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Abstract

As typical dynamic loads, electric vehicles (EVs) introduce significant uncertainty into dis-
tribution network operations due to the randomness of their travel behavior and charging
demand. To achieve precise spatiotemporal forecasting of charging loads, this paper con-
structs a multi-dimensional transportation network model that accounts for dynamic road
impedance factors and introduces a unit-distance energy consumption calculation method
based on road impedance. By integrating the division of urban multifunctional zones
and differentiated state-of-charge (SOC) threshold distributions across various EV types, a
mapping model between travel chains and charging behaviors is established. Subsequently,
large-scale travel and charging events are generated using an origin–destination (OD)
probability matrix and Monte Carlo sampling to derive the spatiotemporal distribution
of regional EV charging loads. Simulation results for a representative city in southwest
China show that the predicted charging loads exhibit a dual-peak pattern, with significant
differences across regions and vehicle types, and align well with observed load trends,
validating the effectiveness and engineering applicability of the proposed method.

Keywords: electric vehicles; transportation network modeling; trip chain simulation;
charging behavior analysis; spatiotemporal load forecasting; Monte Carlo simulation

1. Introduction
Benefiting from multiple advantages such as environmental friendliness, low noise,

and cost-effectiveness, electric vehicles (EVs) have become the fastest-growing dynamic
component on the load side of power grids in recent years. To address the conflict between
the stochastic charging demand of EVs and the orderly coordination of grid supply, as
well as enhance the operational stability of distribution networks, rational and scientific
planning and operation of charging facilities constitute a crucial factor in sustaining the
healthy growth of the EV industry. To tackle this challenge, this study focuses on exploring
the relationship between EV behavior and charging demand and derives the fundamental
problems of charging load forecasting in charging station planning and operation. By
accurately predicting the spatiotemporal distribution of charging loads, this study enhances
the scientific basis of distribution network planning and operation by accounting for
dynamic EV load variations.
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As a special form of dynamic load, EVs exhibit attributes of both transportation
means and mobile loads. Their driving behavior influences road traffic flow, and their
travel behavior characteristics result in intricate charging requirements. In EV charging
load forecasting research, prediction approaches are generally divided into two major
categories. The first involves analyzing or applying deep learning to historical statistical
data on EV charging loads to predict future load distributions. For example, Reference [1]
evaluates charging demand by selecting parking locations based on the spatiotemporal
travel distribution data of electric ride-hailing vehicles in Changsha, China. Reference [2]
uses three months of spatiotemporal trajectory data from a subset of EVs in Beijing, China, to
summarize travel characteristics from multiple perspectives and predict the spatiotemporal
distribution of charging demand. Such methods require massive amounts of historical
statistical data for analysis and are generally considered to lack timeliness. Another category
involves trip-chain simulation and prediction based on user travel behavior. For instance,
Reference [3] analyzes the travel behavior differences between private cars and taxis using
partial trajectory data from private vehicles, providing insights for further forecasting of
travel demand. Reference [4] analyzes taxi driving paths and predicts user travel routes by
integrating external influences and driver preferences. Reference [5] applies a macroscopic
travel demand model combined with a fleet or technology diffusion model to predict vehicle
usage based on vehicle types. Reference [6] proposes an integrated time-series approach
based on deep learning theory to analyze the travel demand and trip distance of shared
vehicles. This method systematically analyzes users’ travel patterns to obtain a complete
trip-chain structure and establishes a more accurate charging demand prediction model by
integrating key variables such as trip origin, travel distance, departure time, and destination.
Its advantages include low data dependence, high model accuracy, and flexibility to adapt
to transportation networks in different regions, making it widely adopted.

Despite extensive studies on EV trip-chain modeling and load forecasting, several
limitations remain. First, many existing trip-chain simulation models rely primarily on road
segment length, without sufficiently incorporating static impedance factors such as traffic-
signal control, intersection delay, and road hierarchy. This omission restricts the accuracy
with which real traffic conditions influence energy consumption and travel time. Second,
the dynamic characteristics of transportation networks—such as time-varying traffic flow,
congestion levels, and period-dependent impedance—are often oversimplified or ignored,
resulting in limited capability to capture temporal variations in traffic conditions. Third,
most EV load forecasting approaches focus predominantly on the temporal dimension
and provide limited representation of spatial heterogeneity across urban functional zones
or behavioral differences among vehicle types, reducing their effectiveness in spatial
load prediction.

To address these limitations, this study developed an integrated framework that
incorporates both static and dynamic traffic impedance, functional zone characteristics, and
heterogeneous EV behavior. By introducing signal cycle parameters, road hierarchy, and
time-varying traffic flow into the impedance model, and by modeling differentiated trip
patterns and SOC threshold distributions for various vehicle types, the proposed framework
substantially enhances the accuracy of spatiotemporal EV charging load forecasting.

To address the above issues, the innovations of this study are as follows:

1. Dynamic road impedance modeling with temporal resolution: We developed a pa-
rameterized dynamic impedance model that explicitly incorporates signal control
settings (cycle length and green ratio), road hierarchy free-flow speed, and time-
varying traffic flow/saturation. A mapping from impedance to travel time and unit-
distance energy consumption is established to more faithfully capture time-dependent
traffic conditions.
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2. A multi-type behavior-driven OD and Monte Carlo-based spatiotemporal forecasting
framework: We constructed a full pipeline comprising behavior-driven OD genera-
tion, shortest path trip-chain construction, dynamic energy update, SOC threshold-
based charging triggering, and time node load formation. Functional zone pref-
erences and vehicle type characteristics are embedded into OD matrices, and a
multi-stage Monte Carlo process produces a high-resolution spatiotemporal charging
demand distribution.

To further clarify the research gap and position the proposed framework relative to
existing studies, Table 1 provides a comparative summary of representative methods in EV
charging load forecasting.

Table 1. Comparative summary of representative studies on EV charging load prediction.

