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ABSTRACT: With the increase in electric vehicles (EVs), they 

have begun to be valued as a new flexibility resource. 

Characterizing the flexibility of EVs is conducive to fully 

utilizing their flexibility to support the operation of electric 

power systems. A flexibility characterization method for EVs 

based on real user behavior data was proposed. First, the raw 

data are cleaned to obtain a dataset for each EV user. Then, a 

clustering algorithm is used to mine the plug-in time habit of 

each EV user, and an EV flexibility potential index system is 

proposed to quantify the flexibility of EV users with adjustable 

capacity, on-grid time, and charging power under the plug-in 

time habit. Furthermore, based on the flexibility indexes, the EV 

flexibility region under each plug-in time habit was constructed. 

Finally by setting the generators reasonably, the flexibility 

characterization from one EV user to the EV user cluster that 

includes large EVs is realized with the help of the zonotope 

similar. The flexibility of 6903 EV users in Nanjing, China, was 

characterized. The results showed that the similarity was 

improved by 0.566 by resetting the generator. Simultaneously, 

the results demonstrate the flexibility of the EV cluster in 

different periods. For example, there is a capacity adjustment 

range of approximately 75–150 MWh in 20:00-22:00, and 

approximately 15–20 MWh in 2:00-4:00 for the power grid to 

carry out day-ahead dispatching of EVs to assist the operation of 

the power grid.  

KEY WORDS: Electric vehicles, Flexibility, User data, 

Zonotope, Flexible region 

NONMENCLATURE 

Abbreviations 

EV Electric Vehicle. 

EVA Electric Vehicles Aggregator. 

SOC State of Charge. 

Symbols 

in

u
Cap  The average plug-in battery capacity of the EV 

under data cluster u. 

SOC
i,u 

in  
The plug-in SOC value of the ith charging under 

data cluster u. 
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Capmax The maximum battery capacity of the EV. 

Nu 
The total number of charging records under data 

cluster u. 

Capmin The minimum battery capacity of the EV  

SOCmin 
The minimum SOC value of the EV set by the 

user. 

SOC
b 

tra The SOC value decreased caused by the bth trip.  

Ntra The total number of trip records  

Cap
u 

exp 
The plug-out battery capacity EV users expect 

under data cluster u. 

SOC
i,u 

out  
The plug-out SOC value of the ith charging under 

data cluster u. 

E
+,u 

γ  
The upper boundary of the EV flexible region of 

γth EV user under data cluster u. 

E
-,u 

γ  
The lower boundary of the EV flexible region of 

γth EV user under data cluster u. 

in
u

T  
The average on-grid time of the EV under data 

cluster u. 

t
i,u 

in  
The on-grid time of the ith charging under data 

cluster u. 

u
P  

The average charging power of the EV under data 

cluster u. 

Pi The charging power of the ith charging. 

Pd The discharging power of the EV. 

t
c,min,u 

end  
The time when the battery is charged to the 

minimum battery capacity under data cluster u. 

t
c, max,u 

end  
The time when the battery is fully charged under 

data cluster u. 

t
d,u 

end  
The time when the battery is discharged to the 

minimum battery capacity under data cluster u. 

t
u 

st  
The time when charging is forced to start from the 

minimum battery capacity under data cluster u. 

Cap
c,u 

out  
The plug-out battery capacity after charging 

under data cluster u.  

t
u 

out The plug-out time under data cluster u. 

tin,u The plug-in time under data cluster u. 

Cap
d,u 

out  
The plug-out battery capacity after discharging 

under data cluster u. 

F
z,u 

γ  
The EV flexible region under data cluster u of 

γth EV user. 

c The center point of the zonotope. 

g(k) The kth generator vector of the zonotope. 



  

βk The scaling coefficient of the kth generator vector. 

p The number of generator vectors. 

A
u 

γ  

The coefficient matrix of the inequality from the 

EV flexible region boundaries under data cluster 

u. 

b
u 

γ  
The column vector of the inequality from the EV 

flexible region boundaries under data cluster u. 

Gu 
The matrix of the generator vectors under data 

cluster u. 

βmax The maximum scaling coefficient vector. 

nf The number of tangent planes of the zonotope. 

Lz,h 
The distance matrix for the various tangent planes 

of the zonotope. 

M 
The normal vector matrix of all the tangent planes 

of the zonotope. 

DF,h 
The distance of the EV flexible region in the 

direction of the hth facet-normal 

1 Introduction 

Recently, an increasing number of renewable 

energy sources have been connected to the power grid, 

and the uncertainty caused by the large amount of 

renewable energy output has resulted in new impacts 

and challenges for the power grid. The flexibility 

provided by traditional thermal power units is 

gradually being unable to meet the flexibility demands 

of new power system characterized by dealing with the 

variability and uncertainty of power generation and 

load[1]. According to the International Energy Agency[2], 

the global Electric Vehicle (EV)stock is growing 

rapidly, and EV sales worldwide were 13.8 million in 

2023, increasing by approximately 35 % over the 

previous year. The global EV stock reached 40 million.  

As a special load, a large number of EVs are 

connected to the power grid, which may intensify the 

load peak-valley difference, increase network loss, and 

increase the frequency fluctuation of the power grid. 

Simultaneously, EVs have great potential as a flexible 

resource. A reasonable characterization of the 

flexibility potential will be conducive to vehicle-grid 

interaction and the optimization of power grid 

operation.  

EV flexibility refers to the ability of EVs to adjust 

their loads through charging and discharging control[3]. 

