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With increasing demand of electric vehicles (EVs), problems such as insufficient EV charging piles 
and unreasonable layout of EV charging stations are also becoming prominent. New challenges are 
introduced to the planning of urban EV charging infrastructures. To effectively plan the charging 
facilities, accurately predicting EV charging loads is essential. The present study proposes a spatio-
temporal distribution prediction model for EV charging loads in transportation-power coupled 
network (TPCN). First, path planning is performed separately using the Dijkstra algorithm and refined 
origin-destination (OD) probability matrix based on the travel characteristics of various vehicle 
types. The charging selection model is then formulated considering multiple compelling factors, 
such as transportation conditions, ambient temperature, rest days and so on. Furthermore, the 
transportation-power coupled network is established based on the graph-theoretic analysis approach, 
and the spatial and temporal distribution characteristics of charging loads are predicted by Monte 
Carlo simulation. Finally, a case study is conducted in an actual urban region. The results show that 
EV charging load presents significant differences in different functional areas, different time periods 
and scenarios, and the proposed method can accurately predict the spatial-temporal distribution of 
charging load. This study represents a reliable approach for predicting charging demand in a certain 
region, and also provides powerful support for the rational planning of EV charging stations.

Keywords  Transportation-power coupled network (TPCN), Electric vehicles, Spatio-temporal, Power flow 
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Due to the exacerbation of global warming, the depletion of fossil fuels, and increasing environmental pollution, 
countries are actively promoting the transition from fossil fuels to clean energy sources to reduce carbon 
emissions. The transportation sector is one of the largest contributors to greenhouse gas emissions. In recent years, 
the growing popularity of electric vehicles (EVs) is driven by their low energy consumption, zero emissions and 
other environment benefits. These advantages have contributed to the rapid development of EVs as a sustainable 
mode of transportation, with increasing market penetration. In 2020, global EV sales increased by 43% from 
the previous year, reaching a 4.6% market share of the global automotive industry. EV sales continued to grow 
significantly in 2021, doubling to 6.75 million units. By 2022, more than 10 million EVs were sold, accounting 
for 14% of all new car sales. This growth resulted in over 26 million EVs on the road globally, a 60% increase 
compared to 2021. Although full electrification remains a distant goal, the rapid expansion of the EV market 
is undeniable. However, the current planning of EV charging stations still lacks mature theoretical guidance. 
This has led to disorganized expansion and an imbalance in the utilization of charging infrastructure. Some 
charging stations remain underutilized, while others experience overload. This situation not only waste public 
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resources but also cause significant inconvenience to the public. Besides, the transition to EVs can introduce 
new operational and design challenges for grid operators1. For example, random and disorganized mobile loads 
which can potentially affect grid stability. Uncoordinated connections of large numbers of EVs during peak 
load periods can lead to grid congestion, voltage fluctuations, higher network losses, and compromising grid 
reliability2.

The EV charging market is currently in its early stages, with uncertainties surrounding the planning 
of charging infrastructure and service provision3. The penetration of EVs as an emerging electrical load for 
distribution network has drawn attention4. Besides, the rapid growth in the penetration rate of renewable energy 
places higher demands on the grid’s ability to adjust flexibly. Due to their dual role as both a source and a load, 
along with their flexibility and mobility, EVs can participate in demand response programs to help achieve 
peak shaving and valley filling. This is of great significance for promoting sustainable energy development and 
reducing carbon emissions.Therefore, accurate prediction of the spatial and temporal distribution of EV charging 
loads is crucial for optimizing charging station layouts and managing urban power distribution systems. This is 
particularly urgent as the increasing number of EVs amplifies the complexity and unpredictability of charging 
load distributions5–7. To support the rational planning and layout of charging infrastructure, as well as to assess 
the impact of EV integration on the distribution grid, this research aims to develop a method for accurately 
predicting the spatio-temporal distribution of EV charging load demand.

Literature review
During the past decade, various researchers have proposed different prediction models for EV charging load 
considering EV usage behaviors, including travel, parking and charging activities8,9. One of the common 
approaches in existing studies involves utilizing probabilistic statistics to model the specific behavior of EVs, 
based on characterizing vehicle or user behavior. This includes the development of sub-models such as the 
EV usage pattern model, the charging choice model, and the smart charging response model10. Additionally, 
analyzing historical charging event data is also frequently employed to forecast EV charging demand. However, 
this method may not yield accurate estimates of future demand due to its limited capacity to account for evolving 
trends and uncertainties.

In the field of electric vehicle charging load forecasting, numerous studies have approached the problem 
from diverse perspectives, employing a range of methodologies and giving rise to various research trajectories. 
For instance11, employed truncated Gaussian distributions to model EV arrival and departure times and State 
of Charge (SOC), with a particular focus on the statistical characteristics of scenario simulations. In a more 
advanced approach12, presented a dynamic prediction model for EV charging loads under different scenarios 
by constructing a spatio-temporal framework that integrates the Markov decision process and Monte Carlo 
simulations13. conducted a Monte Carlo simulation of EV charging in a residential community, using an agent-
based EV charging model (ABM) to investigate the effects of different EV penetration levels and user charging 
decisions on the New Zealand power grid in residential area.

Furthermore, data-driven approaches have also been widely employed in EV charging load forecasting. For 
example14, utilized smartphone navigation data to map the temporal and spatial patterns of EV owners’ charging 
activities, providing a robust foundation for future infrastructure planning. Similarly15, developed a charging 
load prediction framework based on stochastic user equilibrium and trip chaining, with a specific focus on 
modelling EV driving behavior under synchronous traffic conditions.

Cluster analysis methods have also been employed in this field5. classified EV users with different 
characteristics using a two-step Gaussian Mixture Model and k-means clustering approach, and subsequently 
predict the charging demand by simulating trip chains16. explored the spatial distribution of charging demand 
across different locations, employing an agent-based trip chain model (ABTCM) to analyze these distribution 
patterns in greater detail.

In the context of user behavior modeling17, employed a Bayesian approach to establish transfer relationships 
between activities and proposes a charging demand prediction framework that accounts for users’ bounded 
rationality. In contrast18, focused more on capturing user attitudes and preferences within individual decision-
making processes, utilizing the cumulative prospect theory (CPT) framework. Additionally19, explored the 
influence of social characteristics on charging behavior, and investigate the evolving patterns of daily charging 
loads across diverse demographic and social attributes.