Research Direction Method
Characteristics Core Assumptions Advantages Limitations Improvements in

This Study

Static trip-chain
simulation [7]

Based on road
segment length and

static impedance

Fixed speed/
fixed flow Easy to compute Fails to reflect real

traffic conditions

Introduces dynamic
impedance (signal

timing + traffic flow)

Time-series load
forecasting [8]

Deep learning,
historical load-based

Trip chains not
considered

High predictive
accuracy

Lack of
interpretability

Behavior-driven OD
+ explicit trip-chain

structure

Stochastic path
prediction [9]

Trajectory data-based
modeling

Long-term stability
of trajectories High realism Requires large-scale

data
Multi-type vehicle
behavior modeling

Based on the above research motivations, the overall framework of this study is
as follows:

Section 2 systematically analyzes dynamic road impedance factors and establishes
a multi-dimensional descriptive model that includes sets of nodes, road segments, time
intervals, and impedance weights. On this basis, by combining the speed–flow relationship
and the road impedance model, the expression for vehicle energy consumption per unit
distance under given traffic conditions is derived, laying the physical foundation for
subsequent SOC evolution and charging determination.

Section 3 focuses on the analysis of EV travel behavior and charging characteristics.
First, a transportation network topology is constructed under multiple urban functional
zones, along with a multi-scenario trip-chain analysis model. The OD probability matrix is
generated based on the probability distribution of starting and ending functional zones
for different EV types (PDOSE); daily trip origins and destinations are then obtained via
random sampling, and travel paths are generated using the Floyd algorithm. Second, ac-
cording to the operational characteristics of different EV types (private cars, taxis, and other
vehicles), the probabilistic distributions of the SOC threshold and charging characteristics
are defined. Finally, a charging load forecasting process that integrates the OD matrix,
trip-chain simulation, and Monte Carlo sampling is proposed to obtain the spatiotemporal
probability distribution of charging demand across vehicle groups.

Section 4 focuses on a transportation network model based on a typical distribution
network area in a city in southwest China. Based on the trip chains and charging decisions
of different EV types, the spatiotemporal characteristics of the charging load distribution
within the region are simulated. Comparative analysis with load data verifies the feasibility
and effectiveness of the proposed method in rationally describing EV travel behavior and
accurately predicting charging loads.
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2. Analysis of EV Energy Consumption Characteristics
To accurately analyze the travel behavior characteristics of urban EVs and predict the

spatiotemporal distribution of charging demand, it is first necessary to precisely quantify
the energy consumption of each EV during its travel behavior and movement within the
transportation network. Vehicle energy consumption serves as a fundamental variable
for determining subsequent charging demand and as a crucial link connecting traffic flow
dynamics to the formation of power system loads. In other words, only by determining
a vehicle’s energy consumption level under a given traffic environment can the dynamic
variation in its SOC be further derived, thus determining whether a charging event will be
triggered. This section models vehicle travel paths and performs energy consumption cal-
culations based on transportation network modeling, dynamic and static road impedance
models, and the multi-dimensional transportation network description model. By incorpo-
rating road length, travel time, and impedance characteristics from the multi-dimensional
transportation network model, an energy consumption expression can be derived for a
vehicle completing a single trip chain. The results of this section provide input conditions
for the analysis of EV travel behavior and charging characteristics in Section 3, ensuring
that subsequent charging demand determination and load forecasting are based on an
energy consumption foundation that is both physically plausible and consistent with traffic
flow principles.

2.1. Dynamic Road Impedance Model

The transportation network is a typical complex system, and constructing a scien-
tifically sound transportation network model serves as the foundation for studying EV
load forecasting and infrastructure planning. In an actual urban traffic system, represen-
tative locations can be abstracted into a topological graph, where intersections nodei are
defined as network nodes and connecting road segments dij are assigned different road at-
tributes. Binary relationships (nodei, dij) effectively characterize the structural distribution
of the transportation network [10]. Once the network topology and node–link relation-
ships are clearly defined, the next step is to describe vehicle movement characteristics
along the roads.

Based on the transportation network description model, this section develops a
dynamic–static coupled road impedance model. Road impedance depends not only on
static road attributes—such as road classification, length, and speed limit—but also on
dynamic traffic factors including vehicle flow, segment saturation, signal control at inter-
sections, and time-varying speed. The integrated dynamic–static impedance model can
more realistically capture vehicle operating conditions under varying road environments
and provides a solid basis for the subsequent calculation of vehicle energy consumption
per unit distance.

2.1.1. Dynamic Traffic Flow Constraint Model

In this paper, roads are categorized as expressways, main roads, and secondary roads
according to their operational properties. Higher-class roads permit greater travel speeds
and exhibit stronger traffic capacity. Based on this, an enhanced dynamic traffic flow
constraint model is proposed; it divides a full day into m time intervals and defines an
adaptive adjustment function β for each road segment dij in time period k, associated with
its road classification, as expressed in Equation (1):

β = b + c

(
qk

ij

Cij

)e

(1)
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where qk
ij represents the flow level of a road segment within time period k, and Cij is the

maximum flow capacity that reflects the segment’s carrying and service ability. Parameters
b, c, and e characterize road adjustment behaviors under varying traffic conditions—namely
congestion, normal flow, and free flow. Following the configuration method in Ref. [11],
distinct parameter values are assigned to roads of different classifications, as summarized
in Table 2.

Table 2. Road classification.

Road Name Road Class Range of Free-Flow Speed Vij,0 (km/h) b c e

Expressway I 70~100 1 3.2 3
Main road II 50~60 1.65 2.85 3
Side road III 30~40 2.02 1.92 3

2.1.2. Segment Impedance

In road impedance modeling, this study employs the saturation index to character-
ize the congestion level of each road segment [12]. Based on its numerical range, road
conditions can be classified into four categories: free flow (0 < S ≤ 0.5), light congestion
(0.5 < S ≤ 0.8), moderate congestion (0.8 < S ≤ 1.0), and severe congestion (1.0 < S ≤ 2.0).
The saturation degree S is defined as the ratio of segment traffic flow to its maximum capac-
ity and serves as a key parameter reflecting road efficiency and traffic state. The saturation
degree Sk

ij of segment dij during time period k is calculated according to Equation (2).

