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Abstract

With the rapid proliferation of electric vehicles, their charging loads pose new challenges to power grid stability and operational effi-
ciency. To address this, this study employs a Monte Carlo simulation model to analyze the charging load characteristics of six battery
electric vehicle categories in Hebei Province, leveraging multi-source probabilistic distribution data under typical operational scenarios.
The findings reveal that electric vehicle charging loads are primarily concentrated during midday and nighttime periods, with significant
load fluctuations exerting substantial pressure on the grid. In response, this paper proposes strategic interventions including optimized
charging infrastructure planning, time-of-use electricity pricing mechanisms, and smart charging technologies to balance grid loads. The
results provide a theoretical foundation for electric vehicle load forecasting, smart grid dispatching, and vehicle-grid integration, thereby

enhancing grid operational efficiency and sustainability.
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0 Introduction

The rapid advancement of new energy technologies and
growing environmental demands have positioned electric
vehicles (EVs) as a critical component in the transporta-
tion sector due to their eco-friendly and energy-efficient
characteristics. However, the large-scale adoption of EVs
presents new challenges for power grid operation and load
management [1]. The inherent uncertainty [2] and com-
plexity [3] of EV charging loads — particularly their tempo-
ral fluctuations in charging periods and power demand —
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impose significant pressure on grid load dispatching and
operational security. To address these challenges, the
Chinese government has actively implemented policies to
promote the integration of new energy vehicles with power
grids. For instance, the New Energy Vehicle Industry
Development Plan (2021-2035) explicitly mandates accel-
erated EV adoption and deepened vehicle-grid integration,
while the Implementation Guidelines for Strengthening
NEV-Grid Interaction provides a concrete operational
framework for such integration.

As a key technology for next-generation power systems,
vehicle-to-grid (V2G) enables EV to participate in electric-
ity markets through optimized charging load scheduling.
In electricity spot markets, where trading occurs at
minute-level intervals, high-resolution forecasting of EV
charging and discharging profiles is essential to ensure
accurate capacity bids and system reliability [4]. Addition-
ally, in demand response and ancillary service markets,
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EVs are treated as flexible resources. They can be aggre-
gated into a virtual power plant (VPP) for coordinated dis-
patch. In such cases, accurate forecasting of charging and
discharging behavior is also essential to ensure reliable
market participation and system balance [5].

Existing research on EV charging load forecasting pri-
marily employs two methodologies: traditional statistical
approaches and deep learning techniques. Conventional
methods include: Li et al. [5] using Monte Carlo simula-
tion for new energy vehicle charging load prediction; Feng
et al. [6] proposed a prediction model for electric vehicle
charging load considering traffic conditions and environ-
mental temperature; Wang et al. [7] applying time-of-day
charging probability models; Chen et al. [8] extracting
charging probability distributions via K-means clustering;
and studies by Long et al. [9] and Zhang et al. [10] devel-
oping transportation-distribution network coupling mod-
els based on user behavior. While dependent on
historical data, these methods suffer from model complex-
ity and limited accuracy. Yang et al. [11] proposed a spa-
tiotemporal distribution prediction model for electric
vehicle charging loads in a transportation power coupling
network (TPCN), Zhang et al. [12] utilized origin—destina-
tion (OD) matrices for load forecasting, and Buzna et al.
[13] established hierarchical models using gradient-
boosted regression trees. Travel-chain-based approaches
include Li et al. [14] and Lu et al. [15] integrating traffic
networks with user behavior modeling. Traditional statis-
tical approaches offer clear interpretability of the causal
or associative relationships between input variables and
prediction outcomes. However, they struggle to capture
highly nonlinear patterns and complex feature interactions
within the data.

In deep learning, Zhang et al. [16] extracted load fea-
tures via convolutional neural networks (CNNs), Aduama
et al. [17] conducted three separate charging load (energy
demand) forecasts for electric vehicles (EVs) using different
multi-feature input configurations, aiming to improve the
accuracy of deep learning models for EV charging station
load prediction, Xu [18] enhanced accuracy through CNN-
LSTM hybrids, and Pham et al. [19] optimized noise pro-
cessing using singular spectrum analysis (SSA) with
LSTM. Emerging methodologies feature Luo [20] develop-
ing graph neural network (GNN)-based collaborative pre-
diction, Feng et al. [21] combining multivariate grey
models with LSTM, Cheng et al. [22] proposed an electric
vehicle charging load forecasting method based on Varia-
tional Mode Decomposition (VMD) and a hybrid
Prophet-LSTM model, and Yi et al. [23] achieving supe-
rior multi-step prediction via sequence-to-sequence (Seq?2-
Seq) models. Xu et al. [24] proposed a spatiotemporal
forecasting method for electric vehicle charging load on
highways, which integrates a deep learning model capable
of capturing spatiotemporal features with a Monte Carlo
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approach. This deep learning approach possesses strong
nonlinear modeling capabilities. However, its black-box
nature makes the results difficult to interpret directly,
which limits its applicability in engineering control and
decision support.

