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Real-Time Charging Scheduling Strategy for Electric Vehicles Based
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Abstract: To address the issues in existing electric vehicle charging path planning methods, namely the neglect of
queuing randomness and the difficulty in balancing real-time performance with global optimality, this paper
proposes a path optimization method based on Generalized Total Cost (TGC) and a hierarchical Deep Q-Network
(DQN). First, an M/M/c queuing model is introduced to quantify the randomness of charging waiting time. The
TGC framework assists the Deep Q-Network in unifying nonlinear queuing time, travel time, and time-of-use
electricity price into a single scalar reward. Second, a Top-M pre-screening mechanism combined with an action
validity mask is employed to resolve convergence difficulties caused by large action spaces, and experience replay
is utilized to break data correlations. The method's performance is evaluated in a constructed high-fidelity simulation
environment. When the Top-M parameter is set to 10, the proposed strategy achieves a global optimal solution hit
rate of 89.5%, an average relative regret value converging to 0.0122, and a single inference time reduced to 0.35
ms.
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Fig.1 Flowchart of the DQN algorithm
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Fig.2 Spatial distribution of unsmoothed demand intensity in the road network of the study area
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Table 4 Final Quantitative Evaluation Table of Decision Performance (N=200)

R R =T ZR A SRS VSR 5 95% E15 X [A] TOP-1 dgrfia  ~FEJRHEFEN

LALIEREES 0.0122 [0.0060, 0.0183] 89.5% 0.35 ms

2.2.2 3T DQN (gt 7 b

RS H I 5 MRS AT 55 v ¥ ST SR BEAT 0T LA T SR SR AR B I IR R B B =50 TT//
I, FIUERI A R S =46.6%, SHBIERL task id=96 CELsHT A 1219, L5476 4684), (EMIFIAEE S S5
ZAFR, S R B ) Dijkstra 559252 18] 1 22 55 AR IR

BEXHZEG], ASCK L 25 BT R0 78 FIBRICON S1~Say RT3l S RE T S AR B FL i ]
SRR, ARWNER S P, Khd, NBEIAFERS, d,,, ABEESFER

Sfrom

x5 ABELIMER
Table S Comparison Table of Typical Test Cases

i RHEMME/ITAWh  REEEUA T XEEASE d,/h 0 T /h T,/h T./h d o /h

Si 1.25 7 78.5210 0.5209 0.0109 0.0180 0.2225 0.8183
Sz 1.58 7 146.9556 1.2626 1.2626 0.0718 0.2225 0.7493
S3 1.08 4 173.7827 0.9561 0.9561 0.2704 0.2225 1.5940
S4 1.08 4 99.5452 0.5110 0.5110 0.0255 0.2225 0.7994

N T #5475 DQN B REARTE LB A 5 I (B A 2 1A O TR A, B 4 PR AU ikt A il 5 Mk
ek AT SURUBAR 1 S5 AL TR A

Top-K [f] TGC i
180

=fi o) =i EfE o)
160

140
120
100
80 |
60 |
40
20
0
Sz S Sa Ss

B 4 T~ M2 RAFRE
Fig.4 TGC Cost Breakdown Chart

S EEERAUAE S1 S IRIEMHE Sa, TLAWLEE S DQN B PR FCRFAE : Sy 3t i BRAR I AR A {3 B A 7 P
s AHEREG R HA IR, SR RIEATF: T Sl il AR T HANAS SIS, (HIN T BRAS Ry, AT REHE
BRI B AFAEHEBAIL R o B BRI AR 52 B B8 sRAR M i) D BRI 50N, T2 AR E 1 S 3t i AN 1] B2

TGC (o)




AFAEIE KT ZE R &R, ATHIER T Seufifl, WEFE TERET LE KA TEIH Sio

FEAEGAZIE NIRRT, 5 DURYE S P25 B F 78 sluti, Wl 7 I 8] 67 1Y) Dijkstra S35t
AT BRI o AR SR AT I 18] B Dijkstra B8 58 A« X6 FITA T A2 Ao FELDR 285 T 3 A RV 8] 7 440 SR 32 3 A
739K 0—CS 5 CS—D HIsAAT BN M ERAE, DLEAT BN ) fe M Dyl sl BRI s 326 5 0 s 5 AT 4% AH
) SCERAS A UE TR AN B B S84 R AN 78 s [a], PRAE LEA F 42— 2. ASC A il Y12k DON
W4 2% 555 I [ B () Dijkstra SE5AEAR [ B SEAR AT 0 S A R A, X ELIEIE 5 s