Sk
ij =

qk
ij

Cij
(2)

The segment impedance Zk
d,ij of segment dij during time period k is related to vehicle

speed and segment saturation, and its calculation is given in Equation (3):

Zk
d,ij =


Zk

d,1,ij =
1+(Sk

ij)
β

Vij,0
, 0 ≤ Sk

ij ≤ 1.0

Zk
d,2,ij =

1+(2−Sk
ij)

β

Vij,0
, 1.0 < Sk

ij ≤ 2.0
(3)

where Zk
d,1,ij and Zk

d,2,ij represent the segment impedance values of segment dij under
different saturation levels S during time period k, and Vij,0 indicates the free-flow speed of
segment dij, referring to the maximum attainable speed under ideal traffic conditions.

2.1.3. Nodal Impedance

In real-world traffic, vehicles are unavoidably affected by traffic signals when travers-
ing intersections.; therefore, considering only segment impedance is insufficient to capture
actual traffic conditions, and nodal impedance must also be incorporated [13]. During time
period k, the nodal impedance Hk

n,i of nodei is jointly determined by the signal cycle, green
ratio, segment saturation, and vehicle arrival rate, as expressed in Equation (4):

Hk
n,i =


Hk

n,1,i =
9

10

[
c(1−λ)2

2(1−λSk
ij)

+
(Sk

ij)
2

2q(1−Sk
ij)

]
, 0 ≤ Sk

ij ≤ 0.5

Hk
n,2,i =

c(1−λ)2

2(1−λSk
ij)

+
1.5Sk

ij(S
k
ij−0.6)

2

1−Sk
ij

, 0.5 < Sk
ij ≤ 2.0

(4)
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where Hk
n,1,i and Hk

n,2,i represent the nodal impedance values under different saturation
levels S during time period k; c, the signal cycle; λ, the green ratio; and q, the vehicle arrival
rate of the corresponding road segment. Detailed data are provided in Appendix A Table A1.

The impedance of urban road networks is influenced by both static and dynamic
factors, with saturation levels Sk

ij serving as the core variable. The specific calculation
method of the impedance model is presented in Equation (5):

wk
ij =


Zk

d,1,ij + Hk
n,1,i, 0 ≤ Sk

ij ≤ 0.5

Zk
d,1,ij + Hk

n,2,i, 0.5 < Sk
ij ≤ 1.0

Zk
d,2,ij + Hk

n,2,i, 1.0 < Sk
ij ≤ 2.0

(5)

where wk
ij is the impedance weight of time period k on road section dij.

2.1.4. Multi-Dimensional Transportation Network Model

Based on the preceding analysis, the transportation network and its impedance char-
acteristics can be quantified as a multi-dimensional transportation network model RT , as
shown in Equation (6):

RT = (Nr, Dr, Kr, Wr),



Nr = {nodei|i = 1, 2, . . . , n}
Dr =

{
dij
∣∣i, j = 1, 2, . . . , n, i ̸= j

}
Kr = {k|k = 1, 2, . . . , m}

Wr =
{

wk
ij

∣∣∣i, j = 1, 2, . . . , n, i ̸= j
} (6)

where Nr denotes the set of nodes comprising all intersections within the network; Dr, the
set of road segments covering all roads; Kr, the set of time intervals dividing the entire day
into m periods; and Wr, the set of impedance weights, recording the impedance of each
road segment during each time period.

2.2. Energy Consumption Model for EV Travel Based on Dynamic Road Impedance

After establishing the transportation network topology and dynamic road impedance
model, it is necessary to further convert the road traffic characteristics into energy con-
sumption indicators for EVs. Road impedance reflects vehicle operating states under
varying road conditions, while vehicle energy consumption serves as the key variable
for subsequent SOC evolution and the triggering of charging events. Therefore, this sec-
tion constructs a per-unit-distance energy consumption model based on the speed–flow
relationship and the previously derived road segment and node impedance results, to
characterize vehicle energy consumption under specific traffic conditions. This model takes
road impedance as input to compute the average energy consumption per segment, thereby
forming the foundation for trip-chain aggregation and total daily energy consumption
calculations in Section 3.

The speed–flow relationship indicates that during actual driving, vehicle speed de-
pends not only on road classification but also on instantaneous traffic flow and maximum
throughput constraints, which directly determine vehicle energy consumption and indi-
rectly influence the spatial–temporal distribution of EV charging demand.

Within the framework of the four-tuple transportation network model RT , Wr provides
the impedance weights of each road segment across different time periods. To convert
impedance information into the per-unit-distance energy consumption cap of EVs, the
travel time Tk

ij on segment dij during time period k is derived from the impedance weight
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wk
ij, and the average speed uij is then obtained according to the speed–flow relationship, as

expressed in Equation (7). 
uij = γ · dij

Tk
ij
+ (1 − γ) · Vij,0

1+

(
qk
ij

Cij

)β

Tk
ij = Φ(wk

ij) = α · wk
ij

(7)

Here, Vij,0 denotes the free-flow speed of road segment dij, representing the maximum
vehicle speed under ideal driving conditions, and γ is the velocity-weighting coefficient,
γ ∈ (0, 1). Based on empirical measurements from EV probe data, γ was set to 0.68, which
reflects realistic degradation of speed under congestion. Mapping Φ converts impedance
weight wk

ij into travel time Tk
ij, and α is the conversion coefficient. Through empirical fitting,

impedance-based travel times are matched to observed EV travel-time data collected from
EVs. The resulting value α is 1.12, ensuring a physically meaningful mapping aligned with
observed EV speeds.

The traction power Pij(uij) obtained from the vehicle dynamics model [14] can be
expressed as shown in Equation (8):

Pij(uij) =
1
η
(

1
2

ρCd Au3
ij + mg fruij) (8)

where η represents the powertrain efficiency; ρ, air density; Cd, aerodynamic drag coef-
ficient; A, frontal area; m, total vehicle mass; g, gravitational acceleration; and fr, rolling
impedance coefficient.

