
  

  

Abstract—Driving risk field is regarded as an effective 

method to evaluate the driving safety for Connected and 

Automated Vehicles (CAVs). The existing driving risk field 

models do not fully consider the impacts of vehicle geometry and 

vehicle kinematics. So, the performance of the existing models 

needs to be further improved. In this paper, we establish a more 

realistic model of the driving risk field. First, vehicle geometry is 

incorporated into the driving risk field by building an ellipse 

model to appropriately reflect the vehicle shape. Second, the 

impacts of different moving directions of vehicles are also 

considered in the established model to accurately represent 

vehicle kinematics. Third, we design a computationally efficient 

function to describe the relations between potential energy and 

force, which lays a foundation for vehicles to make moving 

decisions using the driving risk field. Finally, a typical 

car-following scenario is designed to evaluate the performance 

of the proposed method with the help of Next Generation 

Simulation (NGSIM) dataset. Simulation results demonstrate its 

promising performance in describing traffic safety and driving 

behavior. 

 

Index Terms—Connected and Automated Vehicles, 

driving risk field, vehicle geometry, car following. 

 

I. INTRODUCTION 

Connected and Automated Vehicles (CAVs) emerges as a 
promising way to improve traffic safety and efficiency [1], [2]. 
With the aid of vehicle-to-everything (V2X) technologies, the 
vehicles can communicate with each other to share the 
physical attributes and driving states [3]. Based on the 
abundant traffic information, the driving risk field is proposed 
to provide a foundation for collision avoidance and trajectory 
planning [4], which introduces and promotes the concept of 
“potential field” to mathematically describe the driving risk.  

The concept of the driving risk field originated from using 
the artificial potential field (APF) to plan the trajectory for 
mobile robots in 1990 [5]. Then, this interesting idea of 
“potential field” has received widespread attention in making 
decisions and planning trajectories for mobile robots [6]–[9]. 
With the development of vehicular technologies and 
communication technologies, the driving risk field was 
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established for intelligent vehicles. Ni [10]–[12] 
demonstrated the objectivity and universality of the potential 
field from the perspectives of both macro and micro, laying 
the foundation for using the potential field theory in traffic 
systems. In [13]–[15], a unified driving risk field model of the 
driver-vehicle-road system is established and verified in the 
practical applications. On such a basis, Li [16] improved the 
distribution of driving risk field model to make it more 
suitable for reality. Chen [17] established a rectangular 
repulsion and gravitational field around the obstacle vehicle 
to guide the ego vehicle to achieve obstacle-avoidance 
trajectory planning. Based on ethical theories, Geisslinger [18] 
proposed the theory “ethics of risk” and a novel framework for 
path planning. In [19], [20], the critical parameters of driving 
states (e.g., acceleration) are introduced into the driving risk 
field so that each vehicle can predict the driving behaviors of 
surrounding vehicles more accurately and then plans a safe 
and efficient trajectory. In [21], [22], the driver’s response 
was studied and used to comprehensively evaluate the 
driver’s belief about the probability of a potential accident. 

Although many studies have discussed and improved the 
model of driving risk field for CAVs, there still exist the 
following major limitations in practical applications. First, 
the impact of vehicle geometry is ignored when establishing 
the driving risk field. In most existing studies, the vehicle is 
regarded as a mass point without considering its physical size. 
It is inconsistent with the actual driving environment, as 
vehicle geometry is an important factor affecting driving risk. 
Second, the way of using the driving risk field in a specific 
traffic scenario is not clear. The existing studies usually focus 
on building the model of driving risk field, but the methods of 
adopting the driving risk field to make moving decisions need 
to be further studied. Explicit relations between the driving 
risk model and driving behaviors are always required.  

To overcome the above limitations, this paper establishes 
an improved model of the driving risk field. To make the 
driving risk field more realistic, the vehicle geometry is 
considered by building an ellipse model to appropriately 
describe the vehicle shape, and then the impacts of different 
moving directions are incorporated in the model to accurately 
represent vehicle kinematics. To clearly instruct the vehicles 
how to make decisions using the established model, we 
design a computationally efficient function to physically 
describe the relations between potential energy and force.  

Theoretical analysis and comparison simulation results 
jointly demonstrate that the proposed method can better 
describe the traffic safety and driving behaviors of vehicles.   