Despite these advancements, current research exhibits
notable limitations: traditional methods demonstrate con-
strained generalization capabilities and high data depen-
dency, while deep learning approaches often overlook
behavioral heterogeneity across EV types and lack
scenario-specific adaptability. Furthermore, many studies
fail to adequately incorporate real-world charging demand
characteristics under diverse operational scenarios. This
study addresses these gaps by categorizing EVs into six
distinct types — private vehicles, ride-hailing cars, taxis,
shared rental vehicles, logistics trucks, and public buses —
and employing Monte Carlo simulation to analyze their
unique charging load patterns. Through comprehensive
consideration of behavioral modes and load characteris-
tics, providing actionable insights for grid dispatching
and EV charging infrastructure planning. Fig. | illustrates
the major workflow from BEV classification to charging
load prediction via Monte Carlo simulation.
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1 Analysis of influencing factors and indicators for EV
charging loads

1.1 Analysis of charging load influencing factors

With the large-scale development of EVs, the character-
istics of their charging loads have increasingly significant
impacts on power grid operations. Existing studies show
that charging load modeling requires comprehensive con-
sideration of multi-dimensional factors such as user behav-
ior characteristics, battery properties, and charging
infrastructure [25]. Among these, daily mileage, as a direct
determinant of energy demand, has been proven to be a
fundamental variable affecting charging power require-
ments. Zhang et al. [26] found through big data analysis
that the daily mileage of private vehicles follows a Weibull
distribution, with its probability density function peaking
in the 40-60 km range, directly influencing daily fluctua-
tions in charging demand.

To maximize battery lifespan, the optimal state of
charge (SOC) range for battery usage is between 20%
and 85%. Based on this, when the SOC is 20-40%, charg-
ing scheduling is recommended; when the SOC is 40-60%,
battery usage becomes more flexible, allowing both charg-
ing and discharging, with moderate charge-discharge
strategies advised to protect the battery; when the SOC
is 60-80%, discharging scheduling is more suitable [27].
The adoption of smart charging strategies not only extends
battery life but also provides economic benefits approxi-
mately twice the energy cost savings. Therefore, the bat-
tery status of EV users—including degradation level,
cycle count, and remaining charge—is a critical factor
influencing the grid-connected load of clustered EVs.

The initial SOC serves as the starting condition for
charging, while the charging timing is constrained not only
by individual user behavior preferences but also by com-
plex interactions with traffic activity patterns and electric-
ity pricing incentives. Empirical studies indicate a strong
correlation between the timing of users’ final daily trip
completion and charging initiation [28]. For example,
commuting groups exhibit distinct “dual-peak clustering”
in charging behavior due to the spatiotemporal separation
between workplaces and residences: charging demand
surges occur after arriving at workplaces (8:00-9:00) and
after returning home (18:00-20:00). This temporal cluster-
ing effect can be quantitatively characterized, where the
probability density function of charging timing shows a
negative exponential relationship with dwell time at desti-
nations [29].

These three core factors exhibit coupled interactions:
daily mileage determines SOC consumption through
energy calculations, while user travel patterns constrain
charging timing [30]. Existing research predominantly
focuses on single-factor analysis and lacks integrated mod-
eling of these factors, potentially leading to systematic
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errors in load forecasting. Therefore, this study incorpo-
rates daily mileage, initial SOC, and charging timing into
a unified framework to improve charging load prediction
accuracy.

1.2 Analysis of charging load impact indicators

Distinguished from Shenzhen’s four-category frame-
work for urban mid-long term planning [31], our provin-
cial six-category taxonomy with multi-source probability
fusion enables intraday load dynamics profiling, delivering
finer-grained decision support for real-time grid dispatch.
The data used in this study are sourced from the China
New Energy Vehicle Big Data Research Report (2023)
and the official government information website of the
Hebei Provincial Development and Reform Commission.