Through reasonable electricity price guidance, the EV 

charging load can be effectively utilized to improve the 

flexibility of the power system[4], while reducing 

carbon dioxide emissions[6] and the unbalanced risk of 

the power grid owing to renewable energy connections 
[7]. A multi-objective optimization model considering 

organizational expenditures and battery degradation 

costs was developed in[8], enabling electric vehicles to 

participate in industrial smart grids to enhance 

operational flexibility. The charging and discharging 
behavior of electric vehicles is optimized in [9], which 

utilizes electric vehicles as a component of the home 

energy management system, thereby reducing the 

energy consumption and cost of the residence. The 

potential of electric vehicles (EVs) in Germany to 

mitigate load demand fluctuations is examined in [10], 

which elucidates the inherent conflict between national 

and regional incentive mechanisms. The above 

research utilizes EV flexibility to effectively optimize 

the operation of power systems, but EV flexibility 

models are relatively simple and cannot characterize 

the behavior habits of users. The accurate 

characterization of EV flexibility considering the 

behavioral habits of users is still an urgent problem that 

needs to be solved. 

Several scholars have investigated this issue. 

Various EV charging and discharging models have 

been established to characterize the energy and power 

flexibility boundaries of EVs in [11]. EV flexibility was 

transformed into the demand response capability, 

which realizes the quantification of EV flexibility in 

[12]. Based on the EV charging load results by Monte 

Carlo simulations, the ability of EV flexibility to 

consume photovoltaic power generation was quantified 

in [14]. The deviation value of the SOC was added to 

the SOC curve during EV charging, and the flexibility 

of the EV in the charging process was evaluated to 

minimize the operating cost caused by the deviation 

value in [16]. The definition of flexibility for a charging 

station was explored, and a charging strategy of the 

charging station for maximizing flexibility was 

proposed in [17]. EV flexibility under different 

charging power and electricity price scenarios was 

studied in [18], and the flexibility of different EV types 

was quantified. However, the existing EV flexibility 

models rely on simulations. Setting scenarios in 

advance to simulate the behavior of EV users cannot 

truly represent the behavior habits of EV users, and 

thus cannot truly characterize the flexibility potential 

of EVs. 

Therefore, some scholars have characterized EV 

flexibility by analyzing real EV user data. An algorithm 

for mining EV flexibility was proposed, and its 

flexibility was evaluated by calculating an index using 

a data-driven algorithm [19]. The EV charging data 

were analyzed, and the EV flexibility in capacity and 

time was characterized by converting the EV flexibility 

into the demand response capability in [20]. The types 

of EV charging behavior in the dataset were identified. 

By analyzing the characteristics of different charging 

behaviors and combining multi-source data such as 

weather, EV flexibility in each period of the day was 

quantified in [22]. However, the above research based 

on EV charging data does not consider the behavior 

habits of EV users. At the same time, the research 

results are in a single form, and a simple value cannot 

reflect the boundary of EV charging and discharging 

dispatching when EV was plugged-in. Moreover, the 

above research only quantified the flexibility of a single 

EV user; however, when a large number of EVs are 



  

connected to the power grid, it causes great pressure on 

the power grid. Moreover, EVs have far greater 

dispatching potential than a single EV; therefore, it is 

necessary to study the flexibility of EVs. 

To address these problems, scholars have 

conducted further research on the flexibility of EVs. An 

evaluation method for the upward and downward 

flexibility of EV was proposed and the flexibility of 

EVs was studied under different dispatching strategies 

in [23]. A market framework based on the Electric 

Vehicle Aggregator (EVA) was proposed in [25], which 

directly analyzed and quantified the flexibility of the 

EVA. The EV flexibility was represented as the form of 

an EV flexible region in [26], which constructs the 

boundary of the EV participating in charging and 

discharging. The Minkowski sum was used to 

aggregate a large number of EV flexible regions, which 

enabled flexible characterization of EVs. An inner 

approximation method for flexible regions was 

proposed for flexible resources in [28]. The 

aggregation of the EV flexible region was realized by 

approximating the original EV flexible region to a 

specific polytope. A method for aggregating demand 

response resources was proposed in [30], which 

realized the rapid aggregation of many demand 

response resources by using the characteristics of the 

polytope. An aggregation method for distributed 

energy resources based on the zonotope was proposed 

in [31]; however, this method was not well adapted to 

the EV flexible region.  

In general, most existing methods are based on 

simulation data, which are unreliable in practical 

applications. Among the data-driven methods, the 

aggregation method based on the Minkowski sum has 

low computational efficiency and cannot complete the 

aggregation of flexible areas of large-scale EVs. The 

polytope-based method cannot be directly applied to an 

EV flexible region. Therefore, a new look is brought to 

the existing methods in the following areas: (I) EV 

flexibility modeling and (II) EV flexibility aggregation. 

The main contributions are summarized as follows: 

1) Based on a real dataset, an EV flexibility 

potential index system was proposed, and the EV 

flexible region was constructed for a single EV user. 

Considering the behavior habits of users, the flexibility 

of a single EV user is characterized in the form of EV 

flexible region, which solves the problem that the 

existing flexibility characterization methods have less 

respect for the behavior habits of users. 

2) Because the existing aggregation method based 

on the Minkowski sum is computationally inefficient, 

generators are redesigned based on [31] to make the 

aggregation model more adaptable to EV flexible 
regions, complete EV flexible region approximation at 

the cost of minimum flexibility loss, and realize EV 

flexible region aggregation. 

