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Abstract: Aiming at the APF algorithm in the collision-free path planning and LQR algorithm tracking process,
there are problems such as unreachable target points, local optimization, low safety coefficient of autonomous
lane change collision avoidance tracking control and poor stability, this paper proposes an optimized APF
method, which solves the defects of the traditional artificial potential field method by adding the distance
adjustment factor, the safety distance protection model and the sub-target virtual potential field, and at the
same time generates the autonomous driving car collision-free path. The path tracking control system is
designed based on feed-forward control and DLQR controller, in which the vehicle dynamics state space model
is used as the basis, the model is linearized and discretized, and the corresponding constraint variables are set
to minimize the control command objective cost function under the constraints, and the objective of the DLQR
controller.The objective is to accurately determine the steering angle in order to achieve path tracking and
eliminate the lateral error between the reference path and the actual path caused by external
interference.Finally, the simulink model and CarSim parameter configuration joint simulation platform are
built, and different obstacle scenarios and different speeds are selected for collision-free path planning and
tracking motion simulation research and analysis, which verifies the accuracy and practicability of the
algorithm, and shows more obvious advantages in obstacle avoidance ability, path smoothing degree, and
collision avoidance safety stability. The ideas proposed in this paper are expected to be further extended and
popularized to actual path planning problems, which has important practical significance and engineering
value.

Keywords: Path planning; artificial potential field algorithms; collision avoidance; path tracking;
linear quadratic optimal controller;

1. Introduction

Today, with the quick advancements in computer science, technology, and artificial intelligence,
the idea of replacing human drivers with automated driving systems is slowly coming true. The
development of automated driving has made it possible for people to progressively give up control
[1].The integration of the Internet of Things and artificial intelligence into vehicles has enabled cars
to possess their own thinking system and decision-making capabilities. Consequently, intelligent
automatic driving technology in automobiles is gradually taking the role of the conventional process
of “perception-decision-execution” carried out by drivers.A highly sophisticated product, automatic
driving integrates a number of cutting-edge technologies, such as environment sensing, decision
planning, and following control. Path planning serves as the foundation of automatic driving, while
path follow, wing is a crucial technology. By implementing reasonable path planning and accurate
path tracking, road safety can be ensured, traffic accidents can be avoided, passenger comfort can be
maintained, and traffic congestion can be reduced [2].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Path planning has received a lot of attention in the study of obstacle avoidance for autonomous
vehicles. Path design for self-driving automobiles must take into account regulations and road
architecture in addition to impediments. In order to make the planned path easier for the vehicle to
follow, vehicle dynamics as well as the constraints of the actuating controller are taken into account
at the path planning level.Local path planning is a crucial technique for addressing the active safety
issue with self-driving cars. Significant characteristics include excellent computing efficiency and
real-time performance. A* genetic, ant colony, particle swarm, and artificial potential field (APF)
methods are currently the most common local path planning algorithms. The potential field is created
using the artificial potential field method based on the potential functions of objectives, road
constructions, and barriers. It moves along the potential field’s downward direction as it plans the
route. The route tracking module then figures out the inputs needed from the vehicle to track the
path.Its cheap computational cost, even for complicated path planning including barriers and road
features, is this method’s key benefit over other path planning approaches. It benefits from quick
searches, tremendous computational power, and simple modeling. In contrast to other algorithms,
the approach is also well suited for active obstacle avoidance in self-driving automobiles [3]. The
topology of the actual driving environment of the vehicle is constructed using the corresponding
gravitational and repulsive potential field values, which are formed around the obstacles, in
accordance with the traditional artificial potential field method.The conventional APF-based vehicle
active obstacle avoidance path planning method does, however, have some drawbacks. The standard
APF-based self-driving vehicle is unable to get information about the state of the world’s roads [4].
The conventional APF-based vehicle active obstacle avoidance path planning method does, however,
have some drawbacks. The standard APF-based self-driving vehicle is unable to get information
about the state of the world’s roads.An extensive body of research has been done on APF-based path
planning and tracking. In order to enhance the obstacle avoidance function and enable the planned
courses to suit the various requirements of vehicle travel.Tang Zhirong et al. [5] ellipticized the
distances in the conventional repulsive potential field. To address the local minimum problem, An,L
et al. [6] suggested a novel obstacle point construction approach. To increase the planning path’s
smoothness, Xiu Caijing et al. [7] coupled the vehicle restrictions with the objective function. The
strategy, however, is only able to address the vehicle path planning problem in static environments;
it ignores the path planning problem in dynamic environments, making it challenging to use in
automatic driving. The approach is straightforward in theory and performs well in real-time. In real
applications, however, it is simple to run into issues with local optimal solutions and goal
unreachability due to a lack of constraints like vehicle dynamics. The resilience of the algorithm is
impacted by the parameters [8].

X. Song et al. [9] By deciding on a strategy to enhance the heuristic of the search and increase the
applicability of the algorithm improved the smart droplet algorithm. [10] Wang, X., Liu, M., and Ci,
Y. offered a technique to provide advice for corrective speed, reducing the detrimental effects of finite
rationality.Jian, L. et al. [11] refined the ant colony algorithm by combining it with the artificial
potential field approach for global and local planning, respectively.To increase the algorithm'’s
viability, Liu et al. [12] integrated the artificial potential field method with the composite force field
to relocate the sampling sites with a tendency for collusion to the region of no collusion.In order to
overcome the shortcomings of the APF algorithm, such as its propensity to easily fall into local
minima.For virtual impediments, Zheng et al. [13] introduced a new minimal criterion and improved
the local path planning method.The local minimization problem was resolved by Matoui [14] and
colleagues using a non-minimum speed approach.To solve the local minimization problem brought
on by obstructions near the target, Ning et al. [15] suggested a safe distance. A better active filter was
then used to design an obstacle avoidance controller.

