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Abstract. The main work of this paper is to establish an electric vehicle(EV) load forecasting model based 
on road network traffic distribution for urban and inter-city transportation networks. This paper established 
a road network model considering the traffic impedance for the EV load forecasting of the urban fast 
charging network, and studied the prediction method of the time-space distribution of EV charging demand 
in the fast charging mode .Based on the expressway, the method for predicting the time-space distribution of 
EV load in the inter-city fast charging network is studied, and a time-space distribution load forecasting 
model is established. Based on the time-space distribution of traffic flow, combined with EV charging 
characteristics and travel routes, load simulation is performed. By constructing a prediction method for the 
time-space distribution of EV charging demand in the fast charging mode, it provides  theoretical and 
methodological support for the research of time-sharing and segmented metering and charging strategies for 
EV fast charging stations,, and provides an important reference for the development of EV charging 
facilities operating cost benefits, economic performance indicators and calculation models under fast 
charging mode, which are of great significance to promote the popularization and application of EV fast 
charging modes.  

1. Introduction 
With the gradual implementation of the strategic policy 
of vigorously promoting the large-scale development 
of EVs, the gradual maturation and deepening of the 
application of EVs and their fast charging technologies, 
EV urban public fast charging networks and intercity 
interconnected fast charging networks are gradually 
taking shape, but charging facilities it is not compatible 
with the existing operating model and its development 
model. 

The current research on the prediction of the time-
space distribution characteristics of the conventional 
charging demand for EVs has obtained some 
theoretical methods, most of which are charged in 
residential areas, or in the scene of commercial 
vehicles such as public transportation sanitation 
vehicles, which are mainly used for power exchange. 
Research on the time-space distribution characteristics 
of fast charging demand in urban public areas.Han 
Seung studied the coordination of charging for EVs: 
reducing peak loads and minimizing charging costs[1]; 
Xun Zong studied a neural dynamics algorithm for 
optimizing the residential demand response of plug-in 
EVs[2], Jing Zhang studied the population of vehicle 
users daily EV charging load curve based on statistical 
data[3]; M. Kandidayeni studies the influence of fuel 
cell system aging and thermal management on energy 

management strategies[4]; Veeraj designed an EV 
battery pack thermal management system[5].However, 
none of them proposed methods for predicting the 
time-space distribution of EV load in consideration of 
traffic distribution. 

Carrying out the research of EV charging load 
forecasting method under fast charging mode can 
provide a theoretical basis for the reliability, economy 
and compatibility of EV charging facilities operation 
under fast charging mode, and provide a basis for 
optimizing the operation mode and economic benefits 
of EV charging facilities The optimal scheme produces 
good economic and social benefits. 

2. Prediction method of load time-
space distribution of EV load 
The temporal and spatial distribution of fast charging 
load of EVs in the transportation network is closely 
related to the distribution of traffic trips. The following 
establishes an EV load forecasting model based on the 
distribution of road network traffic for urban and 
intercity transportation networks. 

2.1. Prediction of load time-space distribution 
of EVs on intercity fast charging network 
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At present, the inter-city fast charging network covers 
the backbone transportation network with expressways 
as the core. Based on the expressway, research the 
prediction method of time-space distribution of EV 
load on intercity fast charging network. In order to 
study the time-space distribution of EV load in the 
intercity fast charging network, it is first necessary to 
analyze the travel behavior of EVs and the flow of 
inbound stations.  

2.2. Road network traffic forecast 

Expressway traffic distribution can generally be 
combined with expressway OD (O represents the 
starting point of travel, D represents the travel 
destination) distribution sentiments in previous years, 
and the use of elastic algorithms, neural network 
algorithms, four-stage methods, etc., to obtain the 
traffic data of the expressway in that year. When 
calculating the OD flow using the Frett method, an 
initial OD matrix is required (the OD matrix refers to a 
matrix composed of the travel volume between any two 
traffic districts). The OD matrix can often be obtained 
by investigation. 

In this paper, the OD matrix is calculated based on 
the entrance and exit data of the expressway toll station, 
combined with the unconstrained center of gravity 
method, the initial OD matrix is calculated iteratively, 
and the combined model is used to predict the flow of 
each entrance and exit. The method of calculating the 
OD flow distribution of the road network uses the Leit 
method. The purpose of using the combined 
forecasting method is to minimize the forecasting error 
and determine the combined coefficients by 
establishing a quadratic plan. The analysis of the gray 
prediction model described above is as follows, 
suppose the original data series[6] 

x(�) = [x(�)(1), x(�)(2), x(�)(3). . . x(�)(n)]                                                    
(1) 

Use 1-AGO to generate a first-order cumulative 
generating sequence 

�x(�) = [x(�)(1), x(�)(2), x(�)(3), . . . , x(�)(n)],
x(�)(k) = ∑ x(�)���� (i), k = 1,2,3. . . , n,                                                     

(2) 
When the sequence (1) ( )x k  has an approximate 
exponential growth law, it can be considered that it 
approximately satisfies the following first-order 
differential equation, in which assuming that a and u 
are both known constants, then 

��(�)

�� + ax(�) = u                                 (3) 