800

700
600
500
400

pay

=
300

200

100

0
1 2 3 4 5 6 7 8 9 10

FENVE-13

5 RIS IEN EIHREY pl A EE B

Fig.5 Comparison of the costs of different models in ten training processes
FE4 R AR B, Co R Cs 23 AR AE DQN 5577 I8 8] % 1) Dijkstra SEBS N 2250 4 B4 B 2 78
SRR BAS ;s Co M1 Cy 73 HIARERAE DQN 5747 6 W] % i Dijkstra SRS T 4240 7E 78 L = AR A OA . B —1K
D, 73 T 0] A2 38 P 45 P A4S )EAT — AN, RN 36 /St S 1o 271 o HE A B BT 4 ik
AHEAT R
FEZ 2 Oy, AR SC DA 38 S X 215 A R A R PRI T V5 R AR EAT 38 s G 1t IR 4]
BRI, il 6 Brax. Hrb, Dy s BaiR 4R A DQN BB BEAT SNy 78 v AT, 76 78 Hnh A6 9%
FIEA, Dy RoRAEBRAR TP T AE SRS AR s 1y 30 FE BT A ELRAS I A1 I TR) 3 /Y Dijkestra 505185 54K
IRLEEHEAT 78 H R LI , CEFR R P AE 2R LSS, Jo FORAEBR AR P A6 2 I Gl B AR

40

mC, ®mC, mC; mCy

ED, ED, m], ®],
35

30

1234678910111213141516171819202123242526272829303132343536373839
)=

6 DQN 5#5B[E] B A4 Dijkstra B TR AN ELE
Fig.6 Cost Comparison Chart of DQN and Dijkstra's algorithm

XHLE MR M A, FEM M b, A 14 AN 8 DQN LAY 1 AR EE A IS 18] % () Dijkstra 52



TP A w5, (BB R S5 AR EEAE T IR AR, A 22 AN ri3R B, A DQN A5 28 BE AT IR 8] & ) Dijkstra
AR [ A AR, A7 AE SR 25 A TR T o 245 R UL, DQN B 55 8 G A BILLE Xt v AN A i 175 7
FIRIEERE 1) L, BENS A R A R S5 155 BRI 84T 51 R A AR, TS AR R I BE A fek

T VF DQN SEESAE AN 78 B U S I 24 5 N IR ALRE T, 75 i e 5 1 VIS B il k] EE DY A e 5
Jiik e WUMIERITHE NG — . DQN AKIEINZRE K Q HAE Top-M {5k 4R Hradh £k a5 I [A] &

Dijkstra LA O—CS—D & A7 Bl ] f5e /)N FLIN 8] B R AT i 500 il sl (N2 33 2l A7 N 18] 7, e/ N RT AT
s DUL IR AE B DGR I BN o AR AT e DU AR — & B RA 2 3 M/M/e 4
RIS 1) A1 78 LI [8) S 880 A% SR 28 B

eI T, DON B REME R TR s (35 C) ATRERARY; 7N [ % 1 Dijkstra 5 700 T £ #

st A BT O EEATIX (1.58 J0/AWh), BARTRIU R, (HFEAZEIEHN (7, =0.25h); S0 HfE

FOEPEE B AL TREX (1.08 J0/kWh), ATHEFEES &30 (7,=0.85h),

Bl 7 X EG T DURR 7 VETE s 5 P U B IR SR RA . =iUgER B, DQN ) LR AN 93.5 76, 1%
T I 8] % (1) Dijkstra/ ZU0 AL (99.4 70) FEAIK 5.9%, BROTOLERAEE (98.9 J0) FEK 5.5%; “FIERT B, DQN
TRt (90.0 7T, i8] & (1) Dijkstra/50 0L (90.9 78D, w0 REHE N 97.4 7T,

102

100 -

DQN 7 6] % ) Dijkstra FL R LT H
VR B m TR B

7 NEIRE T &757% TGC Xttt
Fig.7 Comparison of TGC Across Different Methods Under Various Time Periods

2.3 BORBITHER SN
FEARST AT, AR il U BN 174, RETH IR B ikl 4 10 A, RTEME
HiHRLIN 41.2%0 RN, FERE—RHEFIE R B RE T, RG> T 41.2% 097 TR, WREEE T 24
fmi S AR BRRE 7T O T BRI v SRR R A 7 DA R SR B R DAY, AT 200 MRS AESS
FAOINRAE, S RO AL ) — SR REAT e & Wi, BARPEREH T B IR 6 k.
*o WiHEHE TIRMREEIDLE%