In addition, in order to mitigate the possible adverse impact on the power grid after large-scale EVs are 
connected to the grid, many studies are devoted to user-side management strategies and charging stations 
technology development20. developed an indirect control strategy based on price elasticity, which adjusts the 
charging behavior of EV users to cope with the capacity limitations of charging stations and power grids21. 
explored the different types of control strategies, including indirect and direct control, which have important 
implications for how to manage and optimize the growing EV charging demand22. presented a bidirectional 
energy management system that integrates a solar photovoltaic (PV) array, a battery energy storage (BES), a 
diesel generator (DG) set, and a grid-based electric vehicle (EV) charging station (CS) to alleviate the pressure 
on the grid caused by EV charging behavior. To manage the energy of EVs with uncertain charging state23, 
proposed a smart radial distribution network with an aggregator, power market, G-2-V, and V-2-G facility.

In conclusion, numerous studies have explored various aspects of EV charging load prediction, employing 
diverse methodologies and theoretical frameworks. While existing research has made notable progress, much 
of it focuses on predicting the overall charging load at regional or city-wide levels. However, there remains a 
significant gap in accurately capturing the spatial and temporal distribution of charging loads. Additionally, 
data-driven models are often limited in their ability to account for uncertainties in future scenarios. These 
limitations highlight the need for a more comprehensive forecasting approach that can precisely model the 
spatial and temporal dynamics of EV charging loads across different scenarios. In response to these challenges, 
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this paper proposes a methodology that integrates both transportation and power distribution networks while 
incorporating multiple influencing variables. This approach not only addresses the evolving demands of the EV 
landscape but also offers more reliable decision-making support for the planning of charging infrastructure and 
grid management.

Novelty and key contributions
This paper constructs a spatio-temporal distribution prediction model for EVs charging load in transportation-
power coupled network. The contributions are as follows:

	(1)	� The method proposed in this study is based on the transportation-power coupled system, which can make 
a more precise prediction of the charging demand of EV users in cities.

	(2)	� Unlike previous studies that typically tend to focus on the influence of one or two factors, by considering 
multiple uncertain factors, this research provides predictions that are closer to real-world conditions, en-
hancing the accuracy and reliability of the method.

	(3)	� This study establishes multiple scenarios for simulation analysis. By comparing the distribution results of 
different scenarios, the rules can be showed more comprehensively, thereby laying a reliable foundation for 
subsequent research.

Paper layout
The structure of this paper is organized as follows. Section 2 analyzes of the travel characteristics and routes of 
different types of EVs using the Dijkstra algorithm. It establishes a model for the EV power consumption and 
charging behavior, introduces the construction methods of the transportation network and power distribution 
network models, and proposes a charging load prediction method based on the spatial and temporal distributions 
of EVs across multiple scenarios. Section  3 introduces the methods and presents a complete framework for 
predicting the spatio-temporal distribution of regional EV charging loads, which is validated using data from a 
real urban area and discussed in detail in Sect. 4. Finally, Sect. 5 summarizes the key findings of the study and 
suggests potential directions for future research.

Spatio-temporal distribution prediction model of EVs charging load in TPCN
EVs classification and mobility characterization
EVs can be broadly classified into two main categories: passenger cars and commercial vehicles. Passenger cars 
are primarily designed and engineered for transporting passengers and their luggage, with a seating capacity 
of up to nine, including the driver. Commercial vehicles, on the other hand, encompass all goods vehicles and 
buses with more than nine seats. Given the current landscape of electric vehicle development and the distinct 
functions of these vehicles types, passenger cars are typically subdivided into three categories: private cars, 
taxis and official vehicles. Commercial vehicles can be further classified into buses, express logistics vehicles, 
sanitation vehicles, and engineering repair vehicles (which specifically include emergency repair vehicles for 
utilities, such as electricity and drainage, but excluding large-scale engineering and freight vehicles). Unlike 
passenger cars, commercial vehicles tend to follow more fixed routes and have predictable charging locations. 
Therefore, this study focuses on the analyzing the travel behavior and predicting the charging loads for electric 
vehicles within the passenger car category.

Characterization of commuter trips by private EVs
The demand for user charging is closely linked to travel patterns. Predicting the expected electricity demand for 
EVs based on the travel characteristics of EV users has been demonstrated to be an effective approach24. A robust 
characterization of user travel demand within urban transportation networks provides a critical foundation for 
accurately forecasting the charging loads.

For EVs, a trip typically comprises three key events - departure, destination parking, and a potential charging 
event at the destination or parking lot25. The routes taken by private EVs are generally more predictable, 
primarily revolving around commutes between residential and work locations26. EV usage tends to peak during 
morning and evening commuting hours, with significantly lower activity throughout the rest the day. Private 
EVs are often parked at workplaces or offices during the day on weekdays, and at home during the evenings. 
This results in extended parking periods, particularly overnight when charging opportunities are more readily 
available. Additionally, weekends or holidays may see an increase in travel frequency and longer trips, including 
the possibility of occasional long-distance travel.

The trip chain analysis method can effectively simulate the daytime travel behavior of private EV users, 
closely mirroring actual user routines. A Trip chain refers to the sequence of travel activities an individual 
undertakes, delineated by changes in time and location. It involves the process by which an individual departs 
from an origin point, at a specific time, uses a particular mode of transportation, visits multiple destinations in 
a defined order, and eventually reaches the final destination, completing the journey27. The National Household 
Travel Survey (NHTS) data, which provide comprehensive transportation statistics, including details on the 
date, origin, destination, and purpose of each trip. According to NHTS2022 data, residential travel is dominated 
by simple chains, where both origins and destinations are primarily home locations, and the longest chain length 
is three. Given the primary purpose of many trips, it is reasonable to assume that brief stops are less likely to 
result in charging events.