The formula is 

x(�)(t) = [x(�) − �
�]e��� + �

�                     (4) 

The formula is written in discrete form 

x�(k + 1) = [x(�) − �
�]e��� + �

�                  (5) 

The prediction model is 

x�(k + 1) = x(�)(k + 1) − x(�)(k) = (e�� −
1)[x(�)(1) − �

�]e���, k = 0,1,.              (6) 

The formula is written in continuous form 

x�(t) = (e�� − 1)[x(�)(1) − �
�]e���              (7) 

By establishing the gray model GM(1,1), it can be 
seen that the GM(1,1) can only be used when the 
original number sequence meets the approximate 
exponential growth trend. Therefore, when the original 
number sequence does not meet the above exponential 
growth trend, use GM(1,1) usually produces large 
errors in prediction. When using this model, the 
constant a can be calculated and evaluated to reflect the 
extent to which the original data sequence meets the 
approximate exponential growth trend. Therefore, it is 
necessary to give the derivation process of solving the 
constant a. 

When the constructed sequence of numbers can 
satisfy the growth law, the following first obtains the 
derivative through the first order differential equation[7] 

���(�)

��� = −a ��(�)

��                             (8) 

Due to 

���(�)

��� = −a ��(�)

�� , ��(�)

�� = ���(�)

���                 (9) 

From the formula 

a = −
��(�)(�)

��
�(�)(�)                           (10) 

In fact, the value of the value a in the GM(1,1) also 
reflects to a certain extent whether the original 
sequence satisfies the approximate exponential growth 
trend and the extent to which it satisfies the 
exponential growth trend. That is to say, as a is smaller, 
the sequence with original data meets the trend of 
approximate exponential growth better[8]. 

The values of (0) ( )x k  and (0) (1)x  can be 
obtained from the formula, and further sorted into: 

a = − �
��� ln( �(�)(�)

�(�)(�)), k = 2,3, . ..             (11) 

2.3. The travel path of EVs 

Traffic distribution is the specific realization form of a 
certain overall traffic volume, including total time 
distribution, time ratio distribution, comprehensive 
distribution and other methods. The time ratio 
distribution method first distributes the flow to 
different paths according to the traffic travel rules of 
the vehicles and their respective traffic travel needs, 
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and the traffic distribution knows the time the flow 
travels on the path, and performs the flow according to 
the principle of inverse proportion to the time 
distribution. The shortest path method in the specific 
implementation form of traffic distribution is simple 
and straightforward. It considers the shortest path 
between ODs. This method is based on road crossings 
such as expressways and routes with fewer entrances 
and exits. Most travelers will Choose the shortest road 
as your travel route. Although affected by factors such 
as weather, road conditions, and the actual construction 
of charging stations in the service area, it is still the 
best road selection method[9]. 

3. Load forecasting process 

Considering the time and space distribution of EVs, 
involving the selection of multiple random variables, 
the Monte Carlo method is adopted to simulate the 
time-space distribution of EV load. First, select 
variables and establish a simulation process. For the 
simulation of EVs, the parameters involved include 
departure time, departure location, and initial SOC 
distribution of EVs. Secondly, determine the 
probability density function based on actual experience 
or data fitting. The density function draws a random 
sample; monitors the remaining power of the battery to 
determine whether it needs to be charged. If the 
remaining power of the EV battery is less than 30% 
during driving, or the remaining mileage cannot reach 
each intermediate node on the way to the destination, it 
is considered that it needs to be charged. Figure 1 is a 
flowchart of forecasting time-space distribution of EV 
load on intercity fast charging network[10]. 
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Figure 1. Flowchart of forecasting time and space distribution of EV load on intercity 
fast charging network 

4.Case analysis 
Calculate the OD matrix based on the entrance and exit 
data of the expressway toll station, combined with the 
unconstrained center of gravity method, and calculate 
the initial OD matrix through iteration. The predicted 
value of the entrance and exit flow of each expressway 
toll station is obtained by the combined model, and the 
OD flow is calculated by the Frett method distributed. 
In the simulation process, it is assumed that all EVs use 
fast charging, and their charging power is between 25 
and 60kW. At the same time, it is assumed that the 
power consumption of EVs per kilometer is the same, 
which is 0.15 kWh. In this simulation model, 30 
charging stations in different cities are selected for 
simulation. Figure 2 shows the time-space distribution 
of EV charging load: 

Figure 2. Temporal and spatial distribution of 
EV charging load 
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5.Conclusion 
This paper studies the prediction method of the time-
space distribution of EV charging demand in the fast 
charging mode. Based on the expressway, the 
prediction method of the time-space distribution of EV 
load in the intercity fast charging network is studied, 
and a load prediction model of time-space distribution 
is established. By constructing a prediction method for 
the time-space distribution of EV charging demand in 
the fast charging mode, it provides theoretical and 
methodological support for the research of time-
sharing and segmented metering and charging 
strategies for EV fast charging stations,, and provides 
an important reference for the development of EV 
charging facilities operating cost benefits, economic 
performance indicators and calculation models under 
fast charging mode, which are of great significance to 
promote the popularization and application of EV fast 
charging modes. 
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