This paper is organized as follows. Section II introduces 
the concept of the driving risk field. Section III proposes an 
improved model of the driving risk field. Section IV evaluates 
the performance of the proposed model in a car-following 
scenario by comparing it with typical car-following models. 
Conclusions and further works are presented in Section Ⅴ. 
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II. CONCEPT OF DRIVING RISK FIELD 

There exist strong couplings between the trajectories of 
vehicles in the traffic system. So, the driving behaviors of 
each vehicle should be adjusted timely according to the 
motions of its surrounding vehicles to guarantee driving 
safety. As shown in Fig. 1, vehicle A can detect the risk from 
vehicle B and then keep a safe distance from it. vehicle A 
needs to slow down to avoid collision with vehicle B when 
vehicle A is close to vehicle B. Besides, due to the existence of 
vehicle A, vehicle B needs to avoid sudden braking and 
maintain a certain velocity, so as to avoid collisions with 
vehicle A.  

BA

Safe distance
 

Figure 1.  An example of a car-following scenario 

Based on the above descriptions, we can find that the 
driving behaviors and movements of each vehicle could be 
affected by the surrounding vehicles. According to Newton’s 
first law, “Every object persists in its state of rest or uniform 
motion in a straight line unless it is compelled to change that 
state by external force impressed on it” [19]. Therefore, there 
is no substantial physical touch between vehicles, but we can 
assume that there is virtual force imposing on the vehicles, so 
as to change their driving behaviors. This kind of virtual force 
can be regarded as a field force, as it is determined by the 
characteristics of vehicle geometry and vehicle kinematics 
rather than physical contact. The above descriptions indicate 
that there is a potential field in the traffic system to describe 
the driving risk between vehicles, namely, the “driving risk 
field” discussed in this paper. 

On this basis, a potential function can be formulated to 
mathematically describe the degree of driving risk. Similar to 
Potential theory in Physics, the potential function of the 
driving risk field has the following characteristics:  

1) The function value is related to the distance to the 
surrounding vehicles. The closer to the obstacle vehicle is, the 
larger the function value and the higher the driving risk are. 

2) The function value is also related to the characteristics 
of vehicle geometry and vehicle kinematics of the 
surrounding vehicles. The larger the size of the vehicle is, the 
greater the mass and the higher the velocity are, which leads 
to the larger function value and higher driving risk. 

Enabled by V2X, each vehicle can interact with 
surrounding vehicles and the above information can be 
obtained in real time. So, the driving risk field model can be 
established using the obtained traffic information to help the 
vehicles accurately perceive the potential risks and then lay a 
foundation for collision avoidance and trajectory planning. 

III. IMPROVED DRIVING RISK FIELD DESIGN  

In this section, an improved driving risk field is designed. 
First, we establish a novel vehicle geometry model to describe 
the vehicle shape. Then, a complete driving risk field model is 
established by intergating vehicle geometry and vehicle 
kinematics. At last, we design a computationally efficient 
function to describe the relations between potential energy 
and force, so as to apply the driving risk field in trajectory 
planning of vehicles. 

A. Vehicle Geometry Model 

In this subsection, a new vehicle geometry model is 
constructed to appropriately describe the shape of vehicles, 
which is the foundation for building the driving risk field. 

In practical applications, vehicle geometry is an important 
factor that cannot be ignored in evaluating the driving risk, as 
the larger the size of the vehicle is the greater range of driving 
risks it generates, which leads to a higher probability of 
vehicle collisions. In addition, the hit area of vehicles can be 
approximately represented by a rectangle. When an obstacle 
collides with the boundary of the rectangle, it is regarded as 
an accident. Therefore, vehicle geometry cannot be ignored. 

Generally, the vehicle shape should be regarded as a 

rectangle with a definite value of length l  and width w . 

However, it suffers high computational complexity in 
describing driving risk. To improve computational efficiency, 
we construct an ellipse circumscribed by the rectangle to 
appropriately describe the vehicle shape, as shown in Fig. 2. 

xo

d

y

( )0 0,  A x y

( )2 2,  C x y

( )1 1,  B x y

2l
2w



 

Figure 2.  An illustration of using an ellipse to describe vehicle shape. 

Taking the longitudinal direction of the road as the x-axis 
direction, and the lateral direction as the y-axis direction. In 
Fig. 2, we can see that the centroid of the vehicle is at 

( )0 0,x y , and the heading angle of the vehicle is  . Then, we 

define the vehicle geometry model as the ellipse 
circumscribed by the rectangle with the major axis 2l  and 

the minor axis 2w . The expression of the vehicle geometry 

model is 

                                      
2 2

2 2

1

2

p q

l w
+ = ,                                   (1) 

where 
( ) ( )

( ) ( )
0 0

0 0

cos sin

cos sin

p x x α y y α

q y y α x x α

 = − + −


= − + −
. 