Path tracking control is a critical technology for self-driving cars, and it is primarily implemented
by active steering or differential braking [16]. The route tracking problem of self-driving cars has been
explored by relevant researchers using proportional integral differential (PID) control [17]. Linear
self-resistance control [18], pure track model, fuzzy adaptive control [19], model predictive control
[20], and other methods are used. However, because differential braking affects the longitudinal
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motion of the vehicle, as well as the complexity and uncertainty of the subsequent path of high-speed
vehicles, real-time path tracking function realization is currently facing technical challenges under
complex working conditions. Under complex working situations, active steering now confronts
technical challenges. The employment of model predictive control methods can increase control
performance by maximizing the objective function while also taking the vehicle’s kinematics and
dynamics into account.To construct predictive control for tracking yaw stability, Zhou Li-Hua et al.
[21] adopted the linear quadratic regulator (LQR) technique.Lina Wu et al. [22] proposed a new
strategy based on MPC and connected vehicles (CVs) for metering and speed guidance control of
urban highway entrance ramps. To achieve adaptive optimization of predictive views, Hai Wang et
al. [23] suggested a model predictive control route tracking method based on variable predictive
views. Morales S et al. [24] devised an omnidirectional configuration to realize trajectory tracking
and combined the multilevel control method into a linear quadratic regulator trajectory tracking
controller to reduce trajectory tracking error.In the study of route tracking control method, Chen, J et
al. developed a linear time-varying model predictive control (LTV-MPC) method and assessed the
selected control parameters on the path tracking control method. The impact of this algorithm’s
processing speed comes from a variety of sources. The underlying logic and essential objective of
path tracking for driverless vehicles can be inferred to drastically reduce the path error between the
actual route and the expected route throughout the autonomous driving process. Pure tracking
control, linear quadratic regulator control, and model predictive control are the current major route
tracking control approaches.

Based on the aforementioned study, the standard artificial potential field approach is enhanced
in this paper to address the target unreachability issue by including a distance adjustment factor and
a safe distance protection model. To facilitate a better resolution of the local minimum problem, a
virtual sub-target potential field is introduced.In order to assure the practicality and correctness of
path planning in dynamic situations, a dynamic road repulsive potential field based on the safety
distance protection model is constructed for road structures in dynamic environments.Compared
with literature [xii], by introducing new potential field models and optimization algorithms,
improved artificial potential field method can more effectively guide autonomous vehicles to avoid
obstacles and improve obstacle avoidance efficiency and safety. And it has higher adaptability and
better handling of dynamic obstacles, such as moving vehicles or pedestrians, which is very
important for autonomous vehicles to operate in the real environment. It also has better path planning
ability, which can more accurately plan the vehicle’s traveling path and avoid the problem that the
path is unreachable or trapped in the local optimal solution. Better real-time and stability, can
respond quickly in a real-time environment, and can stably handle a variety of complex obstacle
avoidance situations. Then, to design the right path, apply the enhanced artificial potential field
approach and establish the vehicle dynamics model based on the bicycle model principle, by
linearizing and discretizing the model and constructing the path tracking model, and use the
corresponding constraint variables to establish the optimal objective function of predictive control
and under the constraints x(k + 1) = 4 * x(k) + B * u(k).The objective cost function of the control
command is minimized under the constraints.Finally Joint simulation is performed using MATLAB
and embedded simulink model and CarSim. The experimental results show that the controller has
strong obstacle avoidance ability and tracking performance under different dynamic obstacle
scenarios and different speed parameters, and the variation of each parameter is within a reasonable
range, with better driving safety and stability.

2. Collision Avoidance System General Architecture

2.1. Collision Problem Description

Vehicle collisions are the primary cause of most traffic accidents. Any collision avoidance
system’s objective is to create a vehicle control algorithm that will prevent an oncoming collision.
There are two conceivable options for collision avoidance maneuver driving configurations:
longitudinal control and lateral control.
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Currently, emergency brake aid or brake assist systems are being installed in an increasing
number of cars. However, longitudinal collision avoidance controllers are only partially effective in
avoiding head-on collisions on the road between fast-moving vehicles or rear-end crashes when there
is not enough space between the vehicles. In order to drive the vehicle away from the obstacle
collision hazard and since lateral vehicle maneuvering can be completed in less time than stopping,
aggressive lateral vehicle maneuvering is more appropriate.By accurately calculating and adjusting
the vehicle’s steering angle in real-time, autonomous driving systems can achieve more precise and
accurate lateral control, which enhances the stability and safety of the drive. In this situation,
autonomous driving systems can sense road conditions and obstacles in real-time and make steering
decisions quickly and accordingly. In this study, we concentrate on leveraging lateral control of self-
driving vehicles to perform obstacle avoidance maneuvers and track obstacle avoidance planning
paths with benefits such as stability, comfort, and relevance to real-world settings.

2.2. Collision System Framework

The suggested collision avoidance framework seeks to maintain the vehicle as closely as feasible
to the intended path while generating collision-free paths under various obstacle scenario conditions.
To accommodate changes in obstacle placements and velocities in various obstacle scenario
conditions, the routes are changed within the same control cycle. The system is made up of three
modules: a virtual environment model simulation, a path tracking control system, and a collision-
free path creation module.According to the potential field method, which is a local path planning
algorithm based on a virtual force field proposed by Khatib in 1985, vehicles traveling on roads can
be planned under various obstacle scenarios. The algorithm’s basic idea is to assume that the
traveling target point generates a gravitational force on the vehicle and the obstacle generates a
repulsive force on the vehicle, and the vehicle is controlled to travel along the potential field.The
algorithm’s fundamental notion is that the vehicle is controlled to move through the “potential
valley” between the “potential peaks” in the potential field, assuming that the traveling goal point
creates gravitational force on the vehicle and the obstacle generates repulsive force. While the
repelling force is inversely proportional to the distance between the vehicle and the obstacle, the
gravitational force is proportionate to the distance between the vehicle and the traveling target
point.By calculating the combined gravitational and repulsive forces acting on the vehicle as an
external force, the vehicle’s motion direction and speed may be controlled. The obstacle vehicle
pushes the primary vehicle away, as seen in Figure 1. The target point also generates an attracting
force for the primary vehicle. The main vehicle moves in the direction of the combined force as a
result of the combined action of the attracting and repulsive forces.The primary vehicle then avoids
the obstacle vehicle using the obstacle avoidance system’s frame control, arriving at the target place
in the end. The technique is a feedback control approach that is simple to mathematically explain,
quick to react, and easily realizes the benefits of the algorithm and the environment to build a closed-
loop control, among other things. The intended path is often smooth and safe, with a certain level of
robustness.

Obstacle vehicle

Figure 1. Principle of autonomous collision avoidance.
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3. Path Planning for Autonomous Obstacle Avoidance Based on an Improved APF algorithm

3.1. Road Potential Field Model

For autonomous driving to be safe, modeling an accurate and secure road boundary potential
field function is crucial. It is assumed that the route that the primary vehicle drives on has two lanes,
as illustrated in Figure 1.0n the right and left sides of the road, respectively, are dispersed A and B.
Let lane B serve as the travel lane, while lane A serve as the overtaking lane. The road coordinate
system’s horizontal and vertical coordinates are x and y, respectively.In order to avoid a collision and
keep the vehicle safe, the main vehicle should overtake any obstacle vehicles on the road, as shown
in Figure 1, in accordance with the design principle of the active obstacle avoidance system for self-
driving vehicles. In order to prevent more serious traffic collisions, the primary vehicle should also
stay off the edge of the boundary and outside the boundary on both sides of the road.