Finally, the per-unit-distance energy consumption capk
ij of the EV on segment dij

during time period k can be calculated using Equation (9).

capk
ij =

Pij(uij) · Tk
ij

dij
(9)

At this point, based on the transportation network topology, road impedance model,
and EV travel energy consumption model, a comprehensive EV energy consumption calcu-
lation method has been established. It provides a unified input foundation for subsequent
analyses: once the vehicle type and travel route are specified, its energy consumption and
SOC evolution can be computed for any time period. However, the charging demand of
vehicles depends not only on their energy consumption levels but also on their daily travel
behaviors and charging characteristics.

3. Analysis of EV Travel Behavior and Charging Characteristics
This section focuses on the analysis of EV travel and charging behaviors. First, the

probability distribution of starting and ending functional zones for different EV types
(PDOSE) is utilized to establish a theoretical basis for generating the OD probability matrix
CT . Then, based on the origin and destination pairs provided by matrix CT , the shortest
travel path is determined using the Floyd algorithm. Subsequently, considering the usage
characteristics of various types of EVs, corresponding charging behavior and charging
characteristic models are developed. Finally, based on the above analyses, an integrated frame-
work for predicting the spatiotemporal distribution of EV charging loads is proposed. Through
the analyses presented in this section, an organic linkage from “road energy consumption” to
“travel path generation” and further to “charging behavior” is achieved, providing a complete
theoretical foundation for the simulation and validation presented in the next section.
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3.1. Multi-Functional Zone-Based Transportation Network and Multi-Scenario Travel
Chain Analysis

This section analyzes vehicle travel chains under multi-scenario settings based on
the topology of a transportation network divided by multiple functional zones, thereby
providing a more accurate representation of the spatiotemporal travel characteristics of EV
groups and laying the foundation for subsequent charging load forecasting. The core study
area of this paper is the central district of a typical southwestern Chinese city. For this region,
a transportation network topology consisting of 30 nodes and 50 roads was constructed for
case simulation. The total road length of the study area is approximately 120 km, covering a
land area of about 82 km2. Detailed information on road length, classification, and capacity
is provided in Appendix A Table A2.

As shown in Figure 1, the transportation network topology of the study area was
constructed based on a multi-functional zoning model [15], which divides the urban space
into four main functional zones: residential, educational, office, and commercial zones. This
division better reflects the actual travel patterns of EVs under different usage scenarios. A
node functional zone identifier variable δi is introduced to indicate the type of area in which
each node nodei is located, where δi ∈ {1, 2, 3, 4} correspond to residential, educational,
office, and commercial zones, respectively.

 

Figure 1. Transportation network topology.

The concept of a travel chain refers to the sequence of linked travel destinations that
an individual visits within a specific time frame to perform one or several activities [16].
Travel chains can thus reveal the travel patterns of EV users over a given period. During the
modeling process, user travel is treated as a complex stochastic problem. By predefining the
functional classification of nodes and constructing complex travel chains, the user’s travel
behavior within a given time period can be quantitatively characterized, improving the ac-
curacy and realism of subsequent charging load demand analyses. As shown in Figure 1, the
typical complex travel chains can be summarized as Route(α) δi = (1 → 2 → 3 → 2 → 1) ,
Route(β) δi = (1 → 3 → 4 → 1) , and Route(γ) δi = (1 → 4 → 1) , respectively.

Considering the development of EVs in the study area and referring to the travel
characteristics and charging habits of different EV types in China, vehicles are classified into
three categories: private cars (Type I), taxis/ride-hailing cars (Type II), and other vehicles
(Type III). The travel behaviors of multiple types of EVs within the multi-functional-zone
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transportation network follow certain statistical regularities. In this study, the PDOSE
matrix is generated using a simple frequency-based approach. For each EV type, we
first count the number of daily trips originating from each functional zone (residential,
educational, office, commercial) and then compute the relative occurrence frequency, which
forms the probability distribution of trip origins. Similarly, the probability distribution of
trip destinations is obtained from the observed frequency of each functional zone serving
as a destination. By normalizing the joint origin–destination frequencies, the PDOSE matrix
is derived for each EV category and used as the basis for the Monte Carlo sampling of trip
starting and ending nodes. In addition, by further refining the four functional zones to their
constituent nodes, the OD probability matrix CT can be generated. Let δo and δd denote the
functional zone identifier variables of the origin and destination node, respectively. The
PDOSE is presented in Appendix A Table A3.

After randomly sampling the origin and destination of the j-th vehicle from the OD
probability matrix CT of the transportation network, the travel path is generated using the
Floyd algorithm, which yields all n nodes along the route. Let D0 denote the starting node,
Dn the destination node, and D1, D2, . . . , Dn−1 the intermediate nodes along the path. The
initial departure time is T0, and the time of arrival at node Di is Ti, with the travel time on
each road segment denoted as Tk

ij. In assuming that the initial battery state of the EV is Soc0,
and its remaining charge upon reaching node Di is Soci, i ∈ (0, n), the energy consump-
tion on each segment ∆Soc0, . . . , ∆Soci, . . . , ∆Socn−1 follows the relationship expressed in
Equation (10): {

Soci = ηsoc[Soci−1 − ∆Soci]

∆Soci = dij × capk
ij

(10)

where ηsoc is the loss coefficient representing the battery energy losses other than traction
energy consumption; dij, the driving distance between nodes Di−1 and Di; and capk

ij, the
energy consumption per unit distance for the given vehicle type.

Finally, the spatiotemporal variation in the battery state for the j-th vehicle can be
illustrated as shown in Figure 2.

Figure 2. The spatiotemporal variation in the battery state.

3.2. Charging Characterization Based on Multiple Types of EVs Analysis

After a user completes the trip and arrives at the destination, if the charging threshold
Socc is higher than the remaining battery level Socn, a charging demand is triggered. The
vehicle will then travel to the nearest charging station, where the dwell time consists of two
parts: queuing time and charging time.