As mentioned, the driving risk is highly related to the 
distance to the obstacle. So, the potential function of driving 
risk should be constructed by employing the information 
about the distance to the corresponding vehicle. To this end, 
in the rest of Section III-A, we will define how to describe the 
distance d  from a point outside the ellipse to the ellipse.  

As shown in Fig. 2, the distance from point B to the ellipse 
refers to the distance from point B to point C, which is the 
crossing point with the ellipse on the line connecting point B 
and point A. Next, for point C, we have 

                        

( )( ) ( )( )1 0 2 0 1 0 2 0

2 2

2 2

2 2

1

2

x x y y y y x x

p q

l w

− − = − −



+ =


,                (2) 

where 
( ) ( )

( ) ( )
2 2 0 2 0

2 2 0 2 0

cos sin

cos sin

p x x α y y α

q y y α x x α

 = − + −


= − + −
. By solving (2), 

the distance between point A and point C is 
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( ) ( )
2 2

2 0 2 0

2 2 2 2

1 12 2

AC x x y y

wl AB

w p l q

= − + −


=

+

,                  (3) 

where 
( ) ( )

( ) ( )
1 1 0 1 0

1 1 0 1 0

cos sin

cos sin

p x x α y y α

q y y α x x α

 = − + −


= − + −
. Obviously, we 

have 

                         2 2 2 2

1 1

2 2 2 2

1 1

2 2

2 2

d AB AC

w p l q wl
AB

w p l q

= −

+ −
= 

+

.                  (4) 

To simplify the calculation, we take the molecule in the 
upper right corner as the distance parameter, i.e.,  

                          2 2 2 2

1 1' 2 2d w p l q wl= + − .                     (5) 

The reason why we can take (5) as a simplified form is that it 
is an equivalent deformation of (1) and has a certain 
correlation with the distance to the ellipse. For simplicity, we 

still use the symbol d  instead of 'd  to represent the distance 

parameter in the following sections.  

B. Driving Risk Field Model 

In this subsection, the complete driving risk field model is 
constructed by considering vehicle geometry and kinematics.  

First of all, we need to introduce some parameters to 
supplement the model. The driving risk is related to the mass 
and velocity of the vehicle. Generally, the greater the mass 
and the higher the velocity are, the higher the risk of collision 
is. Therefore, we introduce a parameter related to the mass 
and velocity of the vehicle to characterize the driving risk, 
i.e., 

                                      ib

i i i i iE a m v c=  + ,                             (6) 

where im  and iv  are the mass and velocity of the obstacle 

vehicle, respectively; ia , ib , and ic are undetermined 

coefficients; , 0i ia b  . 

o

ov

ijr

( ),i ix y 

( ),j jx y 

Ego vehicle

Obstacle vehicle

y

xo

 

Figure 3.  Schematic diagram of the directional difference coefficient 

Additionally, driving risk is also affected by the moving 
directions of vehicles. Specifically, the degree of driving risk 
in the moving direction of the obstacle vehicle is higher than 
that of the side and rear. Therefore, it is necessary to introduce 
the direction inhomogeneous coefficient to accurately 
describe the impacts of different moving directions. Referring 
to [14], we correspondingly also use an exponential function 
to define the direction inhomogeneous coefficient as 

                                         
( )θ o ocos -1

DI

k v
e=


 ,                         (7) 

where ov  is the velocity of the obstacle vehicle; 

( ),ij j i j ir x x y y= − −  and o  is the angle between the 

direction of ov  and ijr ; θk  is the undetermined coefficient 

and 0k  , as shown in Fig. 3. 

Equation (7) can describe the law of the driving risk 
caused by obstacles changing with its velocity and different 

directions. Specifically, at the same velocity, the smaller oθ  

is, the larger the DI  is, and the higher the driving risk. When 

oθ =  , that is, when the ego vehicle appears in front of the 

obstacle in the direction of its velocity, the driving risk is the 
highest. At the same angle, the greater the velocity, the higher 
the driving risk. 