3.1.1. Hazardous Potential Fields at Road Boundaries
The roadway lateral hazard potential field as a function of Px with x-direction is expressed as:
Px=g @2 (M)

The longitudinal hazard potential field of the road as a function of the x-direction, Pz, is
expressed as:

)

The longitudinal hazard potential field of the road as a function of the y-direction, Py, is
expressed as:

, YO’ 5 | Y —Yol< Do
Py= |;$,Dbs|y—yo|sz)t 3)
7 IY-riD

where (Xo, Yo) are the obstacle coordinates, Db is the main vehicle safety distance and Dt is the
transition region. The function Ur of the road hazard potential field is expressed as:

UrZPx+Psz (4)

The expression for the lateral repulsion of the road is:

2sign(X —2)(| X =2 |-4)e” ¥ |Y-Y, <D,
(4e’”*’2"“”sign(x -2)(| X -2|-4)(D,-D,)
2(D,-D,)
Frx = X (5)
+e"“’ (\Y—Y0|—Db)(2X—4)) D, <|Y -Y, < D,
2(D,-D,) ?

(2sign(X = 2)(| X =2 | —4)e (X297

Y-Y, 2D
e (X —2)), ! 02D,

The expression for the longitudinal repulsive force on the pavement is:

o _ —(X-2)?
sign(Y-Yo) e , Dp<|Y—Yol|<Di
Fy= 2(Di— D») (6)

0, else

The attraction potential field expression ULt is:
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where Ds denotes the distance range of the vehicle forward path search, X: denotes the center line of
the overtaking lane. yv is the longitudinal position of the center of mass of the main vehicle in the
coordinate system.

The roadway lateral gravitational force expression Fat is:

—sign(X — Xr)
Fratt =—=———=
’ 100 ®)
The roadway longitudinal attraction expression Fyat is:
1
—sign(Y —Yo——Ds)
Fyan = 2 )
15
3.1.2. Safe Distance Protection Model
Vehicle braking, steering, and road structural parameters need to be taken into account when
building the obstacle vehicle potential field. Additionally, it's crucial to guarantee that the primary
vehicle has enough time to make decisions regarding steering behavior and high stability when
performing active obstacle avoidance maneuvers.
For active obstacle avoidance, it is therefore important to make sure that the safety distance D»
and transition distance Dt are at least:
22
py=MO=v) Lt (10)
8Fm 2
Di=D»+10 (11)
where vi1 and v2 are the initial speeds of the main vehicle and the obstacle vehicle on the road, Fm is
the maximum braking force of one wheel, M is the total mass of the main vehicle, and L1 is the length
of the body of the obstacle vehicle.
3.2. Traditional Artificial Potential Field Method
3.2.1. Target Point Gravitational Field
Figure 2 (a) shows the traditional artificial potential field method’s gravitational field function
is:
1 2
Uatt = EKall(X - Xg) (12)

where X is the autopilot vehicle’s position vector, Ua: is the gravity potential field at the target
location, Kat is the gain coefficient of the gravity potential field, which is a positive real number, and
Xz is the autopilot vehicle’s target position vector.The gravitational potential field's negative gradient
is discovered:

Fa =—grad(Uan) = k(Xg — X) (13)
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Target point gravitational potential field

Static obstacle repulsion potential field

0.8

(b)

Dynamic obstacle potential field

25

Figure 2. APF three-dimensional potential field.

3.2.2. Obstacle Vehicle Repulsion Field

Figure 2 (b) and (c) shows the expression for the specific potential field function of the repulsive
force nature potential field is:

lkrep(i—i)z D<D,
Uew=42 D D, (14)
0, D> D,

where Urp is the obstacle vehicle repulsive force field; Krwp is the repulsive potential field gain
coefficient, a positive real number, D is the straight line between the car and the obstacle vehicle
shortest distance; Do is the obstacle vehicle repulsive force can affect the maximum range.
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8
1 1.1 6D
rep(———)—z—, DSDO
Frep = D DO D oX (15)
0, D>D,

3.3. Optimization of the Artificial Potential Field Method

3.3.1. Repulsive Potential Field Function with Increased Distance Adjustment Factor

This paper suggests an improved repulsive potential field function based on the original one,
increasing the distance adjustment factor to reduce the repulsive force on the vehicle at the target
point in order to address the unreachable target issue of the artificial potential field method. The
following is the enhanced repelling potential field function:

(X=X, ) +(Y=Y,)?

1, e
———)’[1- g D<D
U,y =12 (5 DO)[ ¢ ) 0 (16)

0, D >D,

1 1

where [, y] are the autonomous vehicle’s real-time coordinate points; [xg, yg] are the coordinates of
the target point; and R is the radius of the autonomous vehicle.
You may determine the repelling force of the obstacle vehicle’s potential field by:

(X=X, (X=X, P11,

= — 1;12 R 7;1 _ I3 ﬂ
Uy W=, (X=X Q)e (o Q)[l e 5 (17)
VA B P ey et (18)
P P "D D, "D D, D’
|E,, [=yU", (X} +U", (V) (19)

From Egs. (3) and (16), the repulsive potential field changes only when it is close to the target
point. However, the improved method reduces the search efficiency of the algorithm. [25] Therefore,
in this paper, the repulsive force is improved, i.e., the distance adjustment factor is added to the
original repulsive force. The repulsive force formula is:

(X=X,)*+(Y=Y,)

k 1—L)[l—e &2 1, D<D
D, T

rep

£, =10 D (20)

0, D>D,

Eq. (16) not only enhances the repulsive potential field to make sure that the vehicle’s repelling
force tends to zero at the target point, but also accounts for the self-driving car’s body radius to make
the path more dependable and safe. The traditional potential field function’s target unreachability
issue is resolved by the improved potential field function, which also eliminates the improved
repulsive force extremum and prevents situations where there is an excessive amount of repulsive
force.