1) Daily Mileage

As shown in Tables 1 and 2, statistical analysis of daily
mileages across different EV types reveals adherence to a
log-normal distribution. The data fitting results are illus-
trated in Fig. 2, with the probability density function
expressed as:
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Notations:
Up» 0p,;: log-mean and log-standard deviation of daily
mileage for the i-th vehicle category; s: daily mileage.

2) Initial SOC

As shown in Table 3, statistical analysis of initial SOC
values across BEV types indicates compliance with a log-
normal distribution, with fitting results presented in
Fig. 3. The probability density function is:

(Ins — ﬂsoc,i)2> 2)
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Notations:
0soc.i, 0soci: log-mean and log-standard deviation of
initial SOC for the i-th vehicle category; S: initial SOC.

3) Charging Start Time

As shown in Table 4, statistical analysis of charging
start times across BEV types reveals a tri-modal normal
distribution, with fitting results illustrated in Fig. 4. The
composite probability density function is:
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Table 1

Daily average driving distance by BEV type (Private BEVs).

Mileage range/km <10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 90-100 above 100
Percentage/% 6.55 20.73 21.93 17.41 12.37 8.18 5.19 3.05 1.97 1.30 1.32
Table 2

Daily average driving distance by BEV type (Other Categories).

Vehicle type/Percentage/% <50 50-100 100-150 150-200 200-250 250-300 above 300
Ride-hailing 1.81 10.48 17.19 43.53 23.47 2.84 0.45

Taxi 4.30 8.42 18.66 25.41 22.25 10.87 9.93
Shared rental 22.30 35.50 24.50 12.85 3.65 0.93 0.28
Logistics truck 20.65 34.81 23.90 13.10 5.87 1.66 0

Public bus 3.92 12.18 35.26 32.58 12.58 3.20 0.27

Notations:

Wi, Wi, wiz: weighting factors for three peaks of the i-th
vehicle category; py 1, lr ., fir 5 mean values of three
charging time peaks; or;,07,0r3: standard deviations
of three peaks; t: charging start time.

2 Development of Monte Carlo-based electric vehicle
charging load simulation model

2.1 Fundamental principles of Monte Carlo method

The Monte Carlo method, also known as statistical sim-
ulation, is a computational approach based on probability
and statistical theories. Currently, it is widely used to solve
stochastic multidimensional mathematical problems. Its
core principle lies in simulating the behavior of complex
systems through random sampling. The foundation of this
method is to approximate the probability distribution of
system variables by simulating a large number of random
events.

The basic steps of the Monte Carlo method can be sum-
marized as follows: First, define independent random vari-
ables X;(i=1,2,3,---,k), and specify their probability
density functions f(X,),f(X,),---,f(Xs), then, generate
random numbers xi,x,, - --,x;, according to these proba-
bility density functions. Subsequently, use these random
numbers as inputs to calculate the function value
Z=gX, X5, -, X;)i=1,2---,N). When N is suffi-
ciently large, the mean of these sample function values
can approximate a reliable numerical solution.

The Monte Carlo method is particularly suitable for
addressing complex problems that are difficult to solve
analytically, as it can approximate optimal solutions
through extensive random sampling. The advantages of
this method include its ability to avoid rapid increases in
system complexity even when dealing with high-
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dimensional data. Due to the large sample size, the accu-
racy of results generally improves with the number of sam-
ples, while effectively reducing systematic errors.

2.2 Calculation workflow

The EV charging load calculation in this study follows
these sequential steps:

1) Actual Vehicle Population Calculation

N,':N[Xpl-x)\.i (4)

Notations:

N;: Actual number of online vehicles in category #; Ni:
Total EV population; p;: Proportion of category i vehicles;
A;» Online rate of category i vehicles.

2) Daily Energy Consumption Calculation

D;
Eq; = (@) x Wigo (5)

Notations:

E4;: Daily energy consumption of category i vehicles
(kWh); D;: Daily mileage of category i vehicles (km);
Wi0o: Energy consumption per 100 km (kWh/100 km).