Based on the above analysis, it can be summarized that the 
closer to the obstacle is, the greater the driving risk is. Further, 
the driving risk increases with the velocity of vehicles. 
Importantly, from the perspective of Physics, the interaction 
between vehicles caused by traffic risk is similar to the 
interaction between particles described by the Yukawa 
potential [23]. Therefore, we also utilize an exponential 
function to characterize the driving risk, and the complete 
potential function of the driving risk field is defined as 

                     
( )DI

P

exp ,  0

 0

i r

i

E k d d
V

E d

   − 
= 

 ，




,             (8) 

where rk  is the steepness coefficient and 0rk  , which can 

determine the steepness of the potential function;   is the 

undetermined coefficient and 0 .  

 

Figure 4.  Three-dimensional diagram of the driving risk field. 

 

Figure 5.  Contour plot of the driving risk field. 
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Fig. 4 and Fig. 5 are the three-dimensional diagram and 
contour plot of the driving risk field generated by an obstacle 
vehicle, respectively. The obstacle vehicle is located at (0, 0) 
and moving in the x-direction. From Fig. 4 and Fig. 5, we can 
see that a potential barrier is formed in the elliptical area 
around the vehicle, which is determined by the vehicle 
geometry. The potential energy value inside the ellipse is 
much higher than the outside, and the potential energy value 
increases rapidly as the distance from the ellipse reduces, i.e., 
the driving risk inside the ellipse is much higher than the 
outside.  

TABLE I.  VEHICLE ATTRIBUTES AND MOTION STATES SETTINGS  

Vehicle l (m) w (m) Location v (m/s) α (°) m (kg) 

A 4 2 (-20, -5) -8 0 1800 

B 5 3 (0, 0) 10 -30 2000 

C 6 3 (20, 5) 9 0 2000 

x

y

A

B

C
 

Figure 6.  Schematic diagram of the complete driving risk field. 

Instead of using a mass point to describe the vehicle 
geometry as in [13]–[17], [19]–[21], [24], we build an 
elliptical model in this paper. Fig. 4 and Fig. 5 demonstrate 
that the proposed driving risk model can characterize driving 
risk more accurately after considering vehicle geometry. 
Besides, we can also find that the potential energy value in the 

forward direction of the vehicle (i.e., the positive direction of 
the x-axis) drops slower than that in the rear. In other words, 
the driving risk in the front is higher than that in the rear, 
which is obviously in line with reality. Therefore, the direction 
inhomogeneous coefficient proposed in this paper is effective 
and reasonable. 

The driving risk field should be the result of superposition 

when there are multiple obstacles on the road. Obviously, the 

potential energy superposition law is scalar superposition, as 

the potential energy is a scalar, i.e., 

                                             S

1

n

i

i

V V
=

=  ,                                 (9) 

where iV  is the potential energy generated by each obstacle 

respectively; SV  is the total potential energy generated by all 

obstacles; n  is the number of obstacles. To intuitively present 
the effects of superposition, we design a complex driving 
scenario with three vehicles to further, as shown in Fig. 6. The 
attributes and driving states of each vehicle are in TABLE Ⅰ, 
and the distribution of the driving risk field is shown in Fig. 6.  

We can see that the driving risk field is composed of the 
field generated by three vehicles at this point. Each vehicle 
can calculate the potential energy value by (8) efficiently to 
accurately evaluate the driving risk at each position on the 
road through the distribution map. On this basis, each vehicle 
can schedule its driving behaviors to stay away from the 
high-risk areas to enhance driving safety and improve traffic 
efficiency. 

C. Application Function   

In this subsection, we design a computationally efficient 
function to describe the relations between potential energy 
and force, laying a foundation for vehicles to make moving 
decisions using the driving risk field. 

As mentioned in Section II, a vehicle moving on the road 
will be acted upon by a kind of virtual force. Then, the ego 
vehicle will stay away from the obstacle and choose a 
low-risk area to approach. Therefore, this force is generated 
by the obstacle, and the direction of such force is from the 
obstacle to the ego vehicle.  

The established driving risk field model (8) is described in 
the form of a potential energy function. We can select the 
infinity of the road as the zero point of potential energy. Then, 
according to the relations between the potential energy and 
the force, the force imposed on the ego vehicle from the 
driving risk field of the obstacle vehicle can be determined. It 
consists of the two components in both x and y directions. 
More details about the functions, which describe the relations 
between potential energy and force, are presented as follows.  