3.3.2. Subtarget Virtual Point Intervention

After confirming that the primary vehicle is entrapped in the local minimum, the decision of the
virtual target point’s position must be taken into account. First, care must be taken to prevent the
inclusion of this point from causing it to mix with the gravitational or repulsive force and imprison
the primary vehicle once more in the local minima. Second, in accordance with the active obstacle
avoidance system for vehicles’ design principle, the primary vehicle shall attempt to maintain lane
centerline during actual driving. In other words, the main vehicle should preferentially reach the
center of the neighboring lane when engaging steering obstacle avoidance behavior.As a result, lane
B’s centerline should be set at point P1’s horizontal coordinate X1. When the main vehicle enters a
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localized minimal point, point P1 should also guarantee that it can be subjected to a significant
attractive potential energy.Figure 3 shows that the primary vehicle can then successfully execute
active obstacle avoidance and fast get rid of the local minima. In conclusion, the virtual target point’s

coordinates are set as g()q,)g+x), and then, using the spatial geometric relationship, the minimum
2

distance between the virtual target point P1 and the main vehicle’s center of mass is calculated as:

d, = J(XV x4y, Bt ;Yv ) 1)

Virtual target point P1(X,,(Yo+Y,)/2)

B |——- s — — — — — — e e — — . - —
Host vehicle Dy Obstacle vehicle

Figure 3. Subtarget virtual potential field.

3.3.3. Subtarget Virtual Potential Field Attraction Function

To ensure that the newly introduced virtual target point may successfully address the local
minima problem, we provide an appropriate attractive potential field function. This feature must be
able to rapidly activate and operate as the main influencing factor in the event that the main vehicle
gets trapped in a local minima. The gravitational potential field function of the second virtual target
can be expressed by the following formula:

U, :lK d: (22)

vir 2 vir ™~ min
where Kvir is the field gain coefficient for the attraction potential.
The gravitational potential field’s negative gradient, or Fvir is the associated potential field force.
In order to express the second virtual target gravitational potential field force F bundle, the following
functions are used:

E)ir = _V Uvir = _K d (23)

vir " min

The host vehicle was pointed in the direction of the second virtual potential field force. After the
current problem of falling into the minimum point is fixed and the obstacle vehicle is successfully
avoided, the virtual target point is afterwards actively deactivated. Environmental elements such as
road margins, fixed obstructions, and moving obstructions will be considered in this effort by
creating relevant potential functions. The exclusion potential function is used to determine the
collision risk in order to prevent a collision between the self-driving car and road edges and objects.

The self-driving vehicle is traveling on a straight two-lane road, and the total potential field of
the potential function consists of the potential field values of the road edges, obstacles, and target
points, and the obtained 2D contour plot of the generic potential shows the collision-free trajectory
of the vehicle’s path planning, as shown in Figure 4.
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Figure 4. Contour maps of potential fields and collision-free trajectories.

The total potential field function can be expressed as:
Utatal = z Uri + Urep + Uatt (24)
i=1

When the self-driving vehicle is caught in the local minima environment during driving, the
sub-target virtual potential field triggers and intervenes in the controller system to help the self-
driving vehicle escape from the local optimum, at which time the potential function can be expressed
as:

Eotal = Z F;i + F;ep + F;m (25)
i=1

When the self-driving vehicle is caught in the local minima environment during driving, the
sub-target virtual potential field triggers and intervenes in the controller system to help the self-
driving vehicle escape from the local optimum, at which time the potential function can be expressed
as:

Ututal = z Uri + Urep + Uatt + Uvir (26)
i=1
The potential field is rationally represented as:

(27)

rep att vir

EotalZZE’i+F +F +F
i=1

4. Autonomous Obstacle Avoidance Path Planning for Autonomous Driving Vehicles Based on
Optimized APF Algorithm

4.1. Experimental Parameter Presetting

This study simulates the path planning of autonomous vehicles both before and after the
artificial potential field method has been improved. The test road is first chosen as a two-lane road.
Each lane will be 3.5 meters wide, with a total length of 100 meters. The self-driving car’s starting
point is (0, 2), and its destination position is (100, 2). Additionally, two dynamic obstacle vehicles
with initial positions of (45, 1.75), (60, -1. 75), and matching speeds of 15 km/h and 20 km/h are set up
for simulation testing.

4.2. Simulation Experiment Analysis

When the obstacle vehicle is moving faster than the rear main vehicle, which is assumed to be
moving normally in the traffic lane at a speed of 60 km/h, the space between the two vehicles gets
smaller and smaller until it is smaller than the predetermined safety distance. A reasonable
gravitational potential field of the sub-target virtual point is generated by adding the sub-target
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virtual point, which provides a sub-target virtual point of attraction for the main vehicle that falls
into the local minima and local oscillations, allowing it to escape from the issue of local minima and
local oscillations. As a result, the preset vehicle safety and transition distance cannot completely
eliminate the risk of falling into the local minima.These are the simulation results:The autopilot
vehicle in Figure 5(a-c) moves from its starting location at a constant speed and smoothly passes the
dynamic obstacle vehicle 1 to accomplish the obstacle avoidance under the influence of the composite
potential field. And while the dynamic obstacle vehicle 2 drives, it progressively changes course to
get ready for the subsequent lane change. The autonomous vehicle changes lanes sooner thanks to
the composite force in Figure 5(c-e), overtakes from the same lane, successfully avoids the dynamic
impediment vehicle 2, and travels smoothly to the target position.

e
40 60

0 20 80 100
(a)
: - ==& T S :
0 20 40 60 80 100
(b)

0 20 40 60 80 100
(©)

T 20 40 60 80 100
(d)

0 20 40 60 80 100
(e)

Figure 5. Optimizing APF for overtaking and collision avoidance. (a). Change lanes with combined
force; (b). Changing lanes to overtake; (c). Lane change and passing complete; (d). Return to main
lane; (e). Drive smoothly to the target point.

4.3. Conclusion of the Simulation Experiment

The simulation findings accurately represent the precision of the algorithm and show that self-
driving cars are capable of avoiding hazards, changing lanes, and overtaking in dynamic conditions.
The enhanced artificial potential field approach increases the speed and degree of path smoothing
while also improving the accuracy of the planned paths to the actual situation’s stability
requirements. The increased artificial potential field method used in this work can therefore yield
computations with more accuracy and applicability.
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5. Vehicle Dynamics Modeling

5.1. Conditional Assumptions

1.

NGO E LN

12

Vehicle dynamics modeling’s fundamental premise is to investigate the relationship between
each object’s relative motion and mechanical properties in order to give accurate control of the vehicle
during path tracking. The actual modeling technique makes the following assumptions in order to
streamline the algorithm’s solution procedure and improve path tracking efficiency.

The vehicle only performs planar, two-dimensional motion parallel to the road surface due to

the excellent road surface travel conditions.

Because of the vehicle’s rigidity, the effect of the suspension system is not taken into account.
The left and right wheels” angles do not alter when the vehicle rotates with the front wheels;
Not taking into account how the vehicle tires are coupled longitudinally and laterally;

Disregards the impact of aerodynamics;
Disregards the transfer of vehicle load;

In order to streamline the study, the bicycle model is created while taking into account the

characteristics of the reference path, as illustrated in Figure 6.