Table 6 Summary Table of Engineering Performance Audit for the Pre-screening Mechanism

HTHRRR R T ik 1 AN WHEESER  WREREAR Bk

ZHHE 17 10 41.2% 200 100%




3 &g

1) A SRR SR SARE R0 7 I TR0 2R B0 I Y v P AU 5 — Bk, IE WAL RE g 1
TR S B RAEAN R 2 B IR SEE 5, A RCK BEALHEBA AR AN T A R R o X R RIS 11 1 Y
BRI BRI K WSS A 15, AR ST R L SR 22 S A 0 L 2% AT i P RV AN ML
SIGRW], UPHSE M =10 I, SRR AL 129 41.2%, fEHRJEFPRE T LI 7 0.35ms ) H#
CHEPRIHE , 19 2 SERT HERE RGN K T 3K o [, — SRS SR AL (¥ TOP-1 firh % =ik 89.5%,
FAREIR AR AT S5 25 10 42 SR e DO, I B 1 0] AT kg R0 S A QR i v RS B

2) 1E 200 MHSLEEHUESS IR A b, B EASE R TOP-1 fir b3 (89.5%) 5 HURHIF MR 5
E (R,=0.0122, 95% CIN[0.0060, 0.0183]), H.fif HURA R AL HUEMER 0%, MAE ARG/ —D
VO AR AR IR A BB SR SRR AN Bl SR MR AR, T R TR B G847 15 3k 9 55 A 5N IR RN (B 451
FE, ATTIEFEZR S S AR B ARl 1

3) RAFAE—E R . B 58, M/M/c HEBME AR R AR Bk, i oA Sat 5220 i e e e L 5 i
SRR BT A, Al e, MPUE RS, JREERT 51N M(yM/ey BTS20 5 36 (102 2l 58 97 2l 2 e R0 314
SRENAS BT HK, IR SONEE BT O IRIX 17 ANTE s, BRI UE B BHLIA R, (R
Bt 2 Bl SRR R 2R B AT 5 2 — B, JFRTIIA Dueling DQN. Rainbow &5 1R [ Al 2 5] 3

HEREATRE R LS. fo)m, AT AT R = B0t 22 5 B IR (DR S DAL LR, SRR AT 3t — 2 2% R F R 40 3R
K SRR S i BE . TC, T TTZE W LSRR T BB R

SE WK
(1] A6 TKOHE. W w2257 5 R RMIBORAGE . T EGF RIS ERar [1] . BRE, 2026, 40 (5): 1-
10.

Xing Weibo, Zhang Yiting. Differences in consumption preferences and the efficiency of demand-side policies: analysis
based on Chinese NEV market [J] . Soft Science, 2026, 40 (5): 1-10.

[2] Wang Yong, Zhou Jingxin, Sun Yaoyao, et al. Collaborative multidepot electric vehicle routing problem with time
windows and shared charging stations [J] . Expert Systems with Applications, 2023, 219: 119654.

[3] Catay B, SadatiI. Animproved matheuristic for solving the electric vehicle routing problem with time windows and
synchronized mobile charging/battery swapping [J] . Computers & Operations Research, 2023, 159: 106310.

[4] Liu Weili, Gong Yuejiao, Chen Weineng, et al. Coordinated charging scheduling of electric vehicles: a mixed-variable
differential evolution approach [J] . IEEE Transactions on Intelligent Transportation Systems, 2020, 21 (12): 5094-
5109.

[5] YaoL, Lim W H, TsaiT S. A real-time charging scheme for demand response in electric vehicle parking station [J] .
IEEE Transactions on Smart Grid, 2017, 8 (1): 52-62.

[6] LuXinhui, LiuZhaoxi, MaLi, et al. A robust optimization approach for optimal load dispatch of community energy hub

[J] . Applied Energy, 2020, 259: 114195.

[7] Wang Bo, Zhao Dongbo, Dehghanian P, et al. Aggregated electric vehicle load modeling in large-scale electric power



systems [J] . IEEE Transactions on Industry Applications, 2020, 56 (5): 5796-5810.