3) The high computational efficiency achieved 

using the zonotope approximation of the EV flexible 

region promotes the aggregation of the flexible region 

of large-scale EVs. It effectively solves the problem of 

the insufficient support capacity of a single EV and 

captures the flexible characteristics of EVs. 

The organizational structure of the remaining 

manuscript is as follows: The overview of the 

flexibility characterization of EVs based on real user 

behavior data is described in the second section. The 

construction method of flexible region of a single EV 

user is detailed explained in the third section. The EV 

flexible region approximation model based on the 

zonotope is introduced in the fourth section. The EV 

flexible region aggregation model is described in the 

fifth section. The example and results are analyzed in 

the sixth section. The conclusion and future study are 

summarized in the seventh section.  

2 The overview of the proposed method 

The proposed method was used to characterize the 

flexibility of EVs in a bottom-up manner, as shown in 

Fig.1. The proposed method is mainly composed of the 

flexible region construction of a single EV user, 

flexible region approximation of a single EV user, and 

EV flexible region aggregation for constructing the 

flexible region of EV cluster. The details are presented 

below. 

 

Fig. 1 The overview of the proposed method  

1) Flexible region construction of a single EV user: 

The real behavior data of EV users are analyzed, and a 

single EV user dataset is obtained. Subsequently, an EV 

flexibility potential index system was built based on a 

single EV user dataset. Finally, the EV flexible region 

of a single EV user considering plug-in time habits was 

constructed by combining the EV flexibility potential 

index system based on real behavior data. 

2) Flexible region approximation of a single EV 

user: By setting reasonable generators, the optimization 

problem with the goal of maximizing similarity is 
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solved, and the flexible region of a single EV user is 

approximated by zonotope. 

3) EV flexible region aggregation: With the high 

aggregation efficiency of the zonotope, the Minkowski 

sum is applied to the flexible region of a single EV user 

after approximating the same interval. Many EV 

flexible regions were aggregated to characterize the 

flexibility of EVs. The result is the flexibility of EVs 

for a day. 

3 Flexible region construction based on 

real behavior data of EV users 

First, the raw data must be cleaned to obtain the 

dataset for a single EV user. Then, a single EV user 

habit of plug-in time is mined, and an EV flexibility 

potential index system is proposed to calculate the 

flexibility indexes in terms of the adjustable capacity, 

on-grid time, and charging power under every plug-in 

time for a single EV. Finally, the flexible region of a 

single EV user was constructed by calculating the 

upper and lower boundaries based on the flexibility 

indexes. 

3.1 The dataset of a single EV user  

The raw dataset contains basic information, 

charging data, and traveling data of EV users, as shown 

in Tab.1. The basic information includes user ID, 

vehicle type, and nominal battery capacity. The 

charging data included the start and end times of 

charging, charging power, plug-in SOC value, and 

plug-out SOC value. The traveling data included the 

SOC value decreased caused by the trip. Because of 

errors during data acquisition, communication failures, 

etc., there is a lot of unavailable raw data. Thus, data 

preprocessing of raw datasets is necessary. Data 

preprocessing included the processing of outliers and 

missing values, data merging, and reconstruction. 

The outliers were filtered based on the data 

distribution. The random interpolation method was 

used to randomly fill in missing data based on the data 

distribution. Specifically, outliers included charging 

power higher than 350 kW or lower than 3 kW, 

charging time of less than 5 min, plug-in SOC value of 

less than 3 %, and traveling time of less than 5 min. 

These outliers were deleted. After preprocessing, each 

EV user obtains the dataset shown in Tab.1, which 

contains the basic information, charging, and travel 

records of the EV user. 

3.2 EV flexibility potential index system 

Each EV user may exhibit multiple charging 

behaviors with different flexibilities. First, based on the 

dataset of single EV user data in Section 3.1, the plug-

in time of a single EV user was clustered in 

combination with the historical charging behavior. The 

plug-in time habits of the EV users were obtained, and 

the dataset of a single EV user was divided into 

multiple clusters.  

The EV flexibility potential index for every data 

cluster is built to depict when the EV user is used to 

plug-in and the flexibility after plug-in. The flexibility 

of power system resources necessitates careful 

consideration of their response time, respond capacity, 

and duration as shown in Fig.2. The index system is 

divided into three parts: adjustable capacity, on-grid 

time, and charging power, which characterize the 

flexibility potential of the EV for under data cluster u. 

Tab.1 The dataset of a single EV user 

Data type Data name Note 

Basic 

information 

User ID For identifying users. 

Vehicle type 
Private cars, Bus, Taxi, Official 

cars, Rental cars. 

Capmax Maximum battery capacity. (kWh) 

Charging 

data 

Plug-in time / 

Plug-out time / 

SOC
i 

in 
The plug-in SOC value of the ith 

charging. 

SOC
i 

out 
The plug-out SOC value of the ith 

charging. 

Pi 
The charging power of the ith 

charging record (kW). 

Driving data SOC
b 

tra 
The SOC value decreased caused 

by the bth trip (kWh). 

 

Fig. 2 The EV flexibility potential index system 

The average plug-in battery capacity in
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the single EV under data cluster u is calculated by the 

equation (1). 

 

,

in
=1

maxin

uN
i u

u
i

u

SOC

Cap = Cap
N


 (1) 
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single EV. 

The minimum battery capacity Capmin of the EV 

which meets lowest traveling demand of users, is 

calculated by the equation (2).  

