Technology, 2024(18):
78-79.



IR 5

T VMD-SE-CNN-BILSTM ) FE5hA 25 76 BB, 47 a7 5 1 300

- 161 -

[14]

[15]

[16]

[17]

[18]

[19]

[20]

ISR, XIME, AT B & N R R R & BT
B LSTM XL TR F[T]. B R G L H A s
i, 2024, 36(7): 59-66.

PAN Pengcheng, LIU Hui, WANG Renming. LSTM
wind power prediction based on combined data cleansing
algorithm of selfadaptive DBSCAN and K-means

clustering[J]. Proceedings of the CSU-EPSA, 2024, 36(7):

59-66.

JUEG, B, kiR, SF. BT B SRR S IR Eh 1
BNV FE BT I A A TN [T]. TR SERLREY:, 2024,
51T 2): 1032-1037.

GU Wei, DUAN Jing, ZHANG Dong, et al. Prediction of
spatial and temporal distribution of electric vehicle
charging loads based on joint data and modeling drive[J].
Computer Science, 2024, 51(S2): 1032-1037.

FREYE, BRI, X%, . F:T Spearman-GCN-GRU H
TR i o 30 2 DI ) B T D). P E g, 2024,
57(6): 131-140.

WU Junying, LU Xin, LIU Hong, et al. Ultra-short-term
multi-region power load forecasting based on Spearman-
GCN-GRU model[J]. Electric Power, 2024, 57(6): 131-140.
B, 5, ST, % BB PRSI S B E
TEE I RE ) TON R S ). B RS E 3)
1k, 2023, 47(18): 193-205.

ZHOU Sisi, LI Yong, GUO Yixiu, et al. Ultra-short-term
load forecasting based on temporal convolutional network
considering temporal feature extraction and dual attention
fusion[J]. Automation of Electric Power Systems, 2023,
47(18): 193-205.

XIA S, ZHANG C, LI Y, et al. GCN-LSTM based
transient angle stability assessment method for future
power systems considering spatial-temporal disturbance
response characteristics[J]. Protection and Control of
Modern Power Systems, 2024, 9(6): 108-121.

W57, REE, WrEkte, %. ST ISSA-CNN-GRU H
R HEhR TR A TR A [T]. I RGP S
P, 2023, 51(16): 158-167.

YAO Fang, TANG Junhao, CHEN Shenghua, et al.
Charging load prediction method for electric vehicles
based on an ISSA-CNN-GRU model[J]. Power System
Protection and Control, 2023, 51(16): 158-167.

WG, W, ZRTE. EPR N ETER C HE
3R SN e iR A S R ) R R 5 R ) 7 ¥R [J/OL). R
B THE2EH: 1-12[2024-12-09]. http://kns.cnki.net/kcms/
detail/32.1349.TB.20241029.0932.002.html

HUANG Jiezhou, YANG Jian, LI Dongsheng. Implicit
damage identification method based on fuzzy C-means

clustering and Gaussian mixture model under changing

[21]

[22]

[23]

[24]

[25]

[26]

[27]

environments[J]. Journal of Vibration Engineering: 1-12
[2024-12-09]. http://kns.cnki.net/kcms/detail/32.1349.TB.
20241029.0932.002.html

LI Chuang, SUN Li, LIU Zhaoqi, et al. Structural damage
identification and experiment based on FBG sensors and
PCA-KNN approach[J]. Optical Fiber Technology, 2025, 89.
XUE Haiteng, WANG Gongda, LI Xijian, et al. Predictive
combination model for CH4 separation and CO2
sequestration with CO2 injection into coal seams: VMD-
STA-BiLSTM-ELM hybrid neural network modeling[J].
Energy, 2024, 313.

TR, B, BREDYS, . BT WSO-VMD FEAE I
SSA-SVM SLE A B T R W5 A 701,
Vi R K2R (A SRR IR), 2024, 46(11): 203-216.
YUAN Yao, HUANG Kejie, CHEN Jianxing, et al. Fault
diagnosis method of OLTC based on WSO-VMD sample
entropy and SSA-SVM[J]. Journal of Southwest University
(Natural Science Edition), 2024, 46(11): 203-216.
BASHIR T, WANG Huifang, TAHIR M, et al. Wind and
solar power forecasting based on hybrid CNN-ABiLSTM,
CNN-transformer-MLP models[J]. Renewable Energy,
2025, 239.

PAN Mingzhang, FU Changcheng, CAO Xinxin, et al.
An energy management strategy for fuel cell hybrid
electric vehicle based on HHO-BiLSTM-TCN-self attention
speed prediction[J]. Energy, 2024, 307.

SRR, VRS, #h0iE, & Tk LST™ foek
IR ELINFE TR T IR FE[T]. KB AEZE4R, 2024, 45(11):
296-302.

PENG Shurong, CHEN Huixia, SUN Wantong, et al.
Research on photovoltaic power prediction method based
on improved LSTM[J]. Acta Energiac Solaris Sinica,
2024, 45(11): 296-302.

CAO Tingwei, XU Yinliang, LIU Guowei, et al. Feature-
enhanced deep learning method for electric vehicle charging
demand probabilistic forecasting of charging station[J].
Applied Energy, 2024, 371.

WisHEA: 2024-12-20;

&EIBEA: 2025-02-19

UEEIEMIE

EHM(1986—), B, TAIF, HAELFTEH 0 HE LK

AK; E-mail: wufq@gz.csg

ZHH(2000—) , &, TAZVF, AFRF @48 H1E 8

AK; E-mail: 761217461@qq.com

R (1990—), B, @548, TR, R FTEH

W, /) ¥ % . E-mail: 1677804641@qq.com

(%h#E W)