The primary travel behaviors of private EVs and the proportion of trips associated with each activity are 
outlined in Table 128,29. Based on the functional characteristics of urban areas, five types of travel destinations 
can be classified: home (H), work (W), shopping malls (SR), leisure places (SE) and other locations (O).
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Where,µandσrepresent the mean and variance of the initial moments corresponding to distinct trip chains, 
respectively. The specific parameters for these distribution are provided in Table 228,29:

Electric taxis travel characterization
Electric taxis operate in shifts, providing near-continuous service throughout the day. Due to their intensive 
operational nature, they accumulate significantly higher daily mileage compared to private cars, making more 
trips and covering longer distances. Stops are typically brief, occurring primarily when passengers are picked up, 
dropped off, or while waiting for new passengers. The high degree of randomness in taxi destinations, driven by 
unpredictable passenger demand, makes route forecasting challenging. Charging is generally required during 
service breaks or at shift changeovers, creating a limited window for recharging during operational hours. 
Consequently, fast charging solutions are often necessary, while slow charging usually takes place during shift 
transitions in the early morning hours.

Electric taxis primarily transport passengers during the day, with peak operating hours occurring between 
6:00 p.m. and 8:00 p.m. Based on the fitted data presented in the literature30, the initial travel times follow the 
probability distribution in Eq. (2):
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Where, λ1= 0.389, α1= 7.046, β1= 1.086, λ2= 0.066, α2= 15.610, β2= 9.667.

Official EVs travel characterization
Official EVs serve a wide range of purposes, encompassing government, commercial and specialized. The routes, 
origins, and destinations of these EVs are more varied, as they often accommodate both work-related official 
travel and personal use. Official EVs typically make frequent trips with irregular driving patterns, often entering 
and leaving different locations multiple times throughout the day. Due to the diverse nature of their tasks, the 
timing and location of their recharging are more dispersed. This can result in charging requirements conflicting 
with the need for immediate availability during emergency tasks, thus placing higher demands on the strategic 
placement and scheduling of charging infrastructure.

The majority of initial travel times for official EVs are concentrated during two distinct periods: 7:00–9:00 
in the morning and 18:00–20:00 in the evening, exhibiting a typical double-peak pattern. In this study, the 
statistical data of official car travel times have been analyzed and fitted, and the probability distribution for the 
initial travel times is expressed in Eq. (3):

	

f(ts) = a0 + a1 · cos(w · ts) + b1 · sin(w · ts)
+ a2 · cos(2 · w · ts) + b2 · sin(2 · w · ts)

� (3)

Parameters Values

Departure time from home on weekdays N (6.92, 1.24)

Departure time from the company N (17.47, 1.8)

Time spent in shopping malls/leisure venues/other places on weekdays N (2, 0.5)

Departure time from home on weekends (morning) N (8.98, 3.24)

Departure time from home on weekends (afternoon) N (16.47, 3.41)

Time spent in shopping malls/leisure facilities/other places on weekends N (6, 3)

Table 2.  Trip chain parameters.

 

Date type Serial number Trip chain Proportion (%)

Weekdays

C1 H-W-H 55.97

C2 H-W-SR/SE/O-H 20.34

C3 H-SR/SE/O-H 23.69

Weekends

C4 H-SR/SE/O-H 35

C5 H-SR/SE/O-H 35

No travel 30

Table 1.  Proportion of private EVs by trip chain. Typical commuting trip chains both begin and end at 
residential areas. Each trip chain is broken down into multiple “trip segments”, with the start time of each 
segment following a normal distribution, as shown in Eq. (1):
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Where, a0= 24.58, a1=-16.06, b1=-14.28, a2= 2.119, b2=-10.88, w = 0.2887.

Trip path analysis based on modified OD probability matrix
Due to the high uncertainty in the routes of electric taxis and official cars, the Origin-Destination (OD) analysis 
method, which can effectively capture the road peer flow information, is utilized for path planning. TheOD
matrix represents the traffic flow between all origins and destinations within the transportation network. Bu 
using traffic flow observation data provided by the traffic department, it is possible to determine the volume 
of electric vehicle traffic on the roads during different time periods. With the aid of TransCAD, inverse traffic 
modelling is employed to derive OD matrices for varying time periods31. By dividing a day into m time periods, 
the OD matrix consists of m submatrices Bt,t+1

n×n , where n is the number of nodes in the region. Each submatrix 
contains details about the probability of travelling between an origin and destination for each road during the 
time period t to t + 1. According to Eq. (4), the probability of a vehicle travelling from node i to node j at time 
t is calculated32:

	
Ct,t+1

ij =
bt,t+1

ij∑n

j=1 bt,t+1
ij

, (1 ≤ i ≤ n, 1 ≤ j ≤ n, i ̸= j)� (4)

Where, bt,t+1
ij  denotes the vehicle traffic between the origin node i and the destination node j during the time 

period t to t + 1; Ct,t+1
ij  represents the trip probability of an EV starting at node i and selecting node j as its 

destination within the same time period. The OD probability matrix K for the period t to t + 1 is then defined 
by Eq. (5):

	

K =
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EVs generate destinations through random sampling based on OD probability matrix according to their type 
and the specific time period.

In this study, the original OD matrix is dynamically adjusted. gt,t+1
ij  denote the difference in traffic flow from 

node i to node j during the time period t to t + 1, calculated as:

	 gt,t+1
ij =

∣∣bt+1
ij − bt

ij

∣∣� (6)

The diagonal elements of the corrected OD matrix represent the adjusted traffic flow from the current node i to 
itself. Let Bt

ij  denote the corrected vehicle traffic between the origin node i and the destination node j during the 
time period from t to t + 1, calculated as follows:

	
Bt

ij =
n∑

j=1

gt1,t2
ij � (7)

After the dynamic correction of the OD matrix, the trip probability of selecting a destination can be calculated 
using Eq. (8):

	
Ct,t+1

ij =
Bt,t+1

ij∑n

j=1 Bt,t+1
ij

, (1 ≤ i ≤ n, 1 ≤ j ≤ n, i ̸= j)� (8)

The traffic situation undergoes dynamic changes throughout the day, particularly during the morning and 
evening rush hours as well as the midday lull, where traffic flows vary significantly. By dynamically correcting 
the OD matrix to account for the possibility of vehicles remaining stationary at a given location, the model’s 
accuracy can be significantly enhanced, making it more reflective of the real traffic conditions.