Before simulating EV travel behaviors, it is necessary to analyze the key characteristics
within the travel chain. The temporal chain includes departure time, dwell duration in each
functional area, and return time, while the spatial chain primarily covers the trip origin
and destination. The three types of vehicles exhibit distinct differences in travel patterns,
dwelling behavior, charging mode, and SOC threshold settings. Detailed classification is
presented in Table 3.
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Table 3. Comparison of EV types and charging characteristics.

EV Types Typical Travel
Patterns

Dwelling
Characteristics

Primary Charging
Mode

Charging Threshold (Socc)
Distribution Remarks

Type I

Residential–office
commuting, with a

clear pattern of daily
commuting

Long residence time
and concentrated

spatial distribution

Slow charging as the
main focus,

destination fast
charging as the
secondary focus

Socc ∼
N(0.3, 0.12) Threshold Socc

Distribution satisfies
normal distribution

Consider healthy
charging and

discharging and users’
irregular travel

expectations

Type II
High randomness of
travel times and ODs,
high number of trips

Variable travel paths
and high-frequency

operation throughout
the day

Fast charging is the
main focus, with a
combination of fast

and slow charging on
the way to and at the

destination

Socc ∼
U(0.2, 0.3) Threshold Socc

Distribution satisfies
uniform distribution

Emphasis on
revenue-driven, low

owner charging
tolerance

Type III

Includes recreational
EVs, official EVs, etc.,
with a variety of tasks

and a wide
distribution

Long layovers and
randomization

of locations

Slow charging at the
destination, fast
charging while

traveling

Threshold Socc Trigger
charging at less than 20%

Buses were excluded
in this study due to

dedicated
charging pile

3.3. Spatiotemporal Prediction Process of EV Charging Load

The Monte Carlo method demonstrates strong effectiveness and consistency in large-
scale simulation experiments [17]; therefore, this study employed it to simulate EV travel
behavior and to predict the spatiotemporal distribution of charging load accordingly. The
specific process is illustrated in Figure 3 and can be summarized as follows:

1. Travel Chain and Probability Matrix Construction: Based on the PDOSE, the OD
probability matrix CT is generated as the input for Monte Carlo sampling.

2. Vehicle Initialization: At simulation time k, the Monte Carlo method is used to ran-
domly determine the initial location D0,j, departure time T0,j, and initial battery state
Soc0,j for the j-th EV.

3. Destination Generation: Destination Dn is determined through Monte Carlo sampling
based on OD probability matrix CT . If the origin and destination are the same, it is
assumed that the vehicle has no travel demand during this period.

4. Path Travel and Energy Consumption Calculation: Using travel chain analysis and the
Floyd algorithm, the travel path and passing nodes D1, D2, . . . , Dn−1 are obtained. The
vehicle departs from the origin, and the travel time Tk

ij for each road segment is deter-
mined based on the dynamic road impedance model. Then, using the traction power
formula from the vehicle dynamics model, the unit-distance energy consumption
capk

ij for each segment is calculated.

5. State Update: Upon arrival at destination Dn, the current simulation time and vehicle
state parameters are updated, and Dn is set as the starting point for the next trip.

6. Charging Determination: Based on the Soci evolution of the vehicle, it is determined
whether a charging demand is triggered, and the charging load, spatiotemporal
location, and duration are recorded.

7. Iterative Simulation: By repeating the above steps for multiple EV types across
different time periods, the travel trajectories and charging behaviors of the EV fleet
over a 24 h cycle can be obtained, from which the spatiotemporal characteristics of
the charging load are statistically derived.
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Figure 3. Flowchart of EV charging spatiotemporal load forecasting.

4. Simulation and Analysis
4.1. Analysis of the Spatiotemporal Distribution of EV Charging Demand

Based on the transportation network topology established in the previous section,
this study took a transportation network model—constructed from a typical distribution
network area in a southwestern Chinese city—as the research object. A simulation analysis
of the spatiotemporal distribution of the EV charging demand was conducted, considering
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different functional zones and vehicle categories. The total simulation period was set to
24 h. Vehicles that generate charging demand were assumed to adopt a combination of
slow and fast charging according to their types, with slow- and fast-charging power set at
7 kW and 60 kW, respectively. According to the actual conditions of the selected area, this
study assumed an EV penetration rate of 25% [18], introducing a total of 20,000 EVs within
the region: 12,000 private cars, 6000 taxis, and 2000 other vehicles. Representative models
and parameters of each EV category are presented in Table 4.

Table 4. Electric vehicle parameters.

EV Types Battery Capacity
C (kWh)

Powertrain Efficiency
η

Total Vehicle Mass
m (kg)

Rolling Impedance Coefficient
fr

Type I
A 60 0.85 1700 0.009
B 60 0.81 2000 0.015
C 45 0.78 2400 0.012

Type II A 52 0.85 1500 0.012
B 47.5 0.85 1600 0.015

Type III A 36.8 0.9 1500 0.015

As shown in Figure 4, the initial position distribution curves of different types of EVs
are obtained based on the PDOSE, functional zoning, and Monte Carlo sampling [19].

Figure 4. Initial position distribution curve.

Figure 4 shows that for the three categories of vehicles—private cars (Type I),
taxis (Type II), and other vehicles (Type III)—private cars are mainly located in residential
zones, with fewer starting positions in other zones. Taxis, due to their operational char-
acteristics, exhibit a relatively uniform spatial distribution. The number of other vehicles
is small and assumed to be evenly distributed in this study. The reasonable allocation of
different vehicle types according to functional zoning effectively enhances the accuracy of
subsequent EV travel and charging load predictions.

To ensure stable and reproducible simulation results, the Monte Carlo framework
used in this study was configured with 10,000 iterations for each EV’s daily trip-chain [20]
and SOC evolution. A fixed random seed (2025) was applied throughout the simulation
to maintain reproducibility. The simulation scale covered all 20,000 EVs, and preliminary
tests confirmed that the aggregated charging-demand results converge stably under this
configuration. The final spatiotemporal charging demand distribution is therefore obtained
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based on the converged Monte Carlo outputs. With the algorithm outlined in Section 3.3,
the charging load at each node was simulated and predicted over 24 hourly intervals,
yielding the spatiotemporal distribution of EV charging loads shown in Figure 5.