Y

Figure 6. Principles of vehicle dynamics.

5.2. Vehicle Kinematics Modeling

can be expressed as Eq. (28)-Eq. (31):

X =vcosg
Y =vsing
since the formula:
¢ _ \%
R
tan@ =—
So there is:
. _vtan@
L

(28)

(29)

(30)

@)

where:0 is the front wheel angle, L is the vehicle wheelbase, and R is the turning radius.

5.3. Simplified Model of Vehicle Dynamics
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It is challenging to execute path tracking using only the vehicle’s kinematics model when the
vehicle’s speed increases and the path curvature varies, despite the vehicle kinematics model having
good tracking accuracy under low speed and smooth conditions. The nonlinear vehicle dynamics
model calculation is too difficult. The tiny angle assumption, which turns each angle in the model
into an ideal condition, is presented to lessen the burden of data processing. In this case, a vehicle
dynamics model that considers the vehicle tire characteristics and dynamic effects must be developed
in order to accurately track the reference path. It is assumed that the vehicle’s front wheel rotates at
a small angle and that the longitudinal velocity is constant.

sin@=0,cos@=1,tanf =0 (32)
Then, according to Newton’s law of force analysis, the dynamics of the vehicle can be expressed
as:
ma,=F, cos@+F, (33)
The moment equation is:
F,cos0-a—F, -b=1¢ (34)

where a and b are the distance from the front and rear tires to the center of gravity of the vehicle,
respectively.
The relationship between ay and y is:

Y=Y 35
ay:j}+vx(p (35)
F.=C ,-«,
f ar Yy
F=C -« (36)

€/ and € - are the lateral deflection stiffness of the front and rear tires, respectively, the lateral

deflection stiffness should be negative, with the theoretical knowledge of the car and vehicle
dynamics related to knowledge coordinate system in line with the cognitive logic of physics.
The front and rear wheel side deflections are calculated as:

where

p-a+v
a'af — b _ 0
vx
37
v, = @b 57)
a(xr =
vx
The front and rear side deflection forces are:
@-a+v
F,=C,, -(—v L —0)
N 38
v —geb (38)
F=C, (2
VX
By substituting (31) and (34) into Eq. (29), it can be obtained:
. . Q-a+v v.—@-b
m(Vy+Vx'¢)=Ca;(v—y—‘9)+cm( 2 . ) (39)

By substituting (34) into Eq. (30), we obtain:
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p-a+v v, —@-b
1p=a-C, @5 o) p.c, 2707 (40)
\Z v

X X

From vy =y, substituting into Eq. Therefore, the vehicle lateral state space model can be defined
by Egs. (6), (7), (15), and (16) as:

Caf +C a'Caf -b-C, —y Caf
j} va va ' y _7
L | = ||t -0 41
((oj a-C,-b-C, a-C,+b-C, [(pj Gy (41)
Iv, Iv, 1

6. Path Tracking for Autonomous Vehicles Based on DLQR Control Algorithm

6.1. Path Tracking Control Architecture

Despite the vehicle kinematics model’s high tracking accuracy under conditions of low speed
and smoothness, it is challenging to the dynamics model of the autonomous vehicle suggests that
feed-forward control and feedback To generate the proper steering angle for the self-driving car,
DLQR control approach is employed.In an autonomous driving system, combining feedforward
control with DLQR (Discrete Linear Quadratic Optimal Regulator) control can give full play to the
advantages of both. Feedforward control can be used to predict and compensate for deviations due
to external interference or system uncertainty, while DLQR control can be used to optimize vehicle
trajectory and speed. In practical applications, feedforward control is often designed as an additional
control that is added to the output of the DLQR controller. In this way, the DLQR controller is
responsible for providing the basic control signal, while the feedforward controller is responsible for
providing additional control signals that compensate for the predicted deviation for optimal driving
performance. In order to lessen the disturbances caused by path curvature, the controller makes use
of the reference path’s preview information. The LQR, on the other hand, has a stronger ability to
adjust to longitudinal speed variations when following a specific course because it is made to remove
the real-time lateral deviation and directional error brought on by external disturbances. Figure 7
depicts the control model.framework.

From workspace Computing module Control module

Complete vehicle

parameters LQR control module

Finally
Vehicle position and A&B matrix Feedforward control control and
status calculation module module | computing

module
Planning ?rajectory Fedagin e,8k calculation
point } module

Figure 7. Framework of DLQR tracking control algorithm.

6.2. Calculation of Error Parameters

The closest planning point to the true motion point is found by traversing the planning path
points such that the sequence of points is denoted as Dmin.
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.X'r xl .x2 Xn
yr yl y2 yn
= 42
er 91 92 n ( )
k) \k k - k

Then the tangential unit vector and the normal unit vector are:
— COS(eDmin ) — - Sin(eDmin )
Sln(eD min ) COs(eDmin )

The distance error is:

X=Xy
derr — ( Dmin j (44)
y—y Dmin
where (X, y) is the true motion point and (Xomin, ypmin) is the traversal matching point.
normal distance error and tangential distance error, respectively:

=T T =T
e, =1 ‘de,,»es: T 'de,, (45)

The angle between the velocity of the planned path point and the x-axis is:

6 =6 +k,.. e (46)
The normal distance error rate is:
e, =v,cos(¢—06,)+v, sin(p-06,) (47)
The vehicle traverse angle error is:
¢, =906, (48)

The vehicle transverse swing angular velocity error is:

S _ Vx COS(¢_ gr)_vy SIn(q)_ er)

1= Kpmine (49)
é¢ =¢- Dmin S
The curvature of the planning path points is:
k, = Kpmin (50)

In summary, the error vector of the lateral error differential equation can be obtained as:
e, =le;.€;e,¢,] (51)

The component of the velocity in the y-direction and the acceleration are:

v, =¢,-ve,

S . (52)
v, =e,—V.e,
The vehicle transverse swing angular velocity and acceleration are:
p=¢,+0,
(53)

b=¢,
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Substituting the above equations (45)-(53) into the differential equation for the two-degree-of-
freedom dynamics, the differential equation for the transverse error is obtained as:

C +C . C +C, aC —bC . C.
v, =), T, + i )e H—L—")G+H—2)5, (54)
Wx W e m
aC, aC,—C, C +5C dC +FC, .  oC,
- of of o of o of or of
T e T A T Ay 2 (55)
Write it in matrix form as:
0 1 0 0 0 0
é 0 Coy +C, CM+C a(:zf—wa e qu (aCW -bC, )
G| | m, m . € m m, ;
el1o o0 0 1 el o I 0 i (56)
%) |y GG, aCIG, @G G, &) | oGy (azco_,, +b2Cw)
b 1 . 1 b

X X x

6.3. Feed forward Control

The objective of the optimal feedforward controller is to eliminate the lateral error generated by
the path curvature. In this algorithm, preview information of the path path curvature is needed,
which can be determined from the planned path. The feed forward control can be defined as?r,
expressed as Eq. (27) and Eq. (28).

b a a
v, b c,c” c,)] 7)

v, cose,—V sine
S = 19Ky 0 (58)

The defining equation for the curvature K is:

3

y 7]
K=—"—7F=+ 59
iy ° >

It is obtained from the defining equation of K:
0. =KS (60)

Since the expression is too complex, it is approximated here as |K1«1, leo| <1, | vy| <1 in a drift-
free state.