[8] TuchnitzF, Ebell N, SchlundJ, et al. Development and evaluation of a smart charging strategy for an electric vehicle fleet
based on reinforcement learning [J] . Applied Energy, 2021, 285: 116382.

[9] ParkK, Moon I. Multi-agent deep reinforcement learning approach for EV charging scheduling in a smart grid [J] .
Applied Energy, 2022, 328: 120111.

[10] Wang Guanhua, Yang Fang, Song Jian, et al. Optimization for dynamic laser inter-satellite link scheduling with
routing: a multi-agent deep reinforcement learning approach [J] . IEEE Transactions on Communications, 2024, 72

(5): 2762-2778.

[11] ZouLuyao, Munir M S, Hassan S S, et al. Imbalance cost-aware energy scheduling for prosumers towards UAM
charging: a matching and multi-agent DRL approach [J] . IEEE Transactions on Vehicular Technology, 2024, 73 (3):
3404-3420.

[12] YuVF, Jodiawan P, Gunawan A.An Adaptive Large Neighborhood Search for the green mixed fleet vehicle routing
problem with realistic energy consumption and partial recharges [J] . Applied Soft Computing, 2021, 105: 107251.

[13] Comert SE, Yazgan HR. A new approach based on hybrid ant colony optimization-artificial bee colony algorithm for
multi-objective electric vehicle routing problems [J] . Engineering Applications of Artificial Intelligence, 2023, 123:
106375.

[14] Yang Senyan, Ning Lianju, Tong L C, et al. Optimizing electric vehicle routing problems with mixed backhauls and
recharging strategies in multi-dimensional representation network [J] . Expert Systems with Applications, 2021, 176:
114804.

[15] Liu Zhishuo, Zuo Xingquan, Zhou Mengchu, et al. Electric vehicle routing problem with variable vehicle speed and soft
time windows for perishable product delivery [J] . IEEE Transactions on Intelligent Transportation Systems, 2023, 24

(6): 6178-6190.
[16] JulEd, Rufitd, TER&. F TR IR R MM VEAE DR (1] . R RSSERZER, 2026, 43
(1): 82-92.
Fan Zemin, Wu Yikai, Wang Chenhan. Intelligent vehicle risk assessment decision model based on deep reinforcement
learning [J] . Journal of East China Jiaotong University, 2026, 43 (1): 82-92.

(171 Es5, B55, ml, %5 a2 U0 EBREsTE R B A 2 A V] . mJs#Rs, 2025, 46 (6): 24-
37.

Wang Qiang, Bi Yuhao, Gao Chao, et al. Prediction of spatiotemporal distribution of electric vehicle charging load based
on multi-source information [J] . Electric Power Construction, 2025, 46 (6): 24-37.

(18] WMk, MRiKiE. HIEMG MK AR FE R RE N g (1] . ARSSERZEY R, 2022, 39 (6): 56-65.
Liang Shidong, Zhu Bingqing. Charging pricing strategy for electric vehicles considering balanced time distribution of power
load [J] . Journal of East China Jiaotong University, 2022, 39 (6): 56-65.

[19] Wang Xiasen, MacKenzie D, Zhou Yang, et al. Predicted network equilibrium model of electric vehicles with stationary
and dynamic charging infrastructure on the road network [J] . IEEE Intelligent Transportation Systems Magazine, 2022,

14 (2): 144-155.

[20] FlorioAM, AbsiN, Feillet D. Routing electric vehicles on congested street networks [J] . Transportation Science,



2020, 55 (1): 238-256.
[21] DavisN, Raina G, Jagannathan K. Grids versus graphs: partitioning space for improved taxi demand-supply forecasts
[J] . IEEE Transactions on Intelligent Transportation Systems, 2021, 22 (10): 6526-6535.
[22] Wen Yanjie, LiZhihong, Wang Xiaoyu, et al. Traffic demand prediction based on spatial-temporal guided multi graph

Sandwich-Transformer [J] . Information Sciences, 2023, 643: 119269.
[23] Wang Shengyou, ChenA, Wang Pinxi, et al. Predicting electric vehicle charging demand using a heterogeneous spatio-

temporal graph convolutional network [J] . Transportation Research Part C: Emerging Technologies, 2023, 153: 104205.

FE—EE: AL (2003—), 5, WAL, HHRIT AR RS

BIEEE: 9 (1976—), F, Bl#EER, WL, BESI, BH5RNiaEsS 2gm. FEREER S,