3) Per-Charge Energy Demand

_Eqg;

Ec,i - ki (6)

Notations:

E.;: Average energy demand per charging session for
category i (kWh); k;: Daily charging frequency of category
i vehicles.
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Fig. 2. Data fitting results of daily mileage.
Table 3
Initial SOC distribution by BEV type (%).
Vehicle type/SOC range/% 0-10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90
Private vehicle 1.49 6.15 20.64 29.45 23.32 12.16 4.57 1.45 0.44
Ride-hailing 0.23 2.18 13.41 34.96 32.55 12.95 2.64 0.23 0
Taxi 0.24 0.95 8.91 35.74 36.95 13.58 2.98 0.36 0
Shared rental 0.57 1.47 9.15 34.51 34.06 14.23 4.19 1.25 0.34
Logistics truck 0 0.69 5.73 22.81 35.07 23.84 9.05 2.06 0.34
Public bus 0 0 0.23 11.23 25.87 32.62 18.88 8.81 1.95

135



K. Wei et al. | Global Energy Interconnection 9 (2026) 131-142

0.03 T T T T T T T T 0.04 T T T T T T
¢ — % — Fitted Curve — % — Fitted Curve
0.025 | * ®  Original Data Points | | 0.035 | m L] ®  Original Data Points | |
7 % i
f 'X\ . 003 F * % g
¥
5 002f F e 1 * X
5 ¥ % £0.025 " ’;& .
5 ¥ k 5 +
5 ‘ E : E
20015} 4 {12 oot B 3 —
3 4 3 4 %
s 4 * S 0.015 e g
& 001 F : 15 4
4 0.01 | f 1
P *
0.005 - i | H
% 0.005 ¥ 1
. . o, i
0 -ae"z.r L L L L L L . @ oL "‘gr L L L L L . @ | g
0 10 20 30 40 50 60 70 80 90 10 20 30 40 50 60 70 80 90
Initial SOC/% Initial SOC/%
(a) Private Vehicle (b) Ride-hailing
0.04 T T T o | T T T 0.035 T T T T T T T
f — % —Fitted Curve ® — % — Fitted Curve
0.035 | K ®  Original Data Points | | 0.03 i ®  Original Data Points | -
3
003 L k1 * %
¥ X 0.025 - * X B
= ¥ % - * %
Z 0025t * 5 1% h X
5 * 5 002} 4 4
2 n % & ’ %
z 00t 7{ % 1z ¥
) k)
E ¥ % 0015} :‘
S 0015 1%
a ¥ ] [ ¥
¥ % 001 i
0.01 % 1 i e
¥ *
0.005 *
0.005 | x
ulf !
PO, S N SR . S N Lae® | | ||
10 20 30 40 50 60 70 80 90 0 10 20 30 40 50
Initial SOC/% Initial SOC/%
(¢) Taxi (d) Shared Rental
0.035 T T T 0.035 T T T T s T T
td ‘; — % — Fitted Curve — % — Fitted Curve ‘ ’rﬂ
0.03 | 3‘ ‘;‘ ®  Original Data Points | 003 | ® Original Data Points | }' % i
¥ re
0.025 | : ’!& . 0.025 ; ]
z re * 2z e !
5 0 E X 3 om ¥ %
o ooer ¥ X 12 ™9 ¥ 1
£ * 2 I
Z 005t 3 X 1% o015t i -
£ h % £ 4
& : % & td
0.01 i 1 oot F 3 1
' I
0.005 j 4 0.005 + 4
ol—e— . . . L I 0 . i ) \ . L )
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
Initial SOC/% Initial SOC/%
(e) Logistics Truck (f) Public Bus

Fig. 3. Data fitting results of initial SOC.

4) Actual Energy Demand Based on SOC

E,; = (1-S0C;) x E,; (7)

Notations:
E,;: Actual energy demand per charging session (kWh);

SOC;: Initial state of charge for category i vehicles (%0).
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5) Charging Power Calculation
Pi=f,xPr+(1—f,)xPs

Notations:

(8)

P;: Charging power of category i vehicles (kW); f:
Fast-charging adoption rate for category i; P;: Fast-

charging power (kW); P;: Slow-charging power (kW).
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Table 4
Temporal distribution of charging vehicles by BEV type.