 

tra

tra
=1

min min max

tra

=(1- + )

N
b

b

SOC

Cap SOC Cap
N


 (2) 

where SOCmin is the minimum SOC value set to protect 

the health of battery; SOCb 

tra is the SOC value decreased 

caused by the bth trip; Ntra is the total number of trips. 

The plug-out capacity the EV user expects Capu 

exp 

under data cluster u is depicted by the equation (3).  

 

,

out
1

exp min max

uN
i u

u i

u

SOC

Cap Cap Cap
N

== +


 (3) 

where SOC i,u 

out  is the plug-out SOC value of the ith 

charging under data cluster u. 

The average on-grid time in

u

T   of the EV under 

data cluster u is calculated by the equation (4). 

 ,
in in

1

/
uN

u i u

u
i

T t N
=

=   (4) 

where ti,u 

in  is the on-grid time of the ith charging record 

under data cluster u for the single EV user. 

The average charging power 
u

P of the EV under 

data cluster u is calculated by the equation (5). 

 ,

1

/
uN

u i u

u
i

P P N
=

=   (5) 

where Pi,u is the charging power of the ith charging 

record under data cluster u, 
u

P  means that EV users 

may have different charging power limits at different 

plug-in time. 

3.3 Flexible region construction of a single EV user  

Based on the EV flexibility potential indexes of 

each cluster for a single EV user, EV flexible regions 

were constructed. From Section 3.2, it can be seen that 

each EV user has different flexibility potential indexes 

under different plug-in time, that is, under different 

data clusters, which also means that the flexibility is not 

the same. For ease of description, we describe how to 

build a flexible region, although the flexibility of EV 

users is represented by multiple flexible regions.  

Fig.3 shows an example of an EV flexible region. 

The EV flexible region indicates that the EV can charge 

and discharge in this region. The slopes of the upper 

and lower boundary edges of the flexible region 

correspond to the charging and discharging powers. 

When the slope is zero, the charge and discharge 

powers are zero during this period. The number, 

location and shape of EV flexible regions for each EV 

user represent the flexibility distribution and size. 

The flexible region consists of the upper boundary 

E+,u 

γ  and the lower boundary E-,u 

γ  for the γth EV under 

data cluster u. In this example, the upper boundary E+,u 

γ  
indicates that the EV is charged to maximum battery 

capacity immediately after plugging-in, then stops 

charging, and finally plug-out. The lower boundary E-,u 

γ  

indicates that the EV is discharged to the minimum 

battery capacity before being charged, then stops 

discharging, and finally plug-out after a period of 

forced charging. in

u

Cap  , Capmax, Cap u 

exp , and Cap u 

min 

can be obtained directly from the index system. tc,max,u 

end , 

td,u 

end, t
u 

st, and tu 

out can be determined by the equations (6)-

(9) based on the values of the EV flexibility potential 

indexes under data cluster u.  

 

Fig. 3 An example of the EV flexible region 
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to start charging from Capmin under data cluster u; tu 

out 

is the off-grid time under data cluster u. 

The above variables in (6)-(9) combined with the 

EV flexibility potential index together constitute the 
upper and lower boundaries of the EV flexible region. 

Owing to the limitations of charging power, on-grid 

time, and plug-in capacity, the above variables will be 

different, which will lead to different shapes of the EV 
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flexible regions. By analyzing the relationships among 

the variables in (6)-(9), some points at the upper and 

lower boundaries are calculated and connected to 

obtain the EV flexible regions. 

The upper boundary can be calculated by (10). If 

the off-grid time tu 

out is later than or equal to the time 

when the battery is fully charged tc,max,u 

end , the EV can be 

charged to the maximum battery capacity of the EV 

before the off-grid time t u 

out . In this case, the upper 

boundary will be the line A in Fig.4. Otherwise, if tu 

out is 

sooner than tc,max,u 

end , the upper boundary will be the line B 

in Fig.4. 

 

Fig. 4 The upper boundary construction diagram 
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where, Cap c,u 

out  is the plug-out battery capacity after 

charging, and determined by the equation (11). 

 
c,

out out in,in= +( )
u uu u

uCap Cap t t P−  (11) 

To calculate the lower boundary, two scenarios 

need to be considered: Scenario I – the EV discharging 

immediately after plugging-in; Scenario II – the EV 

charging first before discharging after plugging-in. In 

Scenario I, the average plug-in battery capacity under 

data cluster u in

u

Cap   is larger than the minimum 

battery capacity of the EV Capmin, and the lower 

boundary can be calculated by the equation (12). 
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where Cap d,u 

end  is the plug-out battery capacity after 

discharging under data cluster u determined by (13). 

 
d,

end d out in,in - ( )
uu u

uCap Cap P t t= −  (13) 

Based on (12), if the time td,u 

end when the battery is 

discharged to Capmin under data cluster u is sooner than 

or equal to the time tu 

st  when the EV is forced to start 

charging from Capmin under data cluster u, the EV can 

discharge to Capmin before the plug-out time tu 

out under 

data cluster u, and then charge from Capmin to Capu 

exp. 

As a result, the lower boundary is the line A shown in 

Fig.5. 

By contrast, if td,u 

end is later than tu 

st but sooner than 

or equal to the plug-out time tu 

out, the EV starts charging 

immediately after the discharging process. The EV 

needs to be charged to Capu 

exp after discharging. In this 

case, the lower boundary is shown as the line B in Fig. 