Figure 5. Spatiotemporal distribution of EV charging loads. Green represents residential zones, yellow
represents educational zones, blue represents office zones, and red represents commercial zones.

As shown in Figure 5, the overall distribution of the EV charging demand exhibits
a distinct dual-peak pattern. The majority of charging activities occur during two peak
periods [21]: 12:00–15:00 and 21:00–04:00. When considering the distribution across func-
tional zones, it is evident that residential zones exhibit nighttime charging peaks, while
office zones show daytime peaks. The charging demand [22] in educational and commer-
cial zones is relatively low, consistent with the general travel patterns and users’ realistic
charging preferences.

Figure 6 illustrates the distribution of charging demand across different types of electric
vehicles over a 24 h period. The horizontal axis represents time (h), and the vertical axis
represents the number of vehicles generating charging demand. Blue, orange, and green
correspond to private cars (Type I), taxis (Type II), and other vehicles (Type III), respectively.

As shown in Figure 6, the charging demand displays a distinct bimodal pattern: the
first peak occurs between midnight and early morning (0:00–5:00), mainly driven by private
cars charging in residential zones; the second peak appears from noon to late afternoon
(12:00–17:00), dominated by taxis, with some contribution from other vehicles. This distri-
bution reflects typical travel patterns [23]—private cars tend to recharge during nighttime
residence, while taxis utilize fast charging during daytime breaks or meal intervals. Over-
all, the charging periods of different vehicle types complement each other, resulting in a
day–night dual-peak pattern in total load, which validates the model’s effectiveness in
capturing realistic travel behavior patterns.

Figure 7 illustrates the spatial distribution of electric vehicle charging demand across
30 nodes within the study area. The horizontal axis represents the node indices, while the
vertical axis indicates the number of vehicles generating charging demand at each node.
Blue, orange, and green correspond to the three types of vehicles, respectively.

As shown in Figure 7, there are significant differences in charging demand across
the nodes. Some nodes show taller bars, indicating functional clusters or transportation
hubs where vehicles frequently dwell or pass through, resulting in concentrated charging
demand. In contrast, nodes with lower demand are mostly located at road termini or in pre-
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dominantly residential zones. Different vehicle types exhibit distinct spatial patterns [24]:
private cars are concentrated in residential zones, taxis are more evenly distributed, and
other vehicles tend to cluster around commercial and office zones. This result aligns closely
with the city’s functional zoning and mobility characteristics, demonstrating that the model
effectively captures the spatial clustering behavior of EVs across different zones.

Figure 6. EV charging demand by time period.

Figure 7. EV charging demand by node.

4.2. Comparative Analysis of Simulation Results

To verify the accuracy of the simulation results, the simulated EV charging demand at
each node is compared with the actual power grid load data of the corresponding nodes [25].
Representative nodes 1, 4, 23, and 30 were selected from the residential, educational, office,
and commercial zones, respectively, as shown in Figure 8.

Figure 8 compares the predicted and actual charging loads over a 24 h period
for four representative nodes: node 1 (residential zone), node 4 (educational zone),
node 23 (office zone), and node 30 (commercial zone). Overall, the predicted and measured
curves exhibit consistent trends across all regions, accurately capturing the characteristic
travel and charging patterns of EVs in different functional zones, thereby validating the
rationality and applicability of the proposed model.



Vehicles 2025, 7, 146 15 of 20

 
(a) (b) 

 
(c) (d) 

Figure 8. Comparison line charts of predicted charging load and actual load: (a) node 1 represents
the residential zone; (b) node 4, the educational zone; (c) node 23, the office zone; (d) node 30, the
commercial zone.

The charging load at the residential node shows a clear nighttime concentration, with
a significant peak occurring between 23:00 and 06:00, and a minor secondary peak from
12:00 to 14:00, consistent with private vehicle users returning home for slow charging after
work. The predicted results align closely with actual data, showing an MAPE of 4.6% and
an RMSE of 0.077 MW. This indicates that [26] the model effectively captures residential
nighttime slow-charging aggregation behavior, while minor deviations in peak values may
stem from holidays or unexpected travel fluctuations.

The load profile at the educational node is more pulsating, with peaks during the
morning rush (7:00–9:00) and noon (12:00–14:00), and a pronounced drop at night. This
matches the typical travel concentration around school and lunch hours. The predicted
curve follows the overall trend of the actual data [27], with an MAPE of 8.6% and RMSE of
0.091 MW. The relatively higher error arises from temporary campus events or parent pick-
up activities that cause sudden charging fluctuations, suggesting that further optimization
is needed for highly uncertain scenarios.

The office node shows a typical “high-daytime, low-nighttime” pattern, with a major
peak between 12:00 and 16:00, corresponding to concentrated recharging during working
hours. The predicted and observed curves nearly overlap, with an MAPE of 9.9% and
RMSE of 0.103 MW, indicating that the model accurately characterizes office area travel
and parking behaviors. As most vehicles here are used for fixed commutes and short
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business trips, the high regularity of travel patterns contributes to the model’s superior
fitting accuracy.

The commercial node’s load is mainly concentrated during the late-morning to mid-
afternoon period (11:00–16:00), gradually declining at night with a relatively wide peak
span. The predicted and measured curves agree well, with an MAPE of 8.3% and RMSE of
0.084 MW. This pattern matches the consumption behavior in commercial zones: daytime
retail, dining, and service activities drive concentrated fast-charging demand, while evening
traffic reduction lowers the load. Deviations mainly stem from holiday or promotional
surges, reflecting the high sensitivity of commercial charging patterns.

Overall, the peak-period deviations occur primarily in functional zones where short-
term, event-driven, or behaviorally irregular factors significantly influence EV arrival
rates. These localized fluctuations—such as school activities, commercial promotions, or
household schedule changes—are inherently difficult to fully capture in a probabilistic [28],
behavior-driven simulation framework. Nevertheless, the model demonstrates strong
temporal alignment with measured load profiles, and the remaining peak mismatches are
consistent with real-world behavioral variability.