0-1 1-2 2-3 34 4-5 5-6 6-7 7-8 8-9 9-10 10-11 11-12
Private vehicle 5.45 1.30 0.74 0.45 0.36 0.56 1.23 3.82 6.70 4.94 4.29 4.72
Ride-hailing 6.07 7.68 7.22 6.82 6.56 6.42 6.10 4.90 3.78 4.41 5.67 8.13
Taxi 6.38 8.72 7.51 7.01 7.06 7.60 7.69 5.03 2.38 2.65 391 7.19
Shared rental 4.44 6.01 4.85 4.32 4.26 5.06 5.90 4.35 2.71 3.07 3.99 6.22
Logistics truck 2.63 3.22 2.54 2.34 2.54 3.25 4.85 6.63 6.11 5.01 4.85 6.11
Public bus 12.60 10.50 7.04 4.16 2.33 1.32 1.17 1.83 2.41 3.81 5.13 5.91

12-13 13-14 14-15 15-16 16-17 17-18 18-19 19-20 20-21 21—22 22-23 23-24
Private vehicle 4.94 4.11 4.00 3.75 4.11 5.56 6.57 6.23 6.57 7.22 7.44 4.22
Ride-hailing 10.11 9.77 8.82 8.65 7.65 5.93 5.33 6.27 6.33 5.67 5.24 3.47
Taxi 10.97 9.93 7.78 8.13 7.82 5.80 4.22 5.12 5.39 5.17 5.75 4.18
Shared rental 9.02 8.13 6.34 6.19 5.96 4.62 3.75 4.44 4.62 4.29 4.38 3.22
Logistics truck 9.33 8.94 7.12 6.67 7.22 8.23 8.29 8.49 7.71 6.54 5.27 3.25
Public bus 7.04 5.72 4.94 3.34 2.80 2.45 2.72 2.84 2.41 2.33 4.63 9.37

6) Charging Duration Calculation

En‘i

tei = Pz—><’7 9

Notations:
t.;: Charging duration of category i vehicles (h); #:
Charging efficiency (%0).

7) Load Aggregation

| o

: (10)

>

Ni
Ly, = E
J=1

Notations:
L;,: Load contribution of category i at time step ¢ (kW);
At: Temporal resolution (h).

2.3 Basic parameters

Table 5 presents the monthly average charging fre-
quency and proportion by BEV type, while Table 6 shows
the fundamental parameters obtained from fitting results
for the six BEV categories.

As of March 2024, China’s national regulatory plat-
form has cumulatively registered 19.746 million new
energy vehicles (NEVs), including 700,000 in Hebei Pro-
vince. Among them, BEVs accounted for 15.189 million
units (76.9%), plug-in hybrid electric vehicles (PHEVs)
reached 4.541 million units (23.0%), and fuel cell electric
vehicles (FCEVs) exceeded 16,000 units. By combining
the proportion of registered BEV types and their online
rates in Hebei Province (Table 7), the estimated registra-
tion volumes and online rates for each BEV type in Hebei
Province can be calculated.

This study employs a probability distribution-based
Monte Carlo method to simulate daily charging load pro-
files for BEVs in Hebei. Key input parameters include:

Statistical descriptors (mean + SD) of charging start time,
initial SOC, and daily mileage; BEV population by cate-
gory and charging power specifications. Fast or slow
charging modes are determined according to Table 5,
while charging start time, initial SOC, and daily driving
mileage are extracted based on Table 6. Finally, the cumu-
lative load is calculated using relevant formulas, with sim-
ulation results presented in Section 3.

3 Analysis and recommendations on electric vehicle charging
load prediction results

3.1 Analysis

Fitting curves of average daily charging loads for six
categories of battery electric vehicles are shown in Fig. 5.
Fig. 5(a) presents the charging load profile of private bat-
tery electric vehicles. The first minor charging peak occurs
around 9:00-10:00 midday, reaching nearly 500 MW. This
is attributed to the predominance of weekdays throughout
the year, during which private vehicle owners charge their
EVs while at work. The second peak concentrates in the
evening, aligning with commuting patterns, particularly
reaching 600 MW between 22:00 and 24:00 and gradually
tapering off after midnight.