The component force in the x-direction can be defined as 

              ( )

( )
( )

P

DI

2 2

DI

1
exp

2

cos sin
exp

x

r i r

r i r

V
F

x

d
k ξ E k d

xd

w p l q
k ξ E k d

d wl d


= −




=  −  



+
=  − 

+

 

.     (10) 

Similarly, the component force in the y-direction is 

           ( )
( )

2 2

DI

sin cos
expy r i r

w p l q
F k ξ E k d

d wl d

+
=  − 

+

 
.  (11) 

Then, the magnitude and direction of the resultant force are 
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( )2 2

DI

4 2 4 2 2 2

2 2

2 2

exp

4 sin cos

( )

sin cos
arctan arctan

cos sin

x y r i r

y

x

F F k ξ E k d

w p l q pqw l α α
                      

d wl d

F w p l q

F w p l q

 = + =  −



+ + 
 +

    +

 = =   
+  

F

F
 

 

. 

(12) 
Obviously, the field force superposition law is vector 

superposition, as the field force has the size and direction, i.e., 

                                           S

1

n

i

i=

= F F ,                                (13) 

where iF  is the field force generated by each obstacle 

respectively; SF  is the total force generated by all obstacles; 
n  is the number of obstacles. To illustrate the superposition 
law of field force, we design a typical driving scenario with 
multiple vehicles, where one vehicle (i.e., vehicle D) enters 
the scenario shown in Fig. 6. The superimposed force 
imposed on vehicle D is shown in Fig. 7. 

D

A

B

C
FA

FC

FB

FS

x

y

o

 

Figure 7.  Schematic diagram of the field force superposition. 

From Fig. 7, we can see that the resultant force imposed 
on vehicle D is composed of various component forces 
through vector superposition. In the model of driving risk 
field, the field force F  can effectively characterize the 
degree of driving risk. Therefore, the vehicle can timely 
calculate the force in each direction and then judge the 
surrounding driving risk in practical applications, so as to 
schedule its driving behaviors safely and efficiently. 

IV. SIMULATION RESULTS  

In this section, we design a typical car-following scenario 
to verify the performance of the driving risk field model in 
describing traffic safety and driving behaviors. Specifically, 
the improved model of driving risk field is utilized to describe 
the driving risk encountered by the following vehicle and 
schedule its driving behavior. Then, we analyze the error 
between the simulated and the real trajectory data of the 
following vehicle with help of the NGSIM dataset to 
demonstrate the effectiveness of the proposed methods. 

A.  Simulation Settings 

In the car-following scenario, the following vehicle can 
obtain real-time driving states of the preceding vehicle and 
then change its driving behavior according to the field force.  

First, we introduce the method of how to calculate the 
acceleration rate of the following vehicle using the proposed 
driving risk field model. According to Newton’s law, the 
force leads to the change of the particle’s motion state. 
Correspondingly, the vehicle’s motion state changes with the 
field force during driving. The field force generated by 
obstacles is a repulsive force in nature. However, in the 
car-following scenario, the following vehicle always tries to 

keep up with the preceding vehicle, i.e., it will also be acted 
on by a virtual “attractive force” from the preceding vehicle. 
The magnitude of the attractive force is related to the distance 
between the two vehicles. When they are far apart, the 
magnitude is greater, so it will accelerate to catch up with the 
preceding vehicle; when the distance is short, the magnitude 
will get smaller accordingly, which is opposite to the 
repulsive force generated by obstacles. Based on the above 
analysis, we found that the maximum of the vehicle’s 
acceleration can be combined with the properties of the 
hyperbolic tangent function to define the expression of the 
attractive force, which is shown as 

                                    ( )A max tanhF a μd= ,                       (14) 

where maxa  is the maximum of the vehicle’s acceleration; μ  

is the undetermined coefficient;  0μ  . Therefore, in the 

car-following scenario, the total force acted on by the 
following vehicle can be shown as 

                                        T A SF F F= − .                               (15) 

According to the fact that the acceleration of a particle motion 
is proportional to the external force acting on the particle, 
similarly, we define the acceleration generated by the vehicle 
under the action of the total force at each moment as 

                                          T

βv

F
a

αme
= ,                                    (16) 

where a  is the acceleration of the vehicle; m  is the mass of 

the vehicle; α  and β  are undetermined coefficients and 

0α  . 

Then, the popular NGSIM dataset is used to calibrate the 
improved driving risk field model. This dataset is from US 
Federal Highway Administration and collected in the United 
States, which provided the precise location of each vehicle 
within the study area every 0.1s [25], which can effectively 
reflect the driver's behavior when facing risks. We filter the 
car-following pairs from the original dataset on Peachtree 
Street. The movements of both the following vehicle and 
leading vehicle can be extracted.  