0.=K-S=~K-v, (61)

So, substituting the above Eq. (61) into Eq. (57), we get:

S, =Kla+b-b- N ——

.« =Kl c c C )] (62)
where ks is the third element of the K-matrix calculated by the feedback control module, v is the
constant longitudinal velocity, m is the mass, and a, b are the distances from the hub centers of the
vehicle’s front and rear wheels to the center of mass, respectively. The vehicle’s front and back
wheels’ lateral deflection stiffnesses are represented by the values cf and Cr, respectively.

d0i:10.20944/preprints202407.1007.v1
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The feedforward control input is f, but due to outside disturbances, this controller can’t always
maintain zero lateral error. In order to reduce the lateral error, it is important to develop an external
disturbance feedback controller.

6.4. Forecasting System

Because the vehicle motion comes with inertia effects, the steering control has a lag, so it is
necessary to add a prediction module to improve the vehicle motion lag to improve the vehicle
predictive performance.

The vehicle prediction position point is:

X, =X+V, L COSP—V L SINY (63)

Vpre =Y +V I COSQ+V I COSQ+V L SINY (64)
The vehicle is predicted to have a transverse swing angle of:
Ppre = Pt PL, (65)
Vehicles are predicted to have a speed of:

vxpre = vx’ vypre = Vy 27 pre = ¢ (66)

6.5. Optimal DLQR Control

The DLQR controller’s task in this method is to produce the right steering angle in order to
remove the lateral error between the reference path and the actual path caused by external
disturbances. So, it is assumed that the longitudinal velocity is constant in this situation. Vehicle
dynamics’ state space error model is expressed as follows:

e . =A-e +B-u (67)

where ¢ = [¢:€0:€5:¢] 1/ i the feedback steering control command. Since the LOR controller uses

digital discrete control inputs and the discrete sampling time is 0. 01 s, the state space model needs
to be discretized using Euler’s method.
Therefore, the DLQR discrete lateral error dynamics model can be expressed as:

e, (k+1)=4-e (k)+B-u(k) (68)
The optimal steering control command may be expressed as:
u(k)=-K e, (k) (69)
where K is the optimal control gain and K is expressed as equation (32):
K=(R+B"PB)"'B"P4 (70)

The objective cost function of the control command under constraints can be minimized by Eq.
(71) and the matrix P can be solved by applying the algebraic Riccati equation Eq. (72):

J = (x{Ox, +u; Ru,) (71)
k=0

P=0+A"PA-A"PB(R+B"PB)"'B"PA4 (72)
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g 0 0 0
0 g 0 0
= 73
2=l6 0 4 o (73)
0 0 0 g,

The elements on the diagonal matrix correspond to the weights of different state and control
quantities, the larger the weights, the more importance we attach to the quantity, i.e., we hope that
the quantity will maintain a smaller value during the change process, in other words, the larger the
“penalty” for the quantity. Q is the diagonal state cost matrix, which has good optimization
minimization performance; R =[10] is the input cost matrix, which represents the control realization
minimization. The method controls the steering parameters of the vehicle. Therefore, the vehicle
steering parameters can be selected as q1 =q2=q3=q4=1.

From the transverse error differential equation, the matrix A , B s

0 1

0

0

0
o CutCu C, +C,  aC, —bC, c,
— my, my, — m
=1, 0 0 1 B2y (74)
aC,,-bC,  aC, -bC, a’C, +b’C, C,,
Iz I I a

X X

Matrices A and B are only related to vx, %"= (4.B.0.R) the larger Q is, the better the accuracy, but
poor stability. the larger R is, the smoother the motion process is, the better the comfort and safety,
but the tracking effect is poor, so the values of Q and R should be weighed. Finally, the steering angle
input is generated by combining both feed-forward control commands and feedback control
commands to achieve excellent tracking control performance:

5f=6fa+uk (75)

7. Joint Carsim and Simulink for Path Tracking Experiment Simulation

7.1. Joint Simulation Platform

Currently, the application of joint simulation platforms in the field of autonomous driving has
become a popular trend.Ren,X et al. [26] In the simulation process, an open cooperative driving
automation framework comprising of OpenCDA consisting of a common framework and a rapid
prototyping tool to develop and operate the CDA system. The advantage of this open system is that
high accuracy results can be obtained under different CDA algorithms, both at the traffic level and at
the individual autonomy level.Using the best DLQR path tracking controller created based on the
vehicle dynamics model, self-driving cars are able to track their paths in medium and high speed
traffic. The improved artificial potential field method’s reference paths will be used for verification in
order to test the aforementioned optimal DLQR path tracking controller’s motion obstacle avoidance
and safety stability under various obstacle scenarios and speed parameters.

7.2. Tracking Control Algorithm Architecture

The self-driving car’s body specifications and characteristics are first built up in CarSim. Figure
8 and Table 1 display the characteristics and body measurements.
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All dimensions and
z coordinates are in millimeters
r 3
Height for
animator: 1080 [} Lateral coordinate of sprung mass center Lateral coordinate
Width for of hitch
animator = 116 ’I o
1718 ?_ e Mass center of sprung mass
ET—— 375 "‘
Left Right 4 Left Right A 315
330 330 l 310 310 |
o v Y v
-
Sprung mass
coordinate system |-ag 2330 >
-« 3850 —_— P

Figure 8. Body dimensions.

Table 1. Vehicle parameters.

Parameter Value Unit
Sprung mass 1020 kg
Width for animator 1718 mm
Yaw inertia 1020 Kg*m?
Axle base 2330 mm
Height of wheel center 310 mm
Height of the center of mass 375 mm

The simulation conditions are specified when the entire vehicle’s dimensions and parameter
data have been established in CarSim, and the carsim parameter model is then transmitted to
Simulink via an external interface. Currently, the route tracking joint simulation control model, which
can perform joint simulation with input parameters, is made up of the Simulink control algorithm
module and the CarSim parameter configuration module. Figure 9 displays the joint simulation
control model for path tracking.