To analyze the results, different dimensions must be considered, focusing on represen-
tative time periods. Table 5 summarizes the distribution of the total charging loads across
different functional zones during representative time periods within a day, as well as their
prediction errors compared with actual loads.

Table 5. Average charging load distribution by functional zone over time.

Period
(23:00–6:00)

Period
(6:00–13:00)

Period
(13:00–19:00)

Period
(19:00–23:00)

Mean Load
(MW) MAPE Mean Load

(MW) MAPE Mean Load
(MW) MAPE Mean Load

(MW) MAPE

Residential Zones 14.58 4.4% 6.03 5.0% 16.65 4.7% 15.57 4.4%
Educational Zones 4.21 7.6% 2.60 7.8% 7.65 7.9% 3.95 7.2%

Office Zones 7.31 8.7% 8.76 9.3% 19.82 9.8% 5.25 9.1%
Commercial Zones 4.08 6.2% 7.44 7.1% 9.78 6.7% 5.52 6.4%

In summary, the spatiotemporal characteristics of EV charging loads [29] across the
four functional zones align closely with actual urban travel patterns: residential zones
feature nighttime slow charging, educational zones show short daytime peaks, office zones
are concentrated around midday and afternoon, and commercial zones are dominated by
daytime fast charging. The MAPE across the four nodes remains below 10%, demonstrating
the model’s high precision and general applicability.

4.3. Discussion

The present study relies on several necessary assumptions that may constrain general-
izability. The OD probability matrix is derived from functional zone distributions rather
than long-term, high-resolution GPS trajectories; while this approach offers good inter-
pretability and avoids reliance on large-scale proprietary datasets, it may underrepresent
rare trips or atypical mobility behavior. Similarly, the SOC threshold distributions and
charging preferences are modeled at the category level and do not include price-sensitive
or opportunistic charging strategies, which may become increasingly important as dynamic
pricing mechanisms mature. The assumption of a fixed EV penetration rate and fleet
composition also reflects the current conditions of the study area but cannot fully account
for the rapid evolution of EV technologies and user preferences. These assumptions do
not undermine the current results, but they represent important considerations for future
extensions of the model to long-term scenario analysis.
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Despite these limitations, the proposed framework offers meaningful implications
for real-world planning and operation. By linking dynamic road impedance, trip-chain
evolution, real-time energy consumption, and charging trigger behavior into a unified
process, the model provides a realistic representation of how charging loads form across
time and space. This makes it directly applicable to charging station siting, sizing, and
functional zone-based configuration strategies. The load profiles at the four representative
nodes show that areas with strong travel regularity (e.g., office districts) are suitable for
orderly charging load management and potential demand–response strategies, whereas
zones with high stochastic behavior (e.g., commercial districts) may require more flexible
fast-charging deployment to accommodate short-term demand surges. These patterns
reveal actionable insights for cities seeking to balance infrastructure investment, parking
availability, and grid operational constraints [30].

Finally, while the present case study focuses on a southwestern Chinese city’s distri-
bution network region, the modeling framework itself can be transferred to other urban
systems, provided that key behavioral and traffic flow parameters are recalibrated to local
conditions. The functional zone structures, cultural mobility habits, and market penetration
of different EV types will influence the spatiotemporal patterns of charging demand. Thus,
although the framework is generalizable, the numerical outcomes should be interpreted
as city-specific. Future work may incorporate trajectory-based OD estimation, adaptive
parameter evolution, and multi-year scenario simulation to further enhance applicability
across diverse urban contexts.

5. Conclusions
Given that EVs serve both as means of transportation and mobile power loads, this

work emphasizes constructing a multi-dimensional transportation network model that
accounts for the dynamic influence of road impedance. The OD probability matrix ap-
proach is applied to describe EV travel behavior in a probabilistic and categorized manner,
improving the overall reliability and precision of spatiotemporal charging load forecasting.

In the case study, charging demand patterns differ markedly among various functional
areas and partly coincide with the peak periods of the local power grid. This suggests the
need for targeted planning and operational strategies for different EV types and regional
functions. The comparison between simulated and observed results shows that the pre-
dicted spatial distribution of EV charging demand [31] matches real-world conditions well.
The developed spatiotemporal load prediction model accurately reflects residents’ travel
habits, and its results are consistent with both theory and practice, confirming the model’s
validity and robustness.

Overall, the findings of this study offer valuable theoretical insights and technical
guidance for future research on the siting, sizing, and operational optimization of integrated
PV–storage–charging infrastructures.
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Appendix A

Table A1. Node feature data.

Node
nodei

Signal Cycle
c (s)

Green Ratio
λ

Vehicle Arrival Rate
q

1 60 0.5 0.4
2 80 0.5 0.4
3 60 0.5 0.4
4 70 0.5 0.4
5 60 0.5 0.4
6 90 0.5 0.4
7 60 0.5 0.4
8 80 0.5 0.4
9 70 0.5 0.4

10 90 0.5 0.3
11 60 0.5 0.4
12 90 0.5 0.4
13 60 0.5 0.4
14 100 0.5 0.3
15 90 0.5 0.3
16 90 0.5 0.4
17 120 0.5 0.3
18 90 0.5 0.3
19 120 0.5 0.3
20 70 0.5 0.4
21 110 0.5 0.3
22 90 0.5 0.3
23 120 0.5 0.4
24 120 0.5 0.4
25 60 0.5 0.3
26 90 0.5 0.3
27 120 0.5 0.3
28 110 0.5 0.3
29 120 0.5 0.3
30 120 0.5 0.3

Table A2. Road segment feature data.