In order to better verify the effectiveness of our proposed 
model, the same data are also applied to calibrate the 
parameters of OVM, IDM for comparison, which are two 
typical car-following models [26], [27].  

To evaluate the difference between the simulated results 
and the real trajectory data in NGSIM, we select the mean 
absolute percentage error (MAPE) and root mean squares 
error (RMSE) as the performance metrics in this simulation, 
i.e., 

                              

2
real sim

1RMSE

N

i i

i

x x

N

=

−

=
                         (17) 

                              

real sim

real
1

100
MAPE

N
i i

i i

x x

N x=

−
=                        (18) 

where N  is the sample size calibrated for the model. 
real

ix  is 

the real value of the data. 
sim

ix  is the estimated value 

simulated by the car-following model. 

B. Model Calibration 

In this simulation, we use the Particle Swarm 
Optimization (PSO) Algorithm to calibrate the model 
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parameters, which is a bionic optimization algorithm based 
on multiple agents [28]. The PSO algorithm has the fast 
convergence speed and high efficiency so that it is suitable for 
dataset processing. Therefore, we select the PSO algorithm to 
calibrate the parameters of the established model in this paper. 
The calibration results are shown in the TABLE Ⅱ.  

TABLE II.  RESULTS OF PARAMETER  CALIBRATION  

Parameter Values Parameter Values 

λ  1.7831 ic  0.9333 

rk  2.0071 maxa  20.0385 

k  0.0797   2.1867 

ia  2.4291 α  0.3107 

ib  0.0747   0.1412 

C. Performance Evaluation under Car-following Scenario 

Taking the car-following pair No.85 & No.89 in NGSIM 

as an example, the real and simulated trajectories of the 

following vehicle are shown in Fig. 8. The blue line is the real 

trajectory of the leading vehicle (No.85). The red line is the 

real trajectory of the following vehicle (No.89), and the green 

dotted line is the simulated trajectory of the following vehicle 

(No.89). Fig. 9 shows the real and simulated velocity of the 

following vehicle (No.89). 

 

Figure 8.  The real and simulated trajectories of vehicle 89. 

 

Figure 9.  The real and simulated velocity of vehicle 89. 

From Fig. 8 and Fig. 9, we can find that the selected 
car-following pair is a very typical car-following scenario, as 
it contains the state of deceleration, parking, and start-up 

acceleration. Importantly, the simulated trajectory and 
velocity based on the driving risk field can maintain a small 
error with the real data, and there is no abnormal phenomenon 
such as reversing and overtaking. 

To further validate the promising performance of the 
proposed method, the same dataset and PSO algorithm are 
applied to calibrate the parameters of OVM and IDM for 
comparison. The simulation results are shown in TABLE Ⅲ. 

TABLE III.  COMPARISON RESULTS OF DIFFERENT STRATEGIES  

Model RMSE MAPE 

IDM 3.7245 0.3108 

OVM 3.1073 0.2798 

Driving risk field 1.8292 0.2075 

From the results in TABLE Ⅲ, it can be found that the 

model of the improved driving risk field has the smallest error 

and shows better accuracy than the other two methods. The 

reasons for this performance can be summarized as follows. 

Under the environment of CAVs, based on the real-time data 

communication between vehicles, the proposed model can 

better describe the driving risk of each vehicle and then help 

the vehicle to adjust its driving behavior. However, the 

traditional methods cannot obtain concrete information of 

vehicle geometry and vehicle kinematics, so that they have a 

poor performance in describing vehicle behaviors. 

V. CONCLUSION 

In this paper, an improved model of the driving risk field 

is proposed for CAVs for the evaluation of driving safety. The 

proposed model fully considers the vehicle geometry to 

accurately evaluate the driving risk of vehicles. Meanwhile, 

we build a potential energy barrier around the vehicle, 

establish a potential energy function, and introduce the 

critical parameters such as the direction inhomogeneous 

coefficient to make the model more realistic. A 

computationally efficient function is defined to describe the 

relations between potential energy and force, which lays a 

foundation for vehicles to make moving decisions using the 

driving risk field. Comparison simulation results show that 

the proposed methods can better describe the driving risk and 

driving behaviors of vehicles. In the near future, 

comprehensive decision-making and trajectory planning 

algorithms will be developed based on the proposed method. 
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