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New RRT-Based Method for Vehicle Path Planning in
Curve Scenarios Considering Path Oscillations
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Abstract—This paper proposes a bidirectional RRT* algorithm
integrated with dynamic artificial potential fields (APF) in the
Frenet coordinate system to address obstacle avoidance challenges
for autonomous vehicles in curved road scenarios. By decoupling
longitudinal (s) and lateral (d) motion, the Frenet framework
simplifies road constraints while reducing search space dimension-
ality by 70%. The APF mechanism dynamically balances obstacle
repulsion, reference trajectory attraction, and goal-driven forces
through an S-shaped repulsion function, suppressing path oscilla-
tions and improving computational efficiency. Theoretical analysis
proves probabilistic completeness and reduced time complexity
(O(m2 logm) vs.O(n2 logn)). Experimental validation demon-
strates adherence to Ackermann steering constraints (κmax ≤
0.25 m−1), achieving a 15.9% reduction in path length compared to
RRT*, 17.4% faster computation than DWA, and 100% obstacle
avoidance success. Real-world tests on U-turn and multi-curve
roads validate trajectory stability with mean curvature 0.06 m−1

(45% improvement over RRT*) and sub-40 ms planning cycles,
enabling real-time navigation in safety-critical environments.

Index Terms—Autonomous vehicles, path planning, Frenet
coordinate system, RRT algorithm, artificial potential field.

I. INTRODUCTION

A. Background

W ITH the rapid advancement of autonomous vehicle tech-
nologies, the domain of self-driving vehicles has gar-

nered widespread societal interest [1]. Many experts predict that
autonomous vehicles will be commercialized in the near future,
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heralding a transformative impact on daily life [2]. Path planning
is a critical component of autonomous vehicle systems [3],
influencing not only the efficiency of vehicle motion control but
also the safety of navigation. As a result, path planning method-
ologies have become a focal point of global academic research.
Among the various challenges in path planning, the ability to ef-
fectively and reliably navigate around obstacles detected by ve-
hicle sensors stands out as a crucial requirement [4]. Therefore,
exploring the complexities of obstacle-avoidance path planning
for autonomous vehicles is both timely and essential.

Path planning for autonomous vehicles typically bifurcates
into global and local paradigms. Global path planning generates
coarse routes based on static maps (e.g., road networks), while
local path planning dynamically adjusts trajectories using real-
time sensor data to handle obstacles and road geometry [5]. Al-
though local planning is critical for real-time obstacle avoidance,
its application in high-curvature scenarios (e.g., sharp turns,
winding roads) remains underexplored. Specifically, existing
approaches face two intertwined challenges:

1) Curvature-Kinematic Conflict: Avoiding obstacles while
adhering to curvature constraints (to prevent rollover) and
vehicle kinematic limits (to ensure trackability).

2) High-Frequency Demands on Speed and Path Quality:
Real-time replanning (≥ 20 Hz) necessitates rapid com-
putation to ensure safety, while simultaneously requiring
smooth and dynamically feasible trajectories.

This work focuses on local path planning, where the algorithm
leverages a global reference line (e.g., road centerline in Frenet
coordinates) to constrain exploration. By integrating bidirec-
tional RRT* with artificial potential fields (APF), our method
dynamically balances computational efficiency and trajectory
smoothness, addressing the limitations of both classical and
learning-based approaches in curved environments.

B. Related Works

Contemporary path planning techniques span a spectrum of
methodologies, each with distinct trade-offs in autonomous
driving applications. Traditional optimization-based methods
such as genetic algorithms (GA) [6] and artificial potential
fields (APF) [9] have been widely adopted for their simplicity.
Tang J et al. propose an improved Artificial Electric Field
Algorithm (I-AEFA) with parameter adaptation, reverse learn-
ing, and Cauchy mutation for enhanced optimization and 3D
robot path planning [11]. Pan Q et al. proposes an AC-GRN
with elastic deformation for multirobot hunting, enhancing
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cooperation through environmental sensing and adaptive infor-
mation weighting [10]. GA explores solution spaces through
evolutionary operations but struggles with computational ef-
ficiency in dynamic environments [7], while APF generates
smooth paths via attraction/repulsion fields but often stagnates
in local minima near complex obstacles [8]. Model Predictive
Control (MPC) [12] dynamically optimizes trajectories but faces
challenges in real-time performance due to non-convex con-
straints inherent to high-curvature roads [13].

Learning-based approaches, including neural networks [14]
and reinforcement learning (RL) [15], offer adaptive naviga-
tion capabilities. For example, RL frameworks with velocity
obstacle-shaped rewards [16] enhance multi-robot coordination,
and hierarchical perception strategies [17] improve scalability
in decentralized systems. However, these methods demand ex-
tensive training data and lack interpretability in safety-critical
scenarios, limiting their practicality for real-world autonomous
driving.

Among sampling-based algorithms, the Rapidly-exploring
Random Tree (RRT) and its variants (e.g., RRT*[18],RRT-
connect [19]) excel in unstructured environments by probabilis-
tically exploring configuration spaces. Recent advancements
include hybrid strategies like Zhang et al.’s A*-RRT fusion [20],
Fan et al. [22] further accelerated convergence through bidi-
rectional APF-RRT* for UAVs, demonstrating dual-tree ex-
ploration advantages. Despite these innovations, RRT-based
methods remain limited in high-curvature scenarios: unguided
sampling introduces path oscillations during rapid replanning(≥
20 Hz) [23], generated trajectories often violate kinematic con-
straints [24], and Cartesian coordinate-based planning fails to
decouple longitudinal/lateral motions in curved lanes [27].

The Frenet coordinate system, rooted in a reference line
(e.g., road centerline), addresses these challenges by decou-
pling motion into longitudinal (s) and lateral (d) components.
Pioneered by Werling et al. [25] in DARPA challenges, Frenet-
based planning enables efficient obstacle avoidance through
curvature-aligned coordinates. Subsequent work, such as Fan et
al.’s DP-QP framework [26], optimized paths and speeds using
quintic polynomials but faltered in multi-obstacle scenarios. Ji
et al. [27] integrated APF into the Frenet frame to mitigate lane
boundary effects but suffered from rigid repulsion parameters.
Notably, while Frenet coordinates have been extensively studied
for trajectory optimization and MPC-based planning [29], [30],
[31], their integration with sampling-based algorithms like RRT
remains underexplored. Existing RRT implementations predom-
inantly operate in Cartesian coordinates, missing the opportu-
nity to leverage Frenet’s inherent decoupling of road-aligned
motion—a gap our work bridges by proposing the first bidi-
rectional APF-RRT* framework fully embedded in the Frenet
frame.

C. Motivations and Contributions

In high-curvature road environments, autonomous vehicle
path planning faces challenges in ensuring safety, real-time
performance, and kinematic feasibility, with traditional methods
often suffering from path oscillations, low search efficiency,

and constraint violations. To address these issues, this paper
proposes a novel framework — the first bidirectional artificial
potential field-guided RRT* (Bidirectional APF-RRT*) algo-
rithm embedded in the Frenet coordinate system.

The main contributions of this work are summarized as
follows.

1) A constrained sampling strategy based on the Frenet coor-
dinate system is proposed to optimize the exploration process of
the RRT* algorithm. The natural decoupling between longitudi-
nal (s-direction) and lateral (d-direction) motion in the Frenet
coordinate system is utilized. The sampling space is strictly
limited to the drivable area. Specifically, the lateral sampling
range is constrained within ± 1.5 meters, which corresponds
to a typical lane width. The longitudinal direction advances
along the reference path. Compared with traditional Cartesian-
based RRT methods, the dimensionality of the search space
is reduced by approximately 70%. The convergence efficiency
of the algorithm in narrow and curved lanes is significantly
improved.

2) An improved bidirectional RRT* algorithm integrating an
Artificial Potential Field (APF) mechanism is designed. This
algorithm incorporates obstacle repulsion forces, dynamic re-
pulsion forces for moving obstacles, and target attraction forces
during path expansion, with the force intensities dynamically
adjusted based on the distance to obstacles. This mechanism
not only effectively suppresses path oscillation phenomena but
also prevents the algorithm from falling into local optima, while
reducing the blindness of path exploration, thereby further en-
hancing the algorithm’s convergence speed and stability.

3) we propose an improved S-shaped attractive force function
and curvature-adaptive sampling strategy specifically optimized
for the Frenet coordinate system. This innovative combination
enhances driving safety and passenger comfort through two
key mechanisms: (1) The S-shaped function provides a smooth
transition in the potential field, effectively suppressing oscil-
lations near obstacles; (2) The adaptive sampling mechanism
dynamically adjusts node density based on road curvature vari-
ations. Furthermore, we construct an attraction field based on
the road centerline to ensure generated paths tightly adhere to
reference trajectories, maintaining excellent path-following per-
formance even in obstacle-free scenarios. Finally, we implement
a comprehensive smoothing workflow integrating cubic B-spline
interpolation and steering-angle-constrained pruning strategies,
which significantly improves path smoothness and practical
feasibility. Extensive simulations and real-vehicle experiments
validate the algorithm’s effectiveness, achieving 100% obstacle
avoidance success rate in collision scenarios while meeting the
<40 ms real-time planning cycle requirements for autonomous
driving applications.

In the rest of this paper, Section II explains the Frenet Coor-
dinate System for Sampling Space Reduction and conversation.
Section III outlines the algorithmic principles and design used in
this study. Section IV presents simulation experiments tailored
to validate the proposed algorithm. Section V demonstrates the
practical effectiveness of our approach through on-vehicle tests
using the ROS platform. Section VI summarizes the paper and
discusses future directions.
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Fig. 1. The relationship between Cartesian coordinates and Frenet coordinates.

II. CONVERSION BETWEEN THE FRENETT COORDINATE

SYSTEM AND THE CARTESIAN COORDINATE SYSTEM

A. Frenet Coordinate System for Sampling Space Reduction

In complex road environments, path planning methods based
on the Cartesian coordinate system exhibit inherent limitations
in encoding structured road features, such as lane boundaries
and curvature. These limitations are reflected in inefficient ex-
ploration within the unbounded two-dimensional space, as well
as an inability to guarantee that generated trajectories conform
to road geometric constraints. To address this issue, the Frenet
coordinate system is introduced by employing a reference line
(e.g., the road centerline), through which the vehicle position
is represented by two parameters with clear physical meanings:
the longitudinal offset s, which denotes the arc length along the
reference line, and the lateral offset d, defined as the signed
perpendicular distance to the reference line, as illustrated in
Fig. 1.

Existing studies have shown that the convergence speed of
the RRT algorithm can be significantly improved by restricting
the sampling domain [23]. For instance, Informed RRT reduces
the sampling space to 50% through an elliptical sampling re-
gion [10]. However, additional geometric projection constraints
are required in the traditional Cartesian coordinate system to
achieve similar performance. In contrast, the Frenet coordinate
system inherently provides structured sampling constraints, in-
cluding lateral limits, longitudinal guidance, and obstacle pro-
jection, which enable the sampling region to be further reduced
to less than 30%. As a result, the computational complexity is
substantially decreased.

Compared to sampling strategies based on the traditional
Cartesian coordinate system and improved methods such as In-
formed RRT*, the Frenet coordinate system is more suitable for
structured road environments. As shown in Fig. 2, this approach
significantly reduces the dimensionality of the sampling space
through three coordinated mechanisms:

1) The lateral sampling is constrained within the range d ∈
[−dmax, dmax] (e.g., ± 1.5 m, corresponding to standard
lane widths), thereby eliminating geometrically infeasible
regions.

Fig. 2. Comparison of sampling regions between the two approaches.

2) Longitudinal sampling progresses monotonically along
the road topology, ensuring that s increases continuously
along the reference line.

3) An obstacle projection mechanism is employed to simplify
collision detection.

Furthermore, this method does not require additional compu-
tation of road boundary constraints, which must be handled in
other coordinate systems and consequently increases computa-
tional overhead.

Fig. 2 presents a comparison of the sampling regions: the
green region represents the sampling area of the traditional
Cartesian RRT (accounting for 100% of the original space),
the blue region corresponds to the elliptical sampling area of
Informed RRT* (approximately 60%), and the red region indi-
cates the sampling area of the proposed method (less than 30%).

In terms of time complexity, the RRT* algorithm consists of
four main steps: sampling, searching (for the nearest neighbor),
extending (generating new nodes), and rewiring (optimizing
paths via neighbor connections). The search step typically relies
on spatial data structures (e.g., k-d trees), with a time complexity
ofO(log n). The rewiring step may require checking all existing
nodes in each iteration to optimize neighbor paths, resulting in a
worst-case complexity of O(n). Collision detection can be con-
sideredO(1)under efficient environmental representations (e.g.,
distance fields). Thus, for n nodes, the per-iteration complexity
is O(log n+ n) = O(n) (dominated by rewiring). The overall
time complexity is O(n2); due to the impact of the search data
structure, it is commonly expressed as O(n2 log n) in practice.

TRRT∗ = O(n2 · (log n)) (1)

The Frenet coordinate-based RRT* algorithm significantly
improves efficiency by constraining the sampling domain (e.g.,
parameterized along a reference path), which reduces inefficient
exploration regions and concentrates node distribution around
feasible paths. Let m denote the number of effective sampling
nodes, wherem� n (e.g.,m can decrease toO(

√
n) or lower in

complex environments). This reduced sampling space decreases
per-search time from O(log n) to O(logm) due to smaller data
structures, while simultaneously reducing rewiring demands
through fewer invalid nodes and smaller neighbor sets. Con-
sequently, the overall time complexity drops from O(n2 log n)
for classical RRT* to O(m2 logm). In highly complex envi-
ronments where obstacle count k → n, the classical method
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Fig. 3. Conversion relationship between Frenet coordinates and Cartesian
coordinates.

remains O(n2 log n), whereas the proposed approach achieves
O(m2 logm), satisfying m2 logm� n2 log n.

B. The Mutual Transformation Between Cartesian Coordinate
System and Frenet Coordinate System

In summary, conducting trajectory planning within the Frenet
frame and subsequently remapping the planned path to the Carte-
sian coordinate system through mathematical transformations
represents an efficient approach. This method not only facilitates
the generation of feasible trajectories but also provides a precise
reference for the vehicle’s control system during path tracking,
thereby enhancing the accuracy and reliability of autonomous
navigation. Within the Frenet framework, the vehicular motion
can be denoted by [s, ṡ, s̈, |, l̇, l̈, l′], where ṡ and l̇ respectively
describe the vehicle’s speed along and lateral to the reference
line; s̈ and l̈ represent the acceleration along the reference line
and laterally; l′ describes the derivative of the lateral coordi-
nate concerning the longitudinal one. In the Cartesian context,
the vehicle’s motion can be characterized as [vx, ax, θx, kx, �x],
with vx indicating linear speed; ax denoting acceleration; θx
representing the angle between the unit vector on the vehicle’s
trajectory tangent and the x-axis, i.e., orientation; kx illustrates
the projection of the position vector relative to the road’s geo-
metric curvature; and �x denotes the vehicle’s position as a vector
in the Cartesian system. The transformation relation is depicted
in Fig. 3.

As illustrated in Fig. 4, the red line represents the vehicle’s
trajectory, while the yellow line denotes the road’s reference
line. In the Cartesian coordinate system, the vehicle’s projection
onto the reference line is represented by the position vector. By
defining the unit normal vector and the unit tangent vector at
this point, the lateral displacement of the vehicle relative to
the reference line can be determined. The transformation be-
tween Frenet and Cartesian coordinates adheres to the classical
formulation presented in [27]. Specifically, the vehicle’s lateral
displacement and longitudinal position along the reference line
are derived from its Cartesian projection, as detailed in (2) and
(3). This mathematical framework ensures a precise mapping
between the two coordinate systems, facilitating accurate path

representation and planning.

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

l = (�x− �r) · �Nr,

l̇ = vx · �Nr = |vx| | �Nr| cos〈vx, �Nr〉,
l̈ = ax · �Nr − kr(1− krl) · ṡ2,

ṡ = vx· �τr
1−krl

,

s̈ = ax· �τr
1−krl

+ kr ṡ
2l′

1−krl
+ ṡ2

1−krl
.

(2)

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

vx =
√

l2 + ((1− krl) · s2),

ax = l + kr

1−krl
· s2

2 +
s

1−krl
− krs2l

′ − s2k
′
rl + krl

′,
θx = l

s ,

kx = ax·Nx

v2
x

,

x = r + l ·Nr + l ·Nr.

(3)

The conversion formulas for [s, ṡ, s̈, |, l̇, l̈, l′] ⇔ [vx, ax,
θx, kx, �x] have been determined. Crucially, key algorithmic en-
hancements proposed later in the paper such as the curvature-
adaptive sampling strategy rely on parameters like road cur-
vature and longitudinal displacement, which are directly and
efficiently obtainable in the Frenet frame.

III. RRT ALGORITHM FOR INTEGRATING ARTIFICIAL

POTENTIAL FIELD

In this section, we mainly discuss the method of introducing
artificial potential fields in the RRT planning algorithm. The
overall method framework is shown in Fig. 4. Firstly, based
on the global route planning module, obtain the target points
for local path planning. At the same time, the reference line
coordinates of the road center are obtained based on high-
precision maps, as well as the perception signals proposed by the
perception system to obtain map information for path planning.
Use the conversion formula proposed in the previous section
to convert map information into the Frenet coordinate system.
Secondly, the RRT algorithm improved by the potential field is
used to plan the obstacle avoidance route, and the reference line
potential field is introduced to make the obstacle avoidance route
more superior. Finally, use the transformation formula to remap
the planned path to the Cartesian coordinate system, and use
the path tracking algorithm to complete the obstacle avoidance
control of the vehicle.

A. Discussion on Vehicle Dynamics

The Ackermann steering mechanism does not involve lateral
movement of the vehicle. Thus, when expanding nodes using
the RRT algorithm, exploration is conducted only in the six
directions: upper-left, up, upper-right, lower-left, down, and
lower-right, excluding left and right directions, as shown in
Fig. 5. The kinematic equation for an Ackermann-steered ve-
hicle is presented in (5), where k denotes the path curvature, θ̇
represents the yaw rate, and v signifies the vehicle’s velocity.

⎡
⎣ ẋ

ẏ

θ̇

⎤
⎦ =

⎡
⎣ cos θ

sin θ
k

⎤
⎦ v (4)
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Fig. 4. Framework of the proposed path planning method about improved RRT.

Fig. 5. Ackermann car restraint method.

The kinematic constraints for an Ackermann-steered vehicle
are given in (6). In this context, vmax denotes the vehicle’s max-
imum velocity, ϕmax represents the maximum steering angle of
the front wheels, kmax signifies the maximum path curvature,
and Rmin is the minimum turning radius of the vehicle.

⎧⎪⎨
⎪⎩

v ≤ vmax

ϕ ≤ |ϕmax|
k ≤ kmax = tanϕmax

b = 1
Rmin

(5)

B. Enhanced RRT* Algorithm

1) APF-RRT* Algorithm Incorporating Artificial Potential
Field Concepts: Traditional Rapidly-exploring Random Tree
(RRT) algorithms randomly determine the expansion direction
during path searching, which can result in extended search
times and redundant exploration points. In this study, we draw
inspiration from the concepts of attractive and repulsive forces in
artificial potential fields (APF). By applying resultant forces to
newly generated nodes, we accelerate the convergence speed of

the algorithm. The principle of the APF algorithm is as follows:

Fatt(X) = −∇Uatt(X) = −katt · (X −X0)
2 (6)

Uatt(X) =
1
2
katt(X −X0)

2 (7)

Herein, Fatt represents the attractive force vector acting on
the robot, which is derived from the attractive potential function
Uatt, as shown in (6). This potential function decreases as the dis-
tance between the robot and the target decreases. Consequently,
the robot moves in the direction of the steepest potential energy
descent, effectively being guided towards the target position.

Urep(X) =

⎧⎨
⎩

1
2krep

(
1

ρ(X,X0)
− 1

ρ0

)2
, ρ (X,X0) ≤ ρ0,

0, ρ (X,X0) > ρ0,

(8)
Additionally, is defined as the effective influence radius of

the obstacle, a constant value beyond which the repulsive effect
diminishes to zero. The function describes the shortest Euclidean
distance from the robot to the nearest point on the obstacle,
serving as a scalar quantity rather than a vector.

The repulsive force acting on the robot due to an obstacle can
be derived from the negative gradient of the repulsive potential
field, as shown in (9).

In the context of the artificial potential field (APF), krep
represents the repulsive coefficient that governs the intensity
of the repulsion field. Let x denote the vector coordinates of the
robot’s position, and X0 represent the vector coordinates of the
obstacle’s position. Additionally, ρ0 is defined as the effective
influence radius of the obstacle, a constant value beyond which
the repulsive effect diminishes to zero. The function ρ(X,X0)
describes the shortest Euclidean distance from the robot to the
nearest point on the obstacle, serving as a scalar quantity rather
than a vector. The repulsive force acting on the robot due to
an obstacle can be derived from the negative gradient of the
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repulsive potential field, as shown in (10):

Frep(X) =

{
krep

(
1

ρ(X,X0)
− 1

ρ0

)
, ρ(X,X0) ≤ ρ0,

0, ρ(X,X0) > ρ0.
(9)

U(X) = Uatt(X) + Urep(X) (10)

F (X) = Fatt(X) +
n∑

i=1

Frep(X) (11)

In conventional RRT algorithms, the increment of node ex-
pansion is determined solely by the direction from the nearest
node xnear to the random sample point xrand a fixed step size.
However, this approach can lead to inefficient exploration and
suboptimal paths.

In this study, we propose an enhanced method where the
growth increment of each new node is co-determined by both
the attractive and repulsive forces perceived by the robot at the
position xnearest, as well as the direction relative to the random
point. This integration allows for more intelligent path planning
that dynamically adjusts based on environmental constraints and
target proximity.

The formula for generating the new node xnew is given
by (12):

xnew = xnearest + ε
xrand − xnearest

d(xrand, xnearest)
+ φ

Ftotal

|Ftotal| (12)

In this context, Ftotal denotes the aggregate of attractive and
repulsive forces experienced by the robot at text xnearest; ε
signifies the stochastic component; and represents the potential
field influence. It is crucial to underscore that for the algorithm to
achieve probabilistic completeness—thereby ensuring that the
random tree can attain any collision-free configuration within
the space—the relationship between ϕ and ε adhere to ϕ <
ε. Contrary to conventional Rapidly-exploring Random Trees
(RRTs), which expand in fixed increments, our RRT variant’s
expansion distance is dynamically determined by integrating
both the stochastic and potential field components.

Upon nearing obstacles, the orientation of the potential field
component is predominantly dictated by repulsive forces, re-
sulting in a diminished step size toward the obstacle. This
mechanism enables the random tree to adeptly traverse through
confined passages. Conversely, when nodes are situated further
from obstacles, the directionality of the potential field compo-
nent is chiefly governed by attractive forces, thereby encour-
aging an increased step size towards the target. Consequently,
this approach facilitates a more rapid progression towards the
objective while maintaining safety margins from obstacles. This
adaptive strategy not only enhances the efficiency of the explo-
ration process but also ensures robust performance in complex
environments with varying degrees of spatial constraints.

In the context of artificial potential field (APF) methods, the
gravitational force is designed to facilitate rapid convergence
towards the target when the robot is at a considerable distance. As
the robot approaches the target, it becomes necessary to increase
the repulsive forces to prevent overshooting. In contrast, in
traditional Rapidly-exploring Random Tree (RRT) algorithms,
nodes near the final destination are directly connected to the

latest node once a feasible path to the goal is identified. Conse-
quently, the influence of potential field forces on nodes within
an RRT framework differs from that observed in conventional
RRT implementations.

The gravitational and repulsive functions within the APF
framework are mathematically defined by (14) and (15),
respectively:

Fatt = F ∗att
xgoal − xnearest

d(xgoal, xnearest)
(13)

Frep =

{
l

F ∗rep

1+e(2|dmin |/d∗rep−1)k
dmin

|dmin| |dmin| ≤ d∗rep

0 |dmin| > d∗rep
(14)

Equation (14) defines the repulsive force F ∗att which is a
constant representing the gravitational pull towards the target.
The term xgoal − xnearest indicates the direction of growth
from the nearest point on the RRT tree towards the goal. As
the distance between the goal and the growth point increases,
the influence of this attractive force decreases, ensuring that
the robot does not move too aggressively when far from the
target. Conversely, as the robot approaches closer to the goal,
the attractive force gradually increases, thereby resolving the
issue of unreachable targets often encountered in traditional APF
methods.

Equation (14) defines the repulsive force F ∗rep where d∗rep
is a threshold distance, and dmin represents the minimum dis-
tance between the obstacle and the growth point. The term
dmin

|dmin| specifies the direction of the repulsive force away from

the obstacle. The exponential function e(2|dmin|/d∗rep−1)k acts as
an S-shaped curve, rapidly increasing as dmin approaches the
obstacle, thereby limiting the maximum repulsive force to the
predefined constant F ∗rep. When dmin approaches the threshold
d∗rep, the repulsive force diminishes towards zero, ensuring
smooth transitions and preventing abrupt changes in the robot’s
trajectory.

Additionally, to enhance the algorithm’s responsiveness to
dynamic obstacles, a repulsive velocity factor is introduced in
this study, as described by the following equation. The designed
varying potential field force is expressed as equation:

Fvel =

{
kt|vr − v0| cosα, α ∈ [−π

2 ,
π
2

] |dmin| ≤ d∗rep

0, |dmin| > d∗rep
(15)

Among them,vr represents the speed of the obstacle, v0 repre-
sents the speed of the self-vehicle, and α represents the angle
between the speed of the obstacle and the speed of the self-
vehicle.

By incorporating these adaptive attractive and repulsive forces
into the RRT framework, the algorithm not only overcomes the
problem of unreachable goals but also ensures the generation
of smooth paths without sudden discontinuities. This approach
significantly enhances the navigational capabilities of robots in
complex environments, providing both safety and efficiency in
path planning.

Fig. 6 illustrates the principle and methodology of integrating
potential fields into the path planning process for newly gen-
erated nodes within a random tree structure. In this enhanced
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Fig. 6. Method of adding a force field.

Fig. 7. The effect of RRT random points in the field of artificial potential field.

approach, each new node experiences both a repulsive force
emanating from the center of nearby obstacles and an attractive
force directed towards the goal. Visually, the repulsive forces
are denoted by red arrows pointing away from the obstacle’s
center, symbolizing the force that pushes the robot away from
obstacles. Conversely, the attractive forces are represented by
black dotted lines converging on the goal endpoint, guiding the
robot towards its destination.

Compared to the conventional RRT algorithm, which lacks the
influence of a repulsive field, this integrated method significantly
improves the quality of obstacle avoidance and notably reduces
the number of nodes required for effective path generation.
The introduction of these forces facilitates more direct and effi-
cient paths, minimizing unnecessary detours and computational
overhead.

Fig. 7 provides a detailed visualization of the magnitude of the
potential field experienced by the random tree nodes at varying

Fig. 8. Planning path of the original RRT algorithm.

distances from both repulsive and attractive sources. When a
green random point enters the influence range of the potential
field, it encounters a blue-colored region indicating the strength
of the repulsive force exerted by the obstacle. Simultaneously,
a red-colored region signifies the attractive force pulling the
node towards the goal’s potential field. This color-coded repre-
sentation effectively communicates how the balance between
repulsion and attraction dynamically influences the direction
and step size of the node’s expansion, ensuring smooth and safe
navigation through complex environments.

2) Bidirectional APF-RRT* Strategy: Building upon the
APF-RRT* framework, this paper introduces a bidirectional tree
generation strategy. The incorporation of a dual-tree growth ap-
proach into the APF-RRT* methodology significantly acceler-
ates the exploration process. As illustrated in Fig. 8, during each
iteration cycle, Tree T1 and Tree T2 are generated alternately,
with each tree expanding towards the most recent node of the
opposite tree as its target. This bidirectional expansion not only
enhances the efficiency of space exploration but also optimizes
the path planning process by leveraging the complementary
advantages of both trees.

Compared to the unidirectional APF-RRT* algorithm, the
proposed method grows two trees simultaneously—one from
the starting point and the other from the goal—expanding them
alternately. This approach significantly reduces the time required
to cover the search space. By growing the trees toward each other,
the probability of their convergence is increased, enabling the
algorithm to find a feasible path more quickly. In environments
with narrow passages, the bidirectional growth allows the two
trees to approach the passage from both ends, making it easier to
traverse the constrained space. This overcomes the inefficiency
of a single tree, which may struggle due to low sampling proba-
bilities in such scenarios. Furthermore, the alternating expansion
strategy dynamically balances the exploration efforts of the two
trees, preventing either tree from overly focusing on a specific
region and thereby improving the overall rationality and quality
of the generated path. The Pseudocode of the Bidirectional
APF-RRT * algorithm is in Algorithm 1.

C. Improvements of Bidirectional APF-RRT* in the Frenet
Coordinate System

Traditional RRT algorithms are predominantly designed for
Cartesian coordinates. By adapting these algorithms to the
Frenet coordinate system, we can leverage specific character-
istics of this coordinate system to further optimize algorithm
performance.
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Algorithm 1: Bidirectional APF-RRT*.
1: Input: start, goal, obstacle
2: Output: path
3: T1 ← new RRTStarTree(sstart, dstart)
4: T2 ← new RRTStarTree(sgoal, dgoal)
5: while not done do
6: step_size← adjust_step_size_based_on_potential

_field(T1, T2, sobs, dobs)
7: if iteration % 2 == 0 then
8: extend_tree(T1, T2.latest_node, step_size,

sobs, dobs)
9: rewire(T1)

10: else
11: extend_tree(T2, T1.latest_node, step_size,

sobs, dobs)
12: rewire(T2)
13: end if
14: if connection_found(T1, T2) then
15: path← connect_trees(T1, T2)
16: return path
17: end if
18: iteration← iteration + 1

Increment the iteration counter
19: end while

During driving, deviating from the road centerline can result in
insufficient space to safely avoid obstacles, necessitating larger
steering angles to navigate around them. Such behavior not
only inconveniences other drivers but also increases the risk of
misjudgment, potentially leading to traffic accidents. Addition-
ally, frequent deviations may trigger lane-departure warnings,
causing conflicts between various modules within the driving
system. Therefore, it is imperative that the chosen trajectory
remains as close to the road centerline as possible to ensure safe
and efficient navigation.

In this study, we enhance the lane-centering capability of
autonomous vehicles in obstacle-free segments by introducing
a micro attraction potential field consistently pointing towards
the road’s centerline. This approach supplements the established
repulsion fields for obstacles and attraction fields for the end-
point. The direction of this potential field aligns with the tangent
at the vehicle’s corresponding point (S,0) on the road reference
line. To flexibly adjust the strength of the centerline attraction,
we introduced a variable adjustment factor, which has a default
value of 0.1, as shown in (16):

Uatt =
{

ρ2(P,Pmidline)

2 L Q (16)

Additionally, when the repulsion field of an obstacle overlaps
with the centerline attraction field, it can adversely affect obsta-
cle avoidance performance. To address this, within the influence
zone of the obstacle, we’ve established a void zone for the cen-
terline attraction field, where its strength is set to zero to ensure it
doesn’t interfere. The comparison between the scenarios before
and after introducing the reference line can be seen in Fig. 9
and Fig. 10. The left figure depicts the planning outcome in the

Fig. 9. Planned route after adding centerline gravity field.

Fig. 10. Obstacle avoidance route without adding centerline.

Cartesian coordinate system, while the right one shows the result
in the Frenet coordinate system.

Finally, inspired by other scholars’ work on non-uniform
sampling in RRT algorithms [28], this paper proposes a method
where the adaptive sampling density dynamically adjusts ac-
cording to the curvature of the reference line, reflecting human-
like driving behavior. Specifically, the sampling density is posi-
tively correlated with the absolute value of the curvature: higher
sampling density is applied in regions with high curvature, while
lower sampling density is used in regions with low curvature.
Let the curvature of the reference line be denoted as k(s), and
let the sampling interval be Δs, which is determined as shown
in (17). Here, α represents the curvature sensitivity coefficient,
governing the rate at which the sampling density changes with
respect to curvature.

Δs =
Δs

1 + α|k| (17)

When generating candidate sampling points along the refer-
ence line, the position of the next sampling point is dynamically
adjusted based on the curvature k(si) at the current arc length
position si, as shown in the (18).

si+1 = si +Δs(k(si)) (18)

This strategy results in a higher density of sampling points in
curved regions (high κ) and a sparser distribution of sampling
points in straight regions (low κ).

D. Post-Processing Optimization Strategy for Paths

Despite numerous enhancements to the RRT* algorithm
aimed at generating smoother trajectories, paths produced by this
sampling-based method remain unsuitable for direct tracking by
autonomous vehicle algorithms due to inherent limitations of the
RRT framework. Therefore, a secondary optimization phase is
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Fig. 11. Refined trajectory suitable for autonomous navigation.

essential to refine the generated path before it can be effectively
utilized.

Given that the sampling nature of the RRT algorithm leads
to an abundance of redundant waypoints, an initial refinement
involves applying a pruning strategy constrained by a maximum
steering angle limit. This limit is set to π

4 radians. As illustrated
in Fig. 11, Xstart and Xend denote the start and goal nodes,
respectively, while X represents various valid nodes along the
path, and symbolizes the vehicle’s turning angle.

The process begins by connecting Xstart directly to Xend

to form an initial path. If this line segment does not intersect
any obstacles, it is considered the optimal path. However, if
obstacles are present, the algorithm then connects the preceding
valid node X9 to Xstart and checks two conditions: whether the
line segment between these points is obstacle-free and whether
the turn angle formed by Xend, X9 and Xstartis less than the
maximum steering angle of π

4 . If both conditions are satisfied,
Xstart becomes the parent node ofX9. The algorithm iteratively
applies this check until a node (X4, for instance) meets all
criteria. It then selects X4 as the new starting point and repeats
the optimization process until the path from Xstart to Xend is
both obstacle-free and adheres to the maximum steering angle
constraint.

The result of this optimization process is depicted in
Fig. 11, showcasing a refined trajectory suitable for autonomous
navigation.

Following the application of the Pruning Strategy with Max-
imum Steering Angle Limitation, this paper further employs
cubic B-spline curves to smooth the generated path. Compared
to Bezier curves, cubic B-splines offer greater flexibility in
deployment, enhanced stability, and higher continuity, making
them particularly advantageous for the refinement of trajectories
intended for autonomous vehicle navigation. The Pseudocode of
the Path Planning In Frenet Frame in Algorithm 2.

IV. EXPERIMENT RESULTS AND ANALYSIS

A. Mixed Experiment

To evaluate algorithm performance, we initially conducted ex-
periments in a simulated environment containing both static and
dynamic obstacles. Benchmark comparisons were performed
against state-of-the-art planning algorithms, including RRT*,
Artificial Potential Field (APF), Dynamic Window Approach
(DWA),and Double Deep Q-learning(DDQN). All experiments,
including those presented in subsequent sections, were executed
on a computational platform equipped with a 12th Gen Intel

Algorithm 2: Path Planning in Frenet Frame.
1: Input: start, goal, map, reference line
2: Output: path
3: (sobs, dobs) = Cartesian_to_Frenet(obstacles_positions)
4: (sstart, dstart) = Cartesian_to_Frenet((xstart, ystart))
5: (sgoal, dgoal) = Cartesian_to_Frenet((xgoal, ygoal))
6: path_frenet = BiDirectional_APFRRTStar(sstart, dstart

sgoal, dgoal, sobs, dobs)
7: path_optimized = PathOptimization

(path_frenet)
8: path_optimized = Frenet_to_Cartesian

(path_optimized_frenet)
9: return path_optimized

Fig. 12. Experiment A setup.

Fig. 13. Simulation results.

CoreTMi7-12700H processor (base frequency: 2.30 GHz) and
40 GB RAM.

The experimental arena comprised a 15 × 15 unit2 planar
workspace containing four rectangular static obstacles of het-
erogeneous dimensions and two dynamic obstacles moving at
0.5 m/s. For consistency, all trials commenced from the start
point at coordinates (0, 0) and concluded at the end point located
at (15, 10). The experimental setup is illustrated in Fig. 12.

Fig. 13(1)–(5) respectively illustrate the planning perfor-
mance of the RRT* algorithm, DWA algorithm, APF algorithm,
Double Deep Q-learning algorithm and the proposed algo-
rithm in the aforementioned simulation environment. Fig. 13(1)
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TABLE I
COMPARISON OF ALGORITHMS IN SCENARIOS

presents the simulation results of the RRT* algorithm. The al-
gorithm exhibits poor search efficiency and generates relatively
long paths, which fail to meet the requirements for real-time
obstacle avoidance. Fig. 13(2) displays the results of the DWA
algorithm, a widely used local path planning method. While its
planning outcomes are relatively satisfactory, the performance
heavily depends on predefined parameters such as the velocity
space size and prediction horizon. In complex environments,
this often necessitates a trade-off between planning quality
and computational speed. Fig. 13(3) shows the performance
of the Artificial Potential Field (APF) method. Although the
APF method demonstrates both high-quality path planning and
computational efficiency, extensive experiments reveal that it
suffers from issues such as local minima and unreachable target
points, leading to a low planning success rate. Fig. 13(4) demon-
strates the performance of the DDQN algorithm. This algorithm,
which is based on deep reinforcement learning, can generate
safe spatial trajectories. However, it still has certain deficiencies
in terms of the length of the generated path distance, and its
performance highly depends on the number of pre - training
sessions. Finally, Fig. 13(5) showcases the performance of our
proposed algorithm. By integrating potential field concepts with
sampling-based planning, the algorithm significantly reduces
sensitivity to parameter settings while achieving superior plan-
ning results.

Each algorithm underwent 20 independent trials with key
performance metrics recorded, including single-planning cycle
time, mean path length, and success rate. As detailed in Table I,
our proposed algorithm demonstrated 15.9% shorter average
path length compared to RRT*, 45% higher success rate than
APF, and 17.4% faster computation speed relative to DWA,
while maintaining 100% success rate across all trials.

To further validate the obstacle avoidance performance of the
proposed path planning algorithm in dynamic environments and
its sensitivity to potential field parameters, Environment B was
designed for systematic evaluation. Environment B adopts the
same 15 × 15 unit2 planar workspace as Environment A. The
initial position of the test vehicle is set to (0, 5.5), with the target
point located at (14.5, 5.5). The forward speed of the vehicle is
maintained at a constant 1.5 m/s. The workspace contains four

Fig. 14. Simulation results.

TABLE II
IMPACT OF KREP VALUES ON PATH PLANNING

rectangular static obstacles of identical dimensions, as well as
two dynamic obstacles moving at a constant speed of 1 m/s.
It includes direction Angle modeling, in which one follows
a trajectory exactly opposite to that of the test vehicle, and
the other advances perpendicularly to the test vehicle. Fig. 14
demonstrate that the proposed algorithm successfully accom-
plished the obstacle avoidance task in the dynamic environment.

To further verify the sensitivity of the algorithm to key po-
tential field parameters, four groups of comparative experiments
were conducted with varying values of the repulsive field gain
coefficient krep (0.1, 0.01, 0.001, and 0.0001). Each parameter
set was independently executed 10 times, and statistical averages
were calculated. The recorded metrics include path length (in
units) and planning time per iteration (in seconds), as summa-
rized in Table II.

Experimental results show that as krep decreases from 0.1
to 0.0001, the path length exhibits a monotonically decreasing
trend, with a total variation of 3.1%. Notably, when krep ≤
0.001, the path length converges, with only a 0.07% difference
between the 0.001 and 0.0001 groups. This indicates that the
contribution of the repulsive field to path optimization becomes
saturated. A higher repulsive coefficient (krep = 0.1) leads to
a significant increase in computation time—66.7% longer than
the baseline group—which is directly related to the increased
number of iterations caused by the high gain value. When krep
≤ 0.001, the computation time remains stable within the range
of 0.006–0.007 seconds, meeting the requirements for real-time
planning. Over the entire tested range of krep ∈ [0.0001, 0.1],
the path length variation remains within 3.1%, demonstrating
the algorithm’s robustness to potential field parameters.

B. Ablation Experiment

To elucidate the contributions of individual components
within the proposed algorithm, we have systematically decom-
posed the suggested enhancements and performed a series of
ablation studies. The experiments were divided into five groups:
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Fig. 15. Experiment B setup.

Fig. 16. Ablation simulation results.

Group (1) RRT*, Group (2) APF-RRT*, Group (3) double-
RRT*, (4). double-APF-RRT* and Group (5). The experimental
setup is illustrated in Fig. 15, where each configuration was
tested under identical conditions to ensure comparability. The
test environment consisted of a square space measuring 15x15
units, populated with nine rectangular obstacles of varying
sizes. For consistency, all trials commenced from the start point
at coordinates (0, 0) and concluded at the end point located
at (15, 10).

Fig. 16(1) presents the simulation results for the RRT al-
gorithm. F Fig. 16