5. If td,u 

end is later than tu 

out, the lower boundary is shown 

in the line C of Fig.5. 

 

Fig. 5 The lower boundary of Scenario I 

In Scenario II, the average plug-in battery capacity 

in

u

Cap under data cluster u is smaller than Capmin. That 

means the EV is immediately charged after plugging-

in. The lower boundary of the Scenario II can be 

calculated by the equation (14). 
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where tc, min,u 

end  is the time when the battery is charged to 

Capmin under data cluster u and determined by the 

equation (15). 
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when the EV is forced to start charging from the 

minimum battery capacity of the EV under data cluster 

u, the EV can be charged to the plug-out battery 

capacity Capu 

exp EV user expect under data cluster u 

before the plug-out time tu 

out. Then the lower boundary 

is shown as the line A in Fig. 6. Otherwise, when tc, min,u 

end  

is later than tu 

st, the lower boundary is shown as the line 

B in Fig.6. 

 

Fig. 6 The lower boundary of Scenario II 

4 EV flexible region approximation 

To construct the flexible region from large 

numbers of one EV user to the EV user cluster, the 

zonotope theory is used to approximate the flexible 

region of a single EV user to reduce the computational 

burden for aggregating regions later. 

4.1 Overview of the zonotope theory 

Zonotope is a special geometric convex polytope 

with central symmetry. It is flexible and can change its 

shape and size by adjusting the number and direction 

of generator vectors[32]. The zonotope can be expressed 

as a center point and multiple generator vectors, as 

shown in (16). By reasonably selecting the number of 

generator vectors and size of the scaling coefficient, 

any zonotope can be generated. Zonotope can also be 

represented in abstract form, as shown in (17), 

featuring three parameters: the center point, generator 

vectors, and scaling coefficients. 

( )

min max
1

|{ , }
p

k

n

k
k

kZ z z c    
=

=  = +   g  (16) 

 (1) (1) ( ) ( )( , ,...., )p pZ Z c  = g g  (17) 

where n is the dimension of zonotope; c is the center 

point of the zonotope; g(k) represents the kth generator 

vector, which determines the direction of the zonotope 

extends from the center point; βk is the scaling 

coefficient of the kth generator vector, which 

determines the distance of the generator vector from the 

center point to the boundary of the zonotope; p 

represents the number of generator vectors.  

4.2 The approximation method 

Because the shape of the zonotope can be flexibly 

changed by adjusting the parameters, it can be easily 

aggregated. An approximation method is introduced for 

describing flexible region of a single EV user using 

zonotope. 

The approximation is realized by solving an 

approximation optimization problem. The objective 

function of this optimization problem is to maximize 

the similarity between the zonotope and the original EV 

flexible region, with the constraint that the zonotope is 

contained in the original EV flexible region. The 

approximation optimization model was constructed as 

follows:  

First, the EV flexible region constructed in 

Section 3.3 is transformed into a half-plane 

representation of polytope [33], as shown in (18). 

 { | }u u u un uF f f    =  A b  (18) 

where Fu 

γ  is the EV flexible region under data cluster u 

of the γth EV user; fu 

γ  is the feasible point set within the 

EV flexible region; A
u 

γ  and b
u 

γ  are the coefficient 

matrix and constant column vectors of the inequality 

for representing the edges of the EV flexible region 

under data cluster u of the γth EV user. 

To guarantee that the constructed zonotope is 

contained in the original EV flexible region, (19) is 

derived based on (16) and (18): 
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to simplify the representation, the scaling method is 

also used. The generators and the scaling coefficient are 

summarized in matrix form, thus obtaining (20). 

 max

uuu uc  +A β bGA  (20) 

where |·| denotes to take the absolute value for each 

element of the matrix; c is the center point of the 

approximate zonotope; βmax is the maximum scaling 

coefficient vector.  

In equation (20), Gu is the generator vector matrix 

of the zonotope for the EV flexible region under data 

cluster u of the γth EV user, but the generator vector 

provided in [31] cannot adapt well to the characteristics 

of the EV flexible region. Therefore, the generator 

vector matrix is proposed, as shown in (21). 
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next, the objective function of the approximation 

optimization model is to maximize similarity Z  

equaling to the average of the proportion of the distance 
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distance of each direction of polytope facet-normal for 

the EV flexible region, as shown in Fig.7 and the 

equation (22). 
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where nf is the number of pairs of parallel facets of the 

zonotope; Lz,h is the distance between hth pair of parallel 

facets of zonotope; DF,h is the distance of the EV 

flexible region in the direction of the hth facet-normal; 

Lz,h is formed into matrix , max2 | |u

z h =L M G β  ; 

1[ ,..., ] ff n nn
m m


=M is the normal matrix, which 

contains the normal vectors of all possible facets of the 

zonotope, DF,h is formed into vector set 

, 1= [ ,..., ]
fF h nD DD .  

The zonotope approximates the EV flexible region 

perfectly only if Lz,h = DF,h Combining the objective 

function and constraints, the approximation 

optimization model is formulated as a linear 

programming problem. The decision variables for this 

problem are c and βmax. The formulation is as below: 
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2
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 max 0β  (25) 

where ./ is the division of matrix elements 

 

Fig. 6 The diagram of the Zonotope approximation 

calculation 

5 EV flexible region aggregation 

The aggregation of multiple EV flexible regions is 

realized by calculating the Minkowski sum of them to 

characterize the flexibility of the EVs. Firstly, the 

scaling coefficient vector βmax and center point c will 

be solved by the optimization model. The optimal 

approximation form F z,u 

γ  of zonotope for the EV 

flexible region under data cluster u of γth EV user is 

obtained as (26). 