Fig. 5(b) (ride-hailing vehicles) and 5(e) (logistics
trucks) exhibit primary charging peaks during midday
breaks (12:00-14:00) and evening hours (19:00-20:00).
The midday peak corresponds to ride-hailing drivers’ rest
periods when service demand declines, enabling energy
replenishment for afternoon and evening operations. The
19:00-20:00 peak coincides with post-commuting down-
time, where drivers recharge after completing rush-hour
orders to meet nighttime demand. Similarly, logistics
trucks charging patterns reflect daily delivery schedules:
midday charging follows morning distribution tasks to
ensure afternoon operational continuity, while evening
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Fig. 4. Data fitting results of charging start time.

charging prepares vehicles for next-day operations after
completing daily deliveries. Fig. 5(f) (public buses) demon-
strates concentrated charging loads around 24:00, as buses
undergo intensive daytime operations with limited charg-
ing opportunities, making nighttime downtime the pri-
mary charging window. Minor midday fluctuations relate
to partial supplemental charging during operational
breaks.

Fig. 5(d) (shared rental vehicles) and Fig. 5(c) (taxis)
display highly similar load simulation curves, with triple
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peaks occurring around 5:00, 15:00, and nighttime. This
pattern reflects shared charging demand characteristics
under high utilization rates and temporal user mobility
patterns. Specifically, the 5:00 peak aligns with pre-
morning rush hour preparation; the 15:00 peak corre-
sponds to afternoon usage and high-frequency daytime
operations; nighttime peaks associate with reduced opera-
tional demand and centralized post-service charging.
Notably, significant differences exist in peak magnitudes
and distributions between these two categories.
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Table 5
Monthly average charging frequency and mode distribution by BEV type.

Vehicle type Charging mode

Avg. monthly charging sessions

Proportion (%)

Private vehicle Fast-charging 1.3 154
Slow-charging 5 84.6
Ride-hailing Fast-charging 23.9 77.3
Slow-charging 7 22.7
Taxi Fast-charging 24.8 82.4
Slow-charging 43 17.6
Shared rental Fast-charging 16 79.0
Slow-charging 5.8 21.0
Logistics truck Fast-charging 15.7 73.7
Slow-charging 5.6 26.3
Public bus Fast-charging 17.7 54.9
Slow-charging 14.6 45.1
Table 6

Key parameters of six BEV categories.

Vehicle type Daily mileage (km)

Initial SOC (%)

Daily charging start time distribution (h)

Private vehicle Lognormal Lognormal Tri-modal Gaussian

(3.35, 0.70) (3.56, 0.44) (0, 0.59)(9.42, 2.62)(20, 4.15)
Ride-hailing Lognormal Lognormal Tri-modal Gaussian

(5.06,0.42) (3.64,0.30) (2.41, 4.37)(13.02, 2.42)(20.06, 3.02)
Taxi Lognormal Lognormal Tri-modal Gaussian

(5.11, 0.56) (3.69, 0.27) (1.36, 2.04)(5.44, 1.02)(14.87, 5.60)
Shared rental Lognormal Lognormal Tri-modal Gaussian

(4.36, 0.70) (3.69, 0.32) (1.11, 2.02)(5.64, 0.89)(14.45, 6.13)
Logistics truck Lognormal Lognormal Tri-modal Gaussian

(4.41, 0.71) (3.80, 0.27) (10.33, 7.07)(12.47, 0.78)(19.10, 2.95)
Public bus Lognormal Lognormal Tri-modal Gaussian

(4.92, 0.48) (3.97, 0.23) (0, 1.94)(12.33, 3.78)(24, 1.65)
Table 7
Estimated cumulative registrations and online rates of BEVs in Hebei province.
Vehicle type Private vehicle Ride-hailing Taxi Shared rental Logistics truck Public bus
Overall online rate (%) 90.6 96.1 84.9 63.4 63.8 86.4
Proportion of registered BEVs (%) 74.1 4.6 5.1 1.7 4 0.9
Cumulative registrations (10,000 units) 51.87 3.22 3.57 1.19 2.8 0.63

Traditional taxis exhibit nearly identical peak loads
(~70 MW) across all three periods, resulting from their
24/7 operational model and professional drivers’ regulated
charging behaviors. This equilibrium demonstrates taxis’
adaptive charging patterns across temporal demand varia-
tions, effectively avoiding concentrated load pressures.