Road
Segment

(i,j)

Lengths
dij

(km)

Road
Class

Free-Flow
Speeds Vij,0

(km/h)

Morning
Peak Sij

(7–9)

Morning
Sij

(9–12)

Noon Sij
(12–14)

Afternoon
Sij

(14–17)

Evening
Peak Sij
(17–19)

Evening
Sij

(19–23)

Other Time
Periods Sij

1–2 2.8 I 90 1.0 0.3 0.8 0.6 1.2 0.4 0.3
1–12 4.1 I 100 0.9 0.3 0.7 0.5 1.1 0.3 0.2
1–14 3.6 II 50 1.1 0.5 0.9 0.7 1.3 0.5 0.4
2–3 5.1 I 90 0.9 0.3 0.7 0.5 1.1 0.3 0.2
2–15 2.9 II 60 1.2 0.6 1.0 0.8 1.4 0.6 0.4
3–4 3.4 I 85 1.0 0.3 0.8 0.6 1.2 0.4 0.3
4–5 2.5 I 90 1.2 0.6 1.0 0.8 1.4 0.6 0.4
4–18 2.5 II 55 1.0 0.3 0.8 0.6 1.2 0.4 0.3
5–6 2.6 I 90 1.1 0.6 1.0 0.8 1.3 0.6 0.4
5–19 2.7 I 80 1.0 0.3 0.8 0.6 1.2 0.4 0.3
6–7 1.5 I 90 1.2 0.6 1.0 0.8 1.4 0.6 0.4
6–20 1.6 II 50 1.1 0.3 0.9 0.6 1.3 0.4 0.3
7–8 1.6 I 90 1.1 0.5 0.9 0.7 1.3 0.5 0.4
7–21 1.4 I 90 0.9 0.3 0.7 0.5 1.1 0.3 0.2
8–9 2.3 I 80 1.0 0.3 0.8 0.6 1.2 0.4 0.3
8–22 2.4 II 60 1.1 0.5 0.9 0.7 1.3 0.5 0.4
9–10 2.1 I 90 1.0 0.3 0.8 0.6 1.2 0.4 0.3
9–23 1.7 II 60 1.1 0.5 0.9 0.7 1.3 0.5 0.4

10–11 2.2 I 90 1.0 0.3 0.8 0.6 1.2 0.4 0.3
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Table A2. Cont.

Road
Segment

(i,j)

Lengths
dij

(km)

Road
Class

Free-Flow
Speeds Vij,0

(km/h)

Morning
Peak Sij

(7–9)

Morning
Sij

(9–12)

Noon Sij
(12–14)

Afternoon
Sij

(14–17)

Evening
Peak Sij
(17–19)

Evening
Sij

(19–23)

Other Time
Periods Sij

10–24 1.2 II 50 1.2 0.6 1.0 0.8 1.4 0.6 0.4
11–12 3.2 I 85 1.2 0.6 1.0 0.8 1.4 0.6 0.4
11–13 2.7 II 55 1.0 0.4 0.8 0.6 1.2 0.5 0.4
11–24 1.4 II 50 1.1 0.5 0.9 0.7 1.3 0.5 0.4
12–13 1.6 I 70 1.1 0.5 0.9 0.7 1.3 0.5 0.4
13–14 3.3 I 70 1.1 0.5 0.9 0.7 1.3 0.5 0.4
13–25 1.0 II 60 1.1 0.5 0.9 0.7 1.3 0.5 0.4
14–15 3.4 II 60 1.0 0.4 0.8 0.6 1.2 0.5 0.4
14–30 2.4 III 40 1.2 0.6 1.1 0.8 1.4 0.7 0.4
15–16 2.5 II 50 1.0 0.5 0.9 0.7 1.3 0.5 0.4
15–29 2.3 III 40 1.2 0.6 1.1 0.8 1.4 0.7 0.4
16–17 1.9 III 40 1.3 0.7 1.2 0.8 1.5 0.8 0.4
17–18 1.7 II 60 1.1 0.5 0.9 0.7 1.3 0.5 0.4
17–29 1.5 III 40 1.3 0.7 1.0 0.9 1.5 0.8 0.4
18–19 2.5 II 50 1.0 0.3 0.8 0.6 1.2 0.5 0.3
19–20 1.4 II 60 1.0 0.5 1.0 0.7 1.3 0.5 0.4
19–28 2.3 III 30 1.2 0.7 1.1 0.9 1.5 0.9 0.4
20–21 2.1 II 55 1.1 0.3 0.9 0.6 1.4 0.4 0.3
20–27 2.3 III 40 1.4 0.7 1.1 0.8 1.6 0.8 0.5
21–22 1.6 II 50 1.0 0.5 0.9 0.7 1.3 0.4 0.4
22–23 2.9 II 50 1.1 0.4 0.8 0.6 1.2 0.5 0.4
22–27 2.8 III 40 1.4 0.7 1.2 0.9 1.7 0.9 0.5
23–24 2.6 II 50 1.1 0.4 0.9 0.6 1.2 0.5 0.4
23–26 2.1 III 40 1.3 0.7 1.0 0.8 1.5 0.7 0.4
24–25 1.8 III 30 1.2 0.6 1.1 0.8 1.5 0.8 0.3
25–26 2.4 II 50 1.0 0.6 0.9 0.8 1.3 0.5 0.4
25–30 3.0 II 50 1.0 0.3 0.8 0.7 1.2 0.4 0.3
26–27 2.5 II 50 1.1 0.5 0.8 0.6 1.4 0.5 0.4
27–28 2.2 II 50 1.1 0.3 0.9 0.7 1.2 0.4 0.3
28–29 2.0 III 30 1.2 0.6 1.1 0.8 1.4 0.7 0.5
28–30 1.5 II 50 1.0 0.5 0.9 0.7 1.3 0.6 0.4

Table A3. PDOSE.

δd

δo 1 2 3 4
I II III I II III I II III I II III

1 0.05 0.05 0.06 0.1 0.04 0.06 0.1 0.08 0.09 0.1 0.08 0.05
2 0.15 0.09 0.07 0.02 0.07 0.08 0.02 0.06 0.06 0.03 0.07 0.07
3 0.2 0.06 0.05 0.03 0.05 0.05 0.02 0.07 0.07 0.02 0.05 0.06
4 0.1 0.06 0.06 0.01 0.08 0.07 0.03 0.04 0.03 0.02 0.05 0.07
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