 
(1) (1) ( ) ( )z, ( , ,...., )

p puF Z c      = g g  (26) 

where cγ is the center point of the approximate 

zonotope, gγ is the generator vector from generator 

vector matrix Gu, and βγ is the scaling coefficient from 

the scaling coefficient vector βmax. 

Then it is ready to calculate the Minkowski sum 

of the EV flexible regions in the same period, denoted 

as . The aggregation of any two EV flexible regions 

σ and η is shown in (27). The aggregated EV flexible 

region can be guaranteed to be a convex set and contain 

all feasible points. The flexibility characterization of 

EVs is realized by this. 
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6 Result and analysis 

The data used are from the real behavior data of 

6903 electric vehicle users in Nanjing, China, from 

May 2021 to May 2022. As introduced in Section 3.1, 

it includes basic information, charging data, and 

driving data. The data set includes 1,400 taxis, 2,990 

private cars, 1,784 rental cars, 439 official cars, and 290 

buses. The total number of data entries is nearly 1.4 

million. 

6.1 EV flexible region type analysis 

Through the construction of the EV flexible 

region, 20160 EV flexible regions are constructed for 

6903 EV users. From the perspective of types of 

flexible regions, they can be divided into seven 

categories. By analyzing the type of flexible region, the 

charging habits of different vehicles can be obtained, 

such as several times of plug-in in a day, when to plug-

in, and flexibility after plug-in. In order to better 

illustrate the characteristics of different EV flexible 

regions, this study selects an example for each type of 

EV flexible region, as shown in Fig.8. Some capacity 

variables related to the EV flexible region are shown in 

Fig.8. 

It can be seen that the plug-in capacity of (a), (b), 

(c), and (d), the four types of EV flexible regions are 

higher than the minimum capacity and can participate 

in the discharge immediately after plugging-in, while 

the three types of (e), (f), and (g). The class (a) EV 

flexible region conforms to the ideal state, and its upper 

and lower boundaries are line A under Scenario I of 

Section 3.3, which is due to its long on-grid time and 

large charging power. As the flexibility potential index 

changes, the EV flexibility region will change, such as 

(b) (c) (d), and their flexibility is less than (a). In 

contrast to the (a) type, the lower boundary of the (g) 

type is line A under Scenario Ⅱ of Section 3.3, which is 
because its plug-in capacity is lower than the minimum 

capacity.  

To better illustrate the construction of the EV 
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flexible region, Fig.9 shows the EV flexible region of a 

private car user. It is found that the plug-in time of the 

private car user is relatively scattered and accustomed 

to charging at 0:00, 12:00, and around 22:00. These EV 

flexible regions belong to (a), (c), and (a) in Fig. 8, 

respectively, and their plug-in battery capacity is higher 

than the minimum battery capacity. The user can 

participate in discharging immediately after plugging-

in. However, the on-grid charging time at 12:00 h is 

relatively short. The other two flexible regions have a 

low plug-in capacity, which proves that the user used to 

charge after a day of work has a longer on-grid time. 

The flexible region construction result represents the 

characteristics of typical private car users, that is, 

charging for the short term at daytime and charging for 

the long term at night after returning home. 

 

Fig. 8 The EV flexible region classes

 

 

Fig. 9 The flexible region of a private car user 

6.2 Flexible region analysis of EV application 

clusters 

The aggregation of the flexible regions of 

different EV application clusters is carried out to 

discuss the flexibility differences, so that different 

guidance methods can be used for different EV 

applications in the future study, as shown in Fig.10. 

Taking 2 hours as the length of an interval, the 24-hour 

period is divided into 12 periods, and the flexible 

regions of a large number of EV users are aggregated 

in every time period.  

The flexible region of the private car cluster is the 

largest, providing the greatest flexibility. The flexibility 

is quite dispersed. Most of the flexibility is 

concentrated in the period from 10:00 to 22:00, and the 

capacity adjustment range varies from 20 MWh to 80 

MWh. Most of them are accustomed to slow charging 

at home, and the overall load level is low, more suitable 

to participate in the capacity market.  

In contrast, taxi, and rental car are commercial 

vehicles and are often accustomed to fast charging. 

Therefore, they have higher load levels, shorter on-grid 

time, and larger capacity ranges, which leads to their 

flexible regions becoming smaller and slender. The 

flexibility provided by taxis and rental cars is mainly 

concentrated in the periods from 10:00 to 14:00 and 

from 18:00 to 22:00. The schedulable capacity ranges 

from 10 MWh to 25 MWh, but the load level of rental 

cars is higher. Thus, they are suitable for participation 

in energy-only markets. 

The official cars and private cars are similar, and 

the charging load level is low, but there is no large 

flexible area during the period 18:00-22:00, which is in 

line with the characteristics of official cars not going 

home to charge. The bus is a special vehicle with a 

fixed route, low plug-in battery capacity, and a large 

charging load. The flexibility of the bus is very low.  

in
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(g) The class (g) of the Scenario II



 

Fig. 10 Aggregation results of the flexible region of each EV user cluster

6.3 Analysis of influencing factors 

The flexibility of electric vehicles is influenced by 

a variety of factors, such as the number of electric 

vehicles and traffic conditions, and this section 

analyzes these factors in detail. The number of flexible 

regions from each EV cluster before aggregation is 

shown in Fig.11; the number of flexible regions is 

positively correlated with the number of vehicles. Fig. 