0.15
x pre_x x
’
b pre_y y 4 K
- - phi fen
» pre_phi phi s
vs_sf v ‘
fen re_vx VX
Vehicle Code: 77?7 pre. Igr_offline
n ’
I pre_vy vy
phi_dot ‘
" fen
\  Pre_phi_dot phi_dot
predict_module
Xr xr
yr v P fe‘;rdﬁangle
fen
T‘b k
thetar thetar y |
Ij err ‘ angle
fen
kappar kappar forword_angle
err_kappa_calculate_module last_angle

4,@ » forword_contrel

Figure 9. CARSIM parameter configuration and simulink algorithm module co-simulation platform.

Then, a vehicle dynamics model based on the bicycle model is built in order to validate the
viability and path planning impact of the enhanced APF based on the safe distance protection model
under the aforementioned road circumstances.The related constraint variables are set to minimize
the objective cost function of the control commands under the constraints by linearizing and
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discretizing the model and creating the best objective function for controlling the path tracking
model.And the main vehicle’s active obstacle avoidance behavior under various obstacle scenarios
and various initial velocity parameters, and then use MATLAB, the embedded Simulink model, and
CarSim for joint simulation to check whether the obtained active obstacle avoidance paths can satisfy
the actual vehicle’s dynamics and kinematics as well as the requirements for safety and stability.

7.3. Simulation Analysis of Obstacle Avoidance in Different Obstacle Scenarios

As shown in Figure 10(a), the yellow main vehicle is in the travel lane from the white starting
point to 40km/h at a constant speed, the blue vehicle is a stationary obstacle, located in the overtaking
lane of the red obstacle vehicle at a constant speed of 20km/h, located in the travel lane of the red
obstacle vehicle with an initial speed of 20km/h, acceleration of 2.5m/s? accelerated driving. The
yellow vehicle located in the travel lane, when the vehicle visual detection and LiDAR feedback to
the front of the blue stationary obstacle vehicle, triggering the collision avoidance system to improve
the APF algorithm to make timely decisions, tracking the first section of the planning overtaking path
to avoid the blue stationary obstacle vehicle, as shown in Figure 10(b). At this time, when traveling
to the overtaking lane, the vision and radar again feedback to the front of the existence of slow-
moving red dynamic obstacle vehicle I, at this time and the distance between the front vehicle is
getting closer and closer, and once again triggered the collision avoidance system to improve the APF
algorithm, tracking the second section of the planning overtaking path to avoid the red dynamic
obstacle vehicle I located in the overtaking lane, traveling back to the host lane. As shown in Figure
10(c), after overtaking the red obstacle vehicle located in the overtaking lane, the scene detection
system feeds back that there is still a red dynamic obstacle vehicle in front of it, although the vehicle
is in an accelerated state driving, the yellow main vehicle is still larger than the red obstacle vehicle
in front of it, and its distance is still getting closer and closer, and at this time, tracking the third
section of the planned overtaking path to avoid the red dynamic obstacle vehicle II located in the
traveling lane, as Figure 10(d) shows, and finally successfully avoid all stationary and moving
obstacle vehicles, and successfully reach the target point. It is verified that the active obstacle
avoidance path planned by the improved APF algorithm can meet the dynamics and kinematics of
the actual vehicle and the tracking control DLOR algorithm meets the steering safety and stability
requirements.

7.4. Simulation Analysis of Tracking Motion under Different Speed Parameters

When the discrete LQR algorithm is applied to lateral overtaking control, higher steering speeds
may increase the risk of loss of control or sideslip of the vehicle during cornering. Fast steering
maneuvers may lead to unstable vehicle maneuvers, especially at high speeds, where the system may
over-respond or oscillate and thus lose stability, and the vehicle may also cause excessive impacts
when executing overtaking maneuvers, due to the fact that at high speeds, the inertia and dynamics
of the vehicle may lead to greater lateral forces and accelerations, making the overtaking maneuvers
more drastic and unstable. Overtaking control at high speeds requires more precise control of the
system. Excessive speed may make it difficult for the controller to accurately track and adjust the
position and trajectory of the vehicle. Excessive speed increases the risk of overtaking behavior.
Overtaking needs to take into account the position, speed and acceleration of the vehicle in front of
it to ensure that the overtaking maneuver is completed safely. Excessive speed may make overtaking
more dangerous and increase the risk of collision with other vehicles.
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Figure 10. Simulation analysis of obstacle avoidance in different obstacle scenarios.

Therefore, we need to verify the dynamic tracking control performance of the system at different
speeds when applying the discrete LQR algorithm to lateral overtaking control, and we need to
balance the relationship between the speed parameter and the stability of the system, and
appropriately select a suitable speed range to ensure stable and safe lateral overtaking operations.
Through the joint simulation of carsim parameter configuration and simulink algorithm control
module, the DLQR algorithm is realized with different initial speeds to track the obstacle avoidance
trajectory planned in the above scenario 1, and the change curves of the parameters such as the
vehicle steering angle, vehicle yaw angle, and the vertical support force of the vehicle front and rear
wheel steering over time are obtained under the conditions of different speeds, so as to study and
analyze whether the lateral control of the vehicle is able to meet the requirements of the actual vehicle
dynamics and kinematics and steering safety and stability requirements.

As seen in Figure 11(a), (b), and (c), the controller has a favorable tracking impact on the
reference path at various speeds, and the amplitude of the steering angle variation at 60 km/h is a
little smaller than that at 40 and 50 km/h.The maximum steering angle fluctuation and the range of
the steering angle change rate fluctuation, however, are negligible and tolerable under the three
speed conditions, and the vehicle’s lateral control exhibits good lane-changing performance. The
vehicle’s lateral control performs well when changing lanes and passing other cars.The vehicle
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quickly steers to the corresponding angle without delay or sluggishness, and the vehicle is able to
realize a smaller steering radius and good stability in the steering process, so that the vehicle can
remain stable and avoid side-slipping, loss of control or instability, which means that the vehicle is
able to provide sufficient grip and maneuvering stability at high speeds or sharp steering and lane
changing, and is able to rotate faster and tighter, and possesses better maneuvering performance and
maneuverability. handling and maneuverability.

Angle - deg

10 ¥ s Wheel steer L1
——&—— Wheel steer R1

0 05 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
Time -5
Road Wheel Steer Angle - Front - Baseline

(a) 40km/h

———— Wheel steer Lfi]
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(b) 50km/h

———— Wheel steer Lfi]
——5— Wheel steer 1

0 05 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80

Time - s

Road Wheel Steer Angle - Front : Baseline

(c) 60km/h

Figure 11. Analysis of steering Angle results.