In contrast, the charging load of shared rental vehi-
cles shows a significantly higher peak at 5:00 (reaching
20 MW) compared to other periods, with relatively
lower load levels at 15:00 and nighttime. This character-
istic primarily reflects the operational model and user
behavior impacts on shared rental vehicles. As shared
rental vehicles are predominantly used by general con-
sumers, their charging behaviors heavily depend on

users’ return times and rental demand distribution. The
5:00 peak may -correlate with concentrated vehicle
returns before morning rush hours, coupled with opera-
tors’ centralized vehicle dispatching and charging during
this period, which further intensifies charging load con-
centration. Additionally, differences in charging infras-
tructure utilization patterns between the two vehicle
types contribute to load distribution variations. Tradi-
tional taxis, often equipped with dedicated charging
facilities, exhibit charging behaviors controlled by oper-
ational schedules, thereby reducing load unevenness.
Conversely, shared rental vehicles predominantly rely
on public charging networks, making their charging pat-
terns more susceptible to public infrastructure layouts
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Fig. 5. Daily charging load simulation by BEV type.

and temporal user demand fluctuations, leading to con-
centrated loads during specific periods.

Fig. 6 displays the daily load simulation results for six
categories of battery electric vehicles. It is evident that pri-
vate vehicles constitute the primary contributor to the
total load, followed by ride-hailing vehicles and taxis.
The overall load curve exhibits distinct dual-peak charac-
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teristics, with two major peaks occurring near midday
and nighttime, reaching 600 MW and 800 MW respec-
tively. Additionally, the difference between the lowest val-
ley load and peak loads exceeds 600 MW. Such significant
peak-valley disparities substantially intensify grid load
fluctuations, posing considerable challenges to grid stabil-
ity and operational security.
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Fig. 6. Aggregated daily charging load of Six BEV categories.

3.2 Recommendations

1) Optimizing Charging Infrastructure Layout and
Peak Load Management

EV charging loads exhibit pronounced temporal peaks
during midday and nighttime. To alleviate grid stress, gov-
ernments should enhance charging infrastructure planning
in high-demand zones such as residential areas, commer-
cial districts, and transportation hubs. Big data analytics
can predict regional charging demands to strategically
deploy charging stations and piles. Time-of-use charging
management should be implemented to incentivize off-
peak charging, mitigating load concentration and improv-
ing grid dispatching efficiency.

2) Promoting Differentiated Pricing and Smart Charg-
ing Technologies

A tiered electricity pricing mechanism with peak/off-
peak rates should be adopted to guide users toward low-
demand periods. This approach balances grid loads while
optimizing charging facility utilization. Concurrently,
smart charging systems should be widely deployed,
enabling real-time monitoring and adaptive adjustments
of charging schedules and power levels to distribute loads
evenly across 24-h cycles.

3) Accelerating Smart Grid Development for Enhanced
Load Dispatching

Increasing EV penetration intensifies grid load volatility
and dispatching complexity. To address this, smart grid
modernization must prioritize advanced load forecasting
and dispatching technologies. Integrating big data, cloud
computing, and artificial intelligence will strengthen real-
time load monitoring and adaptive dispatching capabili-
ties. Intelligent grids can dynamically adjust power supply
based on demand fluctuations, ensuring stable operations

during EV charging peaks while minimizing grid conges-
tion and energy waste.

4 Conclusions

This study conducted a detailed analysis of charging
load characteristics for six categories of BEVs using a
Monte Carlo simulation model integrated with probabil-
ity distribution functions. By defining key parameters
including charging start time, initial SOC, daily mileage,
and charging duration, a statistical model was devel-
oped to characterize EV wusers’ charging behaviors.
Probability distribution fitting for the six BEV cate-
gories was performed in MATLAB, with mathematical
expectations and variances calculated under each
parameter for simulation. Using Hebei Province as a
case study, cumulative daily average load curves and
aggregated load profiles were derived for all vehicle
types. The results demonstrate significant heterogeneity
in charging loads across vehicle categories: private vehi-
cles dominate total load contributions, exhibiting pro-
nounced peaks during nighttime and midday periods;
ride-hailing vehicles and logistics trucks display concen-
trated load peaks, particularly during midday intervals;
shared rental vehicles and taxis exhibit relatively stable
load fluctuations despite temporal -clustering; public
buses show exclusive nighttime charging loads, reflecting
centralized replenishment needs after high-frequency
daytime operations.

This research provides quantitative foundations for
understanding grid-connected EV load characteristics,
offering critical insights for grid dispatching and charging
infrastructure optimization. Future studies should focus
on charging load regulation strategies, smart charging
technology applications, and intelligent grid management
to enhance grid resilience and facilitate efficient vehicle-
grid coordination.
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