10 (f) illustrates the flexible region aggregation result 

for all EV users.  

 

Fig. 11 The user class composition of flexible region 

in each interval 

The flexibility of all EV users is predominantly 

attributed to private cars, which is a consequence of the 

larger number of private cars in the overall vehicle fleet. 

While rental vehicles and taxis constitute a smaller 

proportion of the overall vehicle fleet compared to 

private cars, their higher mileage potential, and higher 

charging power, the flexibility contributed cannot be 

ignored. In conjunction with Fig.11, the specific 

analysis is as follows: private cars account for a 

relatively high period, and the flexible region is large, 

such as 0:00-2:00, 18:00-22:00. In these periods, the 

flexible region of EVs is significantly affected by 

private cars with low charging power and long on-grid 

time. EVs are suited to the capacity market during these 

periods. Although the quantity of rental vehicles and 

taxis is not comparable to that of private cars, they 

exhibit higher charging frequency and consistently 

occupy a significant proportion within the flexible 

region. When the rental cars and taxi occupy a 

relatively high period, the flexible region of EVs will 

become smaller and slender, such as 10:00-14:00 two 

periods, which is due to the high charging power of 

taxis and rental cars, and the short on-grid time. EVs 

are suitable for the energy-only market during these 

periods. 

 

Fig. 12 The area of EV flexible region and the trip 

time in Nanjing  
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The area of EV flexible region and the trip time in 

Nanjing during each interval are presented in Fig.12. A 

larger area indicates greater flexibility. Longer trip 

durations suggest less favorable road conditions. 

It can be seen from the changes of EV flexible 

region area and trip time, the flexibility of the EV 

cluster is inversely proportional to road conditions, 

with better road conditions resulting in greater 

flexibility. During the congested morning peak hours, 

the flexibility of the EV cluster is significantly reduced 

compared with the evening peak hours, and this 

congestion leads to increased power consumption. In 

conjunction with Fig.10, between 8:00-10:00 after the 

morning peak, the capacity adjustment range for the EV 

cluster is limited to 25 MWh-60 MWh, indicating a 

lower plug-in capacity during this period. Conversely, 

between 18:00-22:00 after the evening peak when road 

conditions are improved, the EV cluster exhibits a 

larger flexible region and higher upper and lower limits, 

indicating a higher plug-in capacity at that time. 

6.4 District flexibility analysis 

Owing to the temporal and spatial nature of EV 

charging and based on the analysis of the flexibility of 

EV clusters in the preceding section, the flexibility of 

the charging area can be deliberated, which can offer a 

preliminary conclusion for considering the flexibility 

of EVs in the development of urban power systems. 

 

 
Fig. 13 Distribution of charging vehicles and daily average charging load by districts 

 

The distribution of charging vehicles and the daily 

average charging load curve in the six districts of 

Nanjing are shown in Fig.13. An analysis of charging 

frequency reveals that Jiangning District exhibits the 

highest frequency of charging activities, potentially 

indicating enhanced operational flexibility within its 

electric vehicle fleet and can participate in vehicle-to-

grid interaction to effectively address issues such as 

grid overload. Conversely, Liuhe District exhibits the 

lowest charging frequency among the districts under 

consideration. The flexibility of EVs in the district is 

limited, and the base load is minimal. Consequently, it 

is necessary to collaborate with other load-side 

resources to address the power grid challenges in the 

district. 

The time distribution of charging activity shows 

that the charging activity in each district is relatively 

minimal in 0:00-8:00. The EV charging behavior in 

Jiangning, Qixia, and Pukou districts exhibited 

bimodal characteristics, albeit with temporal variations 

in peak occurrences, indicating that these districts 

experience EV flexibility peaks during distinct 

intervals. Gaochun and Liuhe districts exhibit similar 

EV charging patterns across various time intervals. In 

contrast, Lishui District demonstrates a unimodal peak 

in EV charging behavior, with negligible charging 

activity observed in 00:00-06:00. This observation 

suggests that EVs in this district have limited capacity 

to provide flexibility during the early morning hours. 

In addition to Jiangning District, the charging 

frequency in the remaining districts in 18:00-24:00 is 

marginally higher than that in 12:00-16:00, suggesting 

that the concentration of workplaces in Jiangning 

District is substantial, resulting in a significant number 

of users charging at midday. This phenomenon also 

Taxi

(a) The Gaochun (b) The Jiangning (c) The Pukou

(d) The Lishui (e) The Qixia (f) The Liuhe

Private cars Rental cars Official cars Bus Daily average charging load



  

leads to variability in flexibility even within the same 

time interval, necessitating that the power grid 

comprehensively consider both temporal and spatial 

characteristics to formulate appropriate measures. 

Regarding the vehicle composition in each district, 

Gaochun District exhibits distinct characteristics, 

primarily comprising rental and private vehicles. Based 

on the aforementioned analysis of EV clusters, this 

district demonstrates potential to offer flexibility in 

both the capacity market and the energy-only market. 

The vehicular composition of Jiangning District 

exhibits considerable diversity, demonstrating a 

notable capacity for participation in both capacity and 

energy-only markets. The electric vehicles charging in 

Lishui District predominantly comprise buses and 

rental cars. This composition is attributable to the area's 

distance from the city center, its low urbanization rate, 

and the scarcity of private cars and taxis, factors which 

render it more conducive to participation in the energy-

only market. The vehicular composition in Pukou, 

Qixia, and Liuhe exhibits similarities. However, a 

notable distinction lies in the presence of buses in Qixia, 

which potentially possess greater capacity for 

participation in the energy-only market. The private 

vehicles in the Liuhe District demonstrate a charging 

peak 8:00-10:00. This phenomenon is attributable to 

the presence of extensive industrial parks in the district, 

where private car users initiate charging upon arrival at 

their workplace. 