Figure 12(a), (b), and (c) demonstrate that, under various speed conditions, the variation
amplitude of the side slip angle at 60 km/h is marginally higher than that at 40 and 50 km/h,but the
maximum fluctuation of side deflection angle and fluctuation range of side deflection angle change
rate under the three speed conditions are small, and the range of change is reasonable, with good
lateral control performance, which can be manifested by the fact that the vehicle is able to Maintaining
a stable lateral deflection angle, small fluctuations in lateral deflection angle and jitter indicate that
the vehicle has good stability and can remain on the expected driving trajectory. The vehicle is able
to respond quickly to steering wheel maneuvering inputs, generating corresponding changes in side
deflection angle for accurate maneuvering and directionality. It also enables the vehicle to quickly
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return to a stable side deflection angle, and it should be able to quickly return and maintain good
lateral control when the vehicle encounters side winds, uneven road surfaces, or unexpected
conditions.

—&— Tire R1 lateral slip
——=— Tire L2 lateral slip
——— Tire R2 lateral slip
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Time-s
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Figure 12. Vehicle side Angle tracking motion analysis.

Under different speed conditions, good lateral control performance is shown by the balanced
distribution of the steering vertical support force of the four wheels of the vehicle. As shown in Figure
13(a), (b) and (c), when the vehicle encounters an obstacle vehicle, the algorithm realizes collision
avoidance and lane changing overtaking control, the four wheels of the vehicle should maintain
proper grounding pressure, and the support force of the inner wheels should be increased while that
of the outer wheels should be decreased, which can provide higher lateral acceleration and better
maneuvering performance to achieve effective cornering and maneuvering control and cornering
characteristics, to ensure the optimum grip and handling stability, resulting in faster cornering speeds
and more precise handling response. When the vehicle encounters side winds, uneven road surfaces
or other disturbances, the vehicle is also able to adjust the vertical wheel steering support and wheel
support distribution to maintain stability and avoid loss of control or skidding.
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Figure 13. Analysis of vertical support force results of vehicle tire steering.

In summary, too little steering speed may result in slow steering response, while too much
steering speed may make it difficult to control the vehicle accurately. Appropriate steering speed can
provide better maneuvering performance, and turning at the appropriate steering speed can make it
easier for the vehicle to track the planned path and provide good feedback. Comparison of
experimental parameters Table 2 shows that the values of lateral control steering angle and side
deflection angle under the three speed conditions fluctuate within a reasonable range,and the
controller allows the vehicle to track the reference path steadily under various reasonable steering
speed parameters to ensure the vehicle’s stability while driving, demonstrating the controller’s
effectiveness. and the front and rear tires steering vertical support force is sufficient to meet the
requirements of changing lanes and overtaking collision avoidance under the higher speed
conditions. It demonstrates that the controller has great tracking precision, outstanding adaptivity,
and resilience.
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Table 2. Comparison of simulation results of steering parameters.

Maximum fluctuation range

Speed i i
P Maximum fluctuation range of side deflection

Maximum tire steering

(km/h) of steering Angle (deg) Angle(deg) vertical support (N)
40 4.0°- 6.0° 0°-6.0° 4000
50 4.1°-6.2° 0°-7.0° 4250
60 4.3°- 6.3° 0°- 8.0° 4500

8. Conclusion

Artificial intelligence and autonomous driving has become a major trend with certainty in the
future development of automotive technology, artificial intelligence is not able to replace the driver
in the short term, the biggest problem of autonomous driving is stability and reliable safety, this is
an insurmountable red line, and it will be throughout the entire algorithm and hardware design, this
paper carries out a research on the path planning and tracking control of autonomous driving cars
based on the optimization of artificial potential field (APF) method. In the study, the problem of
unreachable APF target is solved by increasing the distance adjustment factor and safety distance
protection model. The virtual sub-target potential field is introduced to solve the trouble of APF local
optimal problem, the dynamic road repulsive potential field based on safety distance protection
model is established for the road structure in the dynamic environment, and the environment
modeling is carried out to ensure the practicability and accuracy of the path planning in the dynamic
environment, and the autonomous overtaking collision avoidance path is planned by using the
optimization of the APF potential field and the dynamic potential field at the road boundary together.
Then establish the vehicle dynamics model based on the principle of bicycle model, construct the
optimal objective function of the path tracking model by linearizing and discretizing the model, and
set the corresponding constraint variables, and minimize the objective cost function of the control
command under the constraints. Finally, the simulink model and CarSim parameter configuration
joint simulation platform are built, and different obstacle scenarios and different speeds are selected
to carry out experimental research and analysis on the DLOQR algorithm tracking and control
movement of the optimized APF autonomous overtaking collision avoidance path of the self-driving
vehicle.

The experimental results show that the simulation results fully demonstrate that the self-driving
vehicle is capable of avoiding obstacles and changing lanes to overtake in dynamic environments,
reflecting that the optimized APF algorithm can avoid obstacles and change lanes to overtake in
dynamic environment. The ability of the optimized APF algorithm not only solves the problems of
target unreachability and local optimal solution, but also makes the planned path more in line with
the actual situation, improves the degree of path smoothing and the speed of optimal path
searching.The controller of DLQR algorithm is able to meet the requirements of dynamics and
kinematics of the actual vehicle and its safety stability in different dynamic obstacle scenarios and
different speed parameters, and the changes of various parameters are within a reasonable range, all
of them have strong ability to avoid obstacles and overtake vehicles in a dynamic environment. The
DLQR algorithm controller can meet the requirements of real vehicle dynamics and kinematics and
safety stability under different dynamic obstacle scenarios and different speed parameters, and the
variation of each parameter is within a reasonable range.

In the future, we will integrate multi-sensor technology in autonomous vehicles, equiating
vehicles with multiple sensors, such as lidar, cameras, GPS, etc., to obtain information about the
surrounding environment. In addition to algorithm optimization, the information obtained by multi-
sensor fusion is effectively integrated into the path planning and tracking control of autonomous
vehicles to improve the accuracy and robustness of the obstacle avoidance algorithm. Path planning
and tracking control are two very important links, and the collaborative control of these two links is
effectively and accurately integrated to ensure the stability and comfort of the vehicle while avoiding
obstacles. Although existing obstacle avoidance algorithms perform well in simulation
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environments, in the actual driving environment, the vehicle will face more unknown and complex
factors, such as bad weather, changes in road conditions, and so on. In the future, we will integrate
more advantageous test environments, conduct vehicle actual scene tests, and test and verify the
effect of algorithm research in actual scenes.
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