EVs power consumption calculation
Velocity-flow model
In the urban traffic system, the travel speed of EVs is primarily influenced by road capacity and traffic flow. To 
accurately simulate the EV travel process, this study adopts the practical speed-flow model described in the 
literature33. vij(t), the speed of a vehicle travelling on road segment R(i, j) at time t, can be described by Eq. (9):

	




vij(t) = vij(m)

1 + [ qij (t)
cij

]
β

β = a + b · [ qij(t)
cij

]θ
� (9)
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Where, vij(t) represents the free flow speed for road(i, j), andcij  is the maximum capacity of road(i, j),which 
is related to the road class; qij(t) is the volume of traffic on road(i, j) at time t; The ratio of qij(t) and cij  is the 
road saturation at moment t. The term β is an empirical coefficient; while a, b, θ are the adaptive coefficients for 
different road classes, respectively.

In this paper, roads are classified into two categories. For Class I (Arterial Roads), the adaptive coefficients a, 
b, θ are 1.726, 3.15, and 3, respectively. For Class II (Secondary Arterials), the corresponding values are 2.076, 
2.870, and 3.

Energy consumption calculation
The energy consumption per unit mile of an Ev’s battery is influenced by several factors, including ambient 
temperature, traffic conditions and the use of the air conditioning systems34–37. These factors, in turn, affect 
the vehicle’s charging load. While many studies focus on the chemical and physical properties of the batteries 
when predicting charging loads, they often overlook the real-world driving conditions of EVs. Since the average 
driving speed varies significantly across the road classes, it impacts the energy consumption of EVs. The energy 
consumption per unit mile for EVs across various road classes can be expressed as38:

	




Ef = 0.247 − v

250 + 1.520/v + 2.992 × 10−5v

Ea = −0.179 + 0.004v + 5.492/v

Es = 0.210 − 0.001v + 1.531/v

Eb = 0.208 − 0.002v + 1.553/v

� (10)

Where Ef , Ea, Es and Eb denote the energy consumption per unit mile for Expressways, Arterial Roads, 
Secondary Arterials and Collector Roads, respectively.

In this paper, we focus on the energy consumption per unit mile for EVs under varying temperature conditions, 
considering the impact of air conditioning usage. This is expressed as the ratio of the energy consumption per 
unit mile with the air conditioning turned on to that with the air conditioning off. The higher this ratio, the 
greater the energy consumption per unit mile of the EV when air conditioning is in use. After fitting the data, 
the temperature-energy ratio coefficient of the battery Ktemp is calculated using Eq. (11)39:

	 Ktemp = 0.0001 × (T − 11)2 + 1.1894� (11)

Where T is the current ambient temperature.
According to the curve fitting results in Eq. (11), the actual unit energy consumption E of an EV travelling on 

the current road r at the current temperature T with the air conditioning on is given by:

	 E = Ktemp · Er � (12)

Where, Er  is the standard energy consumption for the specific road class r, taking the values of Ef , Ea, Es and 
Eb, respectively.

EVs charging behavior model
The charging choice model formulates the decision-making process of EV user when selecting a specific 
charging location, taking into account the flexibility in charging time, power using time, spatial factors, and 
energy consumption parameters to predict the demand for EV charging10. In this study, a charging demand 
model is constructed based on a detailed analysis of the charging characteristics of different types of EVs. This 
model aims to accurately describe the charging behavior of EV users at specific nodes.

Analysis of EVs charging behaviors
The travelling patterns of electric private cars are characterized by long parking duration, sufficient charging 
windows, and relatively fixed driving destinations. Key charging locations for these vehicles include office areas, 
residential zones, large-scale superstores, and integrated commercial-residential areas. Given that high-power 
fast charging may lead to fast battery degradation3, slow charging is typically preferred by private car users. 
Numerous studies on EV charging behavior and travel data suggest that the battery range of EVs is generally 
sufficient for most users’ urban travel needs, making emergency charging a rare occurrence. Therefore, private 
EV users tend to charge at home or at work rather than at public charging stations40,41.

Private car owners usually weigh the advantages and disadvantages of charging at different locations. For 
example, public charging stations typically charge fees, which may be higher than those incurred at home 
or workplaces, but they often come with perks such as reserved parking spaces at leisure ord entertainment 
venues42. In general, most private EV charging events occur at home43, followed by workplaces or commuting 
locations40. Nighttime charging at night is preferred by users due to its greater convenience and flexibility than 
daytime charging. Therefore, in this paper, the charging behavior of private cars is modeled by considering the 
need to charge upon arrival at a destination, while slow charging is assumed to take place at home at the end of 
the day’s travel if the SOC falls below a set psychological threshold.

Electric taxis, primarily engaged in passenger transport during the day, face more urgent charging needs due 
to the demand for profitability. Consequently, it is assumed that electric taxis will chose the nearby fast charging 
station when the remaining SOC drops below a set threshold during operational hours, while slow charging is 
concentrated during the shift change window from midnight to 6:00 a.m.
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Official EVs include private official EVs, business EVs and functional EVs. Their travel behavior is 
intermittently distributed throughout the day, and their destinations exhibit a certain degree of randomness44. 
Depending on the remaining power, the distance to the next destination, and the travel time interval between 
trips, official EVs may either opt for fast-charging at a nearby node when the remaining SOC drops below 
the threshold, ensuring they meet the mileage requirements for the next trip, or choose fast-charging or slow-
charging based on the available dwell time at the destination. Considering the typical daily patterns of urban 
residents, Official EV travel is assumed to conclude by 10:00 p.m.

Charging decision model
Previous studies have often simplified the charging behavior of an individual EV users by assuming one of two 
decision strategies: either ‘charge immediately after the trip’ or ‘charge after the trip only if the energy required 
for the next trip cannot be met’. However, this approach does not accurately reflect real-world charging behavior, 
as it overlooks the inherent uncertainty in the charging demand of private EVs.

In practical, a user’s charging demand depends on whether the current SOC can meet the requirement of the 
next trip. If the SOC is insufficient, charging is inevitable. However, if the SOC is adequate, the need to charge 
becomes uncertain and tends to diminish as the available SOC increasingly exceeds the energy demands of 
the upcoming trip. To capture this complexity, a charging demand model is established, triggered by the user’s 
arrival at a destination, and accounts for both the necessity and the uncertainty of charging based on the current 
SOC and future travel needs.

In categorizing private EV users based on the current SOC, they can be divided into elastic and inelastic 
users. This classification hinges on the elasticity coefficient, denoted as u1. LetAs represent the SOC at the 
current moment. if As < u1, the current SOC cannot meet the demand of the next trip, resulting in mileage 
anxiety and necessitating immediate charging. These users are defined as inelastic. Conversely, if As ≥ u1, the 
current SOC is sufficient for the upcoming journey, categorizing these users as elastic.

Fuzzy theory is utilized in the analysis of charging demand for elastic users. In this framework, a fuzzy set 
M represents the presence of charging demand, with the membership degree represented by an membership 
function M(As). This function assigns values within the interval [0,1]45. The membership degree is given by 
Eq. (13):

	
M(As) =

{ 1, As < u1
0.5 + 0.5 sin

[
π

u2−u1

(
u1+u2

2 − As

)]
, u1 ≤ As < u2

0, As ≥ u2

� (13)

Where, M(As) is the membership degree of As to M, u1 is the elasticity coefficient and u2 is the fuzzy coefficient. 
If As ≥ u2, the current SOC can meet the next trip, indicating no need for charging; if u1 ≤ As < u2, the 
closer As is to u2, the closer M(As) is to 0, indicating a weaker need for charging; the closer As is to u1, the 
closer M(As) is to 1, indicating a stronger need for charging. If As < u1, M(As) is 1 and the EV user must 
chose to charge. In this analysis, u1 is set to 0.3 and u2 is set to 0.8.

For electric taxis and official EVs, charging demand is triggered when As is below the threshold while driving. 
In such cases, the charging load is assigned to the nearest charging node The decision condition for triggering 
this charging demand is represented by Eq. (14):

	 As ≤ εCs� (14)

Where Cs is battery capacity of EV;ε is charging threshold. To account for the user’s range anxiety, the value of 
ε is set to 0.3.

To mitigate the detrimental effects of overcharging on battery life, this study sets the post-charging SOC to 
90% of the battery capacity. The method for calculating the charging time of EVs is presented by Eq. (15):

	
Te = 0.9 − As

Pt
� (15)

Where Te is the charging time of EV and Pt denotes the charging power, which varied based on the charging 
type selected by the user.

For a private EV with a specific parking during, if charging to a full SOC is not feasible within the available 
parking time at the destination, the vehicle is charged up until the start of next trip. The SOC of the EV at the 
initial time of the next trip is calculated using Eq. (16):

	
SOCs = Pt × td

ηCs
− As� (16)

Where SOCs is the SOC of the EV at the start of the next trip, td is the EV’s parking time at the current 
destination, and η represents the charging efficiency of the EV, which ranges from 0.9 to 1.

For the official EV, if the next destination, as determined by the modified OD probability matrix, is the 
node where the vehicle is currently located, it is assumed that the driver chooses to stop at the current node. 
Depending on the functional area to which the node belongs, the parking time at this location with different 
probability distributions can be modeled as Eq. (17)-Eq. (19) .
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f (tm) = 1.153

195.787 ·
(

tm

195.787

)1.153−1
e−(tm/ 195.787)1.153

� (17)

	





tm − 438.445
164.506

f (z) 1
164.506e−(1−0.234z)−1/ (−0.234)

· (1 − 0.234z)−1−1/ (−0.234)
� (18)

	





z = tm − 68.520
41.761

f(z) = 1
41.761e−(1+0.657z)−1/ 0.657

· (1 + 0.657z)−1−1/ 0.657
� (19)

Where, the parking time in the H region follows the Weibull distribution described by Eq. (17), the parking time 
in the W region adheres to the generalized extreme value distribution shown in Eq. (18), and the parking time in 
the SR/SE/O region follows the generalized extreme value distribution specified in Eq. (19).

After generating the appropriate parking time based on these distribution functions, if the parking time is 
insufficient to achieve a full charge, the actual charging time is calculated using Eq. (20):

	
tp = min

(
td,

0.9 − As

ηPt

)
� (20)

Where tp is the charging time of the official EV at the current node.

Transportation-power coupled network (TPCN)
Transportation network
The graph-theoretical analysis method is employed to abstract the transportation network into an empowered 
directed graph, which describes the topological features of the network. In this graph, road sections with identical 
road attributes are represented as directed edges, while the connection points between these road sections are 
modeled as nodes The dynamic transportation network model, based on time segmentation, is described as 
follows:

	




G = (N, R, T, W )
N = {ni |i = 1, 2, 3 · · · , n}
R = {nij |ni ∈ N, nj ∈ N, i ̸= j}
Tm = {tm |t = 1, 2, 3, · · · , m}
W = {wij |nij ∈ M }

� (21)

Where G denotes the transportation network of the region; N is the set of all node information in the graph G; 
while R represents the set of all roads in the graph Gand Tm denotes the set of time segments, dividing the entire 
day into m time segments, wit tm representing the mth time segment. The road weights are denoted by W, of 
which the element wij  refers to the weight between node i and node j. The weight represents the expenditure for 
the EV while travelling on the road and can include factors such as road length passage speed, travel cost, etc., 
which are essential for EV path planning.

As shown in Eq. (22), the element dij  represents the connection relationship between node i and node j in 
the transportation network. The connection relationships of all nodes in the transportation network set G are 
described by the adjacency matrix D, which consists of the element dij  as defined in Eq. (23):

	

dij =





wij nij ∈ R

0 ni = nj

Inf nij /∈ M

� (22)

	

D =




0 k12 k13 k14
k21 0 k23 Inf
k31 k32 0 k34
k41 Inf k43 0


� (23)

Where, wij  denotes the weight of the road between node i and node j. This weight is assigned a value of 0 when 
i = j, indicating that the weight of a road connecting a node to itself is zero. The term Inf  indicates that there 
is no direct connectivity between node i and node j.

Power distribution network
In the TPCN, the power distribution network nodes are spatially coupled with the transportation network 
nodes, necessitating the establishment of a distribution network model that aligns with the transportation 
network. For the modeling of the power distribution network, it is primarily divided into two components: the 
network topology model and power flow calculations. Let the set of network nodes be Np, the set of branches 
be Mp, and the matrix of branch electrical parameters be φp. Together, these components form the network 
Gp = (Np, Ep, φp). The network topology can be expressed as follows:
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


Gp = (Np, Ep, φp)
Np = {npi |i = 1, 2, · · · , npg }
Mp = {(npi, npj) |npi, npj ∈ Np }
φp = {(ri, xi, ci, P m

i ) |(npi, npj) ∈ Mp }

� (24)

Where, npg  is the number of nodes, and the parameters in the branch parameter matrix φp represent the 
resistance ri, reactance xi, conductance ci, and line power flow P m

i , respectively.
Power flow calculation is a fundamental method for analyzing steady-state power system operation. It 

involves calculating the nodal voltages and power distributions based on the given nodal line parameters to 
estimate the system’s operating state. For each node in the network, the nodal voltage value is determined using 
the nodal power equation in the power system’s power flow calculation:

	




Pi = Vi

∑
k

(GikVk cos (δi − δk) + BikVk sin (δi − δk))

Qi = Vi

∑
k

(GikVk sin (δi − δk) − BikVk sin (δi − δk))
� (25)

Where, Pi and Qi are the injected active power and injected reactive power at node i, respectively; Vi and Vk  are 
the voltage magnitudes at node i and node k, respectively; δi and δk  are the phase angles of node i and node k, 
respectively; Gik  and Bik  are the conductance and the susceptance between node i and node k.

The solution to Eq. (25) can be obtained through iterative computation using the Newton-Raphson iteration 
method. The results from the power flow calculation can be used to assess the voltage stability of the electrical 
system.

Finally, the charging load demand generated by EVs on the transportation network, as partially obtained in 
Sect. 2.1 to 2.3, is mapped to the corresponding nodes within the distribution network based on the established 
correspondence. These loads are then aggregated to determine the total charging load at each node of the 
distribution network, as illustrated in Eq. (26):

	
Pd (t) =

m∑
i=1

[Pd (t) + Pdi(t)]� (26)

Where, Pg (t) represents the total charging load demand at node d at time t for EVs under uncoordinated 
charging, Pd (t) denotes the base load demand at node d at time t, and Pdi(t) is the charging load demand 
generated by the ith EV at this node at time.

Methodology
Path planning based on Dijkstra Algorithm
The most commonly used shortest path planning algorithms include the Floyd algorithm and Dijkstra algorithm. 
The Dijkstra algorithm is a single-source shortest path algorithm suitable for non-negative weighted networks. It 
is favored for its adaptability to dynamically updated transportation conditions and offers significant advantages 
in terms of computational speed, stability and practical engineering feasibility46,47.

In an empowered directed graph, let Q represent the set of vertices in the graph, which is divided into two 
subsets: S, the set of vertices for which the shortest paths have already been determined, and U, the set of vertices 
for which the shortest paths are yet to be determined. The algorithm starts from an initial node, labeled V. The 
steps of the algorithm, as described by48, are as follows:

Step 1: Initialization. l(u0)is the shortest path length, letl(u0) = 0, forv ̸= u0, l(v) = ∞, S0 = {u0}, i = 0.
Step 2: Update Path Lengths. For eachv ∈ S̄i(S̄i = V /Si), replacel (v)by min

u∈Si

{l(v), l(u) + w(uv)}, 
w(uv) is the distance at which u and v are directly connected.

Step 3: Select Minimum Distance Vertex. Calculate min
u∈Si

{l (v)}. Let ui+1 denote the vertex that reaches this 
minimum value, andSi+1 = Si ∪ {Ui+1}.

Step 4: Termination. If i = |V | − 1, the process stops; if i < |V | − 1, replace i with i + 1 and repeat from 
step 2.

In this study, the distance of the road segments is used as the resistance weights, and the Dijkstra algorithm is 
employed to determine the shortest travel path for an EV from a source node to a destination node.

Monte Carlo simulation
Based on the models and analytical methods represented above, Monte Carlo simulation is set up to obtain 
the uncertainty parameters for each EV and predict the spatio-temporal distribution of charging loads. Monte 
Carlo simulation is widely used in research problems in various fields. It adopts the method of repeated random 
sampling to produce the distribution of possible result values through multiple iterations. The mathematical 
foundation of this method is rooted in the Law of Large Numbers, which asserts that as the number of trials 
increases, the sample average value derived from the simulations converges towards the expected, true average 
value.

Scientific Reports |         (2025) 15:4022 9| https://doi.org/10.1038/s41598-025-88607-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Spatio-temporal distribution prediction framework for EV charging loads in TPCN
In summary, this paper first analyzes the travel characteristics and paths of different types of EVs and plans the 
trip paths using the Dijkstra algorithm. It then establishes models for EV power consumptions and charging 
decisions, and constructs the transportation network model and an appropriate distribution network model. 
Subsequently, the charging demand is mapped to the corresponding nodes of the distribution network to obtain 
the charging demand distribution results over a 24-hour period. The specific process of the spatio-temporal 
distribution prediction framework for charging loads in a transportation-power coupled network (TPCN) is 
shown in Fig. 1:

According to the prediction framework established in Fig.  1, the method flow of the spatio-temporal 
distribution prediction framework for charging loads in a TPCN is as follows:

Step 1: Model the Networks. First, the transportation network and power network in the selected area are 
modeled, and different types of EVs are introduced at each road node.

Step 2: Generate EV Parameter. Monte Carlo sampling method is used to generate the characteristic 
parameters for EVs, including destination, initial time, departure time and initial SOC.

Step 3: Plan Trip Paths. The Dijkstra algorithm is applied to plan the optimal trip path for each EV. Update the 
EV parameters in real-time while travelling, such as remaining SOC, travel distance, and so on.

Step 4: Apply Charging Decision Models. Different charging decision models are utilized based on the type 
of EV. When an EV triggers charging demand, it is charged at the destination node where it arrives, with options 
for either fast or slow charging modes.

Step 5: Aggregate Charging Information. The charging information of each vehicle is recorded and then 
aggregated in the EV charging demand loads at each node at the current time to obtain the spatial and temporal 
distribution of EV charging loads.

Step 6: Perform a power flow calculation. A power flow calculation is conducted on the power network to 
analyze the potential impact of large-scale EV charging behavior on the network, and then to assess the stability 
and reliability of the power network based on these calculations.

In order to better illustrate the logical relationship and implementation process of each submodule in the 
method, Fig. 2 provides a pseudo-code of the overall process.

Result and discussion
In this paper, a regional transportation network within a city is selected for case study analysis, as depicted in 
Fig. 349. This network is employed to simulate the charging load demand on both a typical weekday and weekend 
and weekend. The region includes 29 nodes and 49 roads, categorized into four functional areas: Residential 
area 1 (nodes 1–11), Residential area 2 (nodes 12–16), Work area (nodes 17–20), and Commercial, social and 
recreational and other area (nodes 21–29), based on the varying functions of the destinations. The IEEE33-node 
standard distribution network is selected and its parameters are slightly modified to better reflect the conditions 
of the study region. Each distribution node within the region is physically coupled with the corresponding 
transportation node. The charging load at a distribution node k at time t represents the cumulative charging 
power of the EVs connected to this node. The simulation environment is MATLAB2022b. The temporal 
resolution of the simulation is set at a 15-minute interval.

Referring to the city’s 0.88% of total car ownership rate in 2022, the test region is assumed to have 15,000 
private EVs, 1,000 electric taxis and 1,000 official EVs. The battery capacities are set as follows: 30 kWh for 
private EVs, which can meet daily commuting needs; 50kWh for official EVs; and 80kWh for electric taxis. The 
initial SOC for EVs follows a normal distribution N(0.8, 0.1). he simulation spans 24 h, divided into 96 time 
slots with a 15-minute interval, to enhance prediction accuracy. The parameters for the simulation are detailed 
in Table 3.

Comparative analysis of EVs charging demands at various temperatures
The load demand statistics for different functional areas under two typical conditions-standard normal 
temperature (approximately 20 °C) and high temperature with air conditioning-are presented in Table 4. The 
data indicates that the load demands across all functional area, as well as the total load demand, increase when the 
air conditioners are switched on. Specifically, the percentage of charging load demand in work and commercial 
areas rises, while the percentage in residential areas decreases. This shift is attributed to the increased power 
consumption of EVs traveling during the daytime, which reallocates some of the evening and nighttime charging 
demand to the daytime.

In summary, for the same driving characteristics, the total charging demand rises with the activation of air 
conditioning. A comparison of the slow to fast charging load ratios across different regions, shown in Figs. 4 and 
5, reveals that hot weather significantly impacts electric taxis, which are on the road nearly all day. This results in 
increased power consumption and creates additional demands for fast charging.

Analysis of spatial distribution of EVs charging demands
Figures 6 and 7 illustrate the frequency of charging demand events for different types of EVs at each road node 
on typical weekday and weekends, respectively.

Private EVs predominantly generate charging demands in residential and commercial areas, particularly 
concentrated at nodes 1–20. Although private EVs continue to produce more charging events in residential 
and work areas on weekends, the number of charging events for each node decreased compared to weekdays. 
Conversely, there is a significant increase in the number of charging events in the commercial area on weekends 
compared to usual, likely due to the fact that more people choose to travel for purposes such as recreation 
activities, dining, and shopping. Electric taxis and official EVs, on the other hand, do not show significant 
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changes in the number of charging events between weekdays and weekends. However, their proportion of total 
charging events at each node increases during weekends.

Analysis of temporal distribution of EVs charging demands
Figures 8 and 9 show the distribution of charging events across different functional areas during typical weekdays 
and weekends over a 24-hour period. On weekends, the work area shows a notable absence of the morning 

Fig. 1.  Spatio-temporal distribution prediction framework for charging loads in transportation-power coupled 
network.
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peak in charging demand (6:00–9:00) observed on weekdays, aligning with the altered travel patterns typical 
of weekends. The overall distribution of charging demand in residential and commercial areas is similar on 
both weekdays and weekends, with charging events concentrated in the afternoon and evening. In residential 
areas, the peak charging demand occurs between 15:00 and 24:00, coinciding with the return of private vehicle 
users to their homes, which reflects the residents’ daily commuting patterns. In contrast, the peak demand in 
commercial, social, recreational and other areas occurs later, between 09:00 and 24:00. This shift aligns with 

Fig. 2.  Pseudo code for the simulation of spatio-temporal distribution of EVs charging load.
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Function areas

Normal temperature (20 ℃) High temperature (35 ℃)

Charging load (kW) Ratio (%) Charging load (kW) Ratio (%)

Residential 
area1, 2 347,940 53.42% 350797.5 52.83%

Work area 100402.5 15.42% 105907.5 15.95%

Commercial/
social and 
recreational/
other area

202,935 31.16% 207,255 31.21%

Total 651277.5 100% 663,960 100%

Table 4.  Comparison of charging load demands in different functional areas at various temperatures.

 

Parameter Value Unit

Battery capacity of private EV 30 kWh

Battery capacity of taxi 50 kWh

Battery capacity of office EV 80 kWh

Initial SOC 90 %

Pslow 15 kW

Pfast 60 kW

Table 3.  Simulation parameters.

 

Fig. 3.  The Transportation Network of the test region.
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users frequenting these areas as destinations after work hours, following the end of the peak EV occupancy 
period and when official EVs typically cease their daily operations.

Analysis of spatio-temporal distribution of charging load demands
Figures  10 and 11 show the statistical results of charging load demand for each node and each time period 
during typical weekdays and weekends, respectively. These figures visualize the temporal and spatial distribution 
characteristics of charging load demand. A comparison of the two figures indicates an uneven distribution of 
charging load demand both temporally and spatially, with significant variations in the peak demand across 
different types of days.

On weekdays, a mini-peak in charging demand is observed between 6:00 and 12:00, predominantly at nodes 
within the work area. This pattern is attributable to users opting to charge their vehicles upon arriving. In the 
afternoon, charging demand decreases compared to the morning and is more spatially distributed, with reduced 
concentration in the work area. By evening, there is a significant surge in charging demand across all nodes.

Overall, charging demand on weekends is lower than on weekdays, primarily due to a reduced number of 
trips made by private EV users. During weekends, charging demand between 6:00 to 12:00 is both lower and 
more dispersed compared to weekdays, as many users do not need to commute to work, eliminating the daytime 
charging peak. This reduction is further attributed to users generally delaying their travel on weekends. The 
total charging demand on weekends is concentrated in the period after 12:00. Spatially, there is a significant 
decrease in charging demand at residential area nodes compared to weekends. This reduction is partly because 
fewer users travel on weekends, leading to less electricity consumption, and partly because more users choose 
commercial, social and recreational areas and as destinations. Additionally, some users prefer taking taxis over 
self-driving, contributing to the shift in demand. These observation are consistent with the earlier findings on 
changes in the percentage of demand for fast charging.

Comparative analysis of charging load demands by functional areas
Figures 12, 13 and 14, and 15 present the statistics of slow charging demand and total charging demand across 
different functional areas. The trends in charging demand increase and decrease vary significantly among 
these areas. The area enclosed by the time axis and the charging demand curves provides an indication of 
the proportion of slow and fast charging demand relative to the total charging demand throughout the day. 

Fig. 4.  Proportion of slow/fast charging load demands in different functional areas at normal temperature.
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In residential and work areas, slow charging demand constitutes most of the total charging demand. This is 
attributed to the predominance of private EVs, which follow daily commuting routes that frequently include 
these areas, and because these areas host a higher proportion of private EVs. Conversely, the share of slow 
charging demand in commercial areas is lower. This is due to the presence of taxis and non-private EVs, which 
contribute more to traffic flow in these areas, with these vehicles often making repeated trips in locations with 
higher passenger opportunities.

Regarding daily patterns, peak charging demand in residential areas is concentrated between 17:00 and 
24:00, corresponding to the time when residents return home and charge their vehicles. In work areas, night-
time charging demand is relatively low, with peak demand occurring between 08:00 and 11:00 as users arrive at 
their workplaces and charge EVs with SOC below the user’s psychological threshold. In commercial areas, peak 
charging demand is observed after 12:00, aligning with the increased presence of official EVs on the road and the 
higher tendency for leisure travel in the afternoon.

Analysis of the impact of EVs charging on the distribution network in different scenarios
Figures 16, 17 and 18 illustrate the distribution network voltage under different conditions: typical weekdays at 
normal temperature, weekends at normal temperature, and typical weekdays at high temperature. From Fig. 15, 
it can be seen that during the weekday evening peak (17:00–21:00), the voltage at residential area nodes is 
generally low, reaching a minimum of 0.91 pu.

On weekends, despite fewer private EVs being on the road, the power network voltages show a wider range 
compared to weekdays, with the lowest voltage dropping to 0.90 pu. The low voltage levels are predominantly 
observed at nodes numbered 1–16, which are located in the residential area. This is attributed to the increased 
demand for fast-charging loads on weekends. Notably, the duration during which the voltage approaches the 
lower limit on weekends is longer than on weekdays, although significant voltage drops occur later, primarily 
after 18:00. Therefore, for periods of peak charging on weekends and in areas with extensive EVs connection, 
further research is needed to develop effective methods for managing EV charging in an orderly manner.

Fig. 5.  Proportion of slow/fast charging load demands in different functional areas at high temperature.
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Conclusions and future work
Conclusions
With the growing number of EVs, addressing the charging problem presents both challenges and opportunities. 
This study proposes a method for predicting the spatial and temporal distribution of EV charging loads, utilizing 
a transportation-power coupled network and considering multiple influencing factors. The effectiveness of this 
method is validated through simulation and analysis in an urban region, leading to the following key conclusions:

	(1)	� The study demonstrates significant variations in EV charging loads across different nodes, with distinct 
patterns emerging between weekdays and weekends. On weekdays, the charging load demonstrates a dou-
ble-peak pattern in the morning and evening, whereas, on weekends, the peak is mainly concentrated in the 
evening. These findings provide new perspectives for understanding the charging behavioral characteristics 
of EVs.

	(2)	� The prediction method proposed in this paper can accurately simulate the daily driving and charging be-
haviors of different types of EVs. By incorporating dynamic traffic flow, air temperature variations, and 
user driving patterns, the model achieves a high level of accuracy in forecasting the spatial and temporal 
distribution of charging loads in a specific region.

	(3)	� The transportation-power network coupling method proposed in this paper allows for a detailed analysis of 
charging load distribution. This refined analysis indicates the spatial and temporal changes in charging load, 
providing an important reference for the optimal placement and planning of charging facilities in urban 
regions.

	(4)	� Unlike previous studies, which predict EV charging load at a broader city or regional level, this method 
focuses on specific road nodes. This advancement offers a more granular and forward-looking perspective, 
supporting the future planning of additional charging facilities in the context of large-scale EV integration.

Limitations of the work and future research
This paper focuses on a method to predict the temporal and spatial distribution of EVs charging load in the 
coupled network of urban. Limited to the length of the paper, the possible impact of Vehicle-to-Grid (V2G) mode 

Fig. 6.  Charging times of each node on weekdays.
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on users’ charging demand and power grid is not discussed. Looking ahead, the interaction between EVs and the 
grid can be further considered to research the potential of users’ participation in V2G under policy guidance. On 
this basis, the optimal plan of EV charging infrastructure can be considered. Besides, with widespread adoption 
of EVs is likely to exacerbate peak load issues during high temperatures periods and weekends, potentially 
increasing the operational burden on power grid and impacting the safety of power grids. Future research will 
focus on developing optimal scheduling strategies to mitigate the effects of large-scale EV integration on power 
systems.

Fig. 7.  Charging times of each node on weekends.
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Fig. 8.  Charging times in each functional area within 24 h on weekdays.
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Fig. 9.  Charging times in each functional area within 24 h on weekends.

 

Scientific Reports |         (2025) 15:4022 19| https://doi.org/10.1038/s41598-025-88607-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 10.  Spatial and temporal distribution of charging load demand on weekdays.
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Fig. 11.  Spatial and temporal distribution of charging load demand on weekends.
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Fig. 12.  Slow/ total charging load demands in Residential area1 within 24 h.
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Fig. 13.  Slow/ total charging load demands in Residential area2 within 24 h.
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Fig. 14.  Slow/ total charging load demands in Working area within 24 h.

 

Scientific Reports |         (2025) 15:4022 24| https://doi.org/10.1038/s41598-025-88607-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 15.  Slow/ total charging load demands in SR/SE/O area within 24 h.

 

Scientific Reports |         (2025) 15:4022 25| https://doi.org/10.1038/s41598-025-88607-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 16.  Nodal voltage magnitudes at normal temperature on weekdays.
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Fig. 17.  Nodal voltage magnitudes at normal temperature on weekends.
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Fig. 18.  Nodal voltage magnitudes at high temperature on weekdays.
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Data availability
The datasets used in/or analyzed during the current study are available from the corresponding author upon 
reasonable request.
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