Several factors contribute to this phenomenon. 

Based on the charging frequency in each district and 

the analysis results of EV cluster flexibility mentioned 

above, this study categorizes EV flexibility in each 

district into six levels. Additionally, data such as GDP, 

population, and area are collected for each district to 

examine their relationship with EV flexibility in that 

particular area. This is illustrated in Tab.2. 

The correlation analysis of this data set reveals 

that the flexibility of each district exhibits a strong 

positive correlation with GDP and population, with 

correlation coefficients of 0.82 and 0.77, respectively. 

However, there is no significant correlation between 

flexibility and area (correlation coefficient = 0.06). 

These findings suggest that the flexibility of EVs in a 

district is primarily influenced by its economic strength 

and population size rather than its area. Consequently, 

these results offer valuable insights for potential 

applications leveraging EV flexibility in urban areas, 

emphasizing the importance of prioritizing regions 

with higher GDP and population. (It is noteworthy that 

despite Lishui's higher GDP and population, its electric 

vehicle (EV) charging frequency and vehicle type 

diversity are marginally inferior to those of Pukou 
District, leading to the conclusion that Lishui exhibits 

less flexibility than Pukou.). 

Tab. 2 District data sets and flexibility rankings 

District 
GDP (billion 

CNY) 
Population Area(km2) 

Flexibility 

rank 

Jiangning 3056.19 1985,200 1563.33 6 

Qixia 1783.56 1012,700 395.44 5 

Pukou 529.95 414,500 910.49 4 

Lishui 1061.76 513,000 1063.67 3 

Liuhe 613.54 640,800 1471 2 

Gaochun 59.035 440,000 790.22 1 

6.5 Comparative analysis of proposed method 

In order to better realize the aggregation of the EV 

flexible region, the original generator is improved so 

that the approximation model is more suitable for the 

EV flexible region. Tab.3 shows the average similarity 

z  that the approximate model can achieve before and 

after improve, and the average similarity is improved 

from 0.305 to 0.871, which proves that the modified 

generator is effective. 

Tab.4 shows the time of EV flexible region 

aggregation for various EVs. The total time for the 

20160 EV flexible region aggregation is 41.96 seconds. 

As the number of EV flexible regions decreases, the 

calculation time also decreases. The proposed method 

can complete the aggregation for different types of 

vehicles, and the calculation time is fast. 

Tab. 3 Average similarity of approximate model 

Average 

similarity 

Original 

generators 

Proposed 

generators 

z  0.305 0.871 

Tab. 4 The aggregation time of each EVs 

EVs Bus 
Official 

cars 
Taxi 

Rental 

cars 
Private 

cars 
Total 

Number 

of 
regions 

1059 1231 4075 5060 8735 20160 

Time(s) 2.45 2.85 9.65 11.35 20.36 41.96 

7 Conclusion and future study 

A method to characterize the flexibility of EVs 

based on real user behavior data is proposed. Based on 

the clustering algorithm, the charging habits of the 

users are mined by clustering the plug-in time for each 

user. The flexibility potential is quantified by 

establishing an evaluation index for each cluster of 

each user. Then, based on the indexes for each cluster 

of each user, the flexible region of a single EV user is 

constructed, and the flexibility of EV users in the 24-

hour period is analyzed. Finally, the flexible region of 

EV users is aggregated by using the zonotope 



  

approximation and the Minkowski sum, and the 

flexible region of all EV users is obtained. 

A real dataset is used in this study. The 

characteristics of different types of flexible regions, 

flexibility of different EV user clusters in each period, 

and influence of user types and road conditions on EVs 

flexibility are analyzed. The EV flexibility of each 

district is also analyzed, which provides an a priori 

reference for cities to utilize EV flexibility. 

Simultaneously, the similarity is improved by 0.566 

when approximating the EV flexible region by 

modifying the generator. The results of these analyses 

reflect the flexibility of the EVs. The upward-

downward adjustment ability of the EVs flexibility 

under different time periods is analyzed, which 

provides a reference for EVA dispatching EVs to 

participate in the flexibility adjustment of the power 

grid. The EVA can be scheduled directly according to 

the shape characteristics and boundary of the EVs 

flexibility region.  

The proposed method needs to be improved. The 

following is a summary of future research. 

1) The impact of network facility supply on the 

flexibility characterization of users is not discussed in 

the manuscript. However, with the development of 

smart grids, the cyber threat brought about by the smart 

grid infrastructure is becoming increasingly prominent. 

Data leakage, malware attacks, denial of service attacks, 

etc., may undermine the stability of the power grid, 

resulting in the interruption of charging services and 

damage to facilities, thus affecting the flexibility of EV 

users. Therefore, it is necessary to study this further in 

the future. 

2) The EV flexibility index uses the average value 

to represent the long-term behavior habits of users. In 

the future, the probability distribution model will be 

used to characterize the charging and discharging 

habits of EV users, and an EV flexibility region model 

including the probability distribution will be proposed. 

3) An EV flexible region based on the dispatching 

capacity is constructed. Further research should be 

conducted on dispatching power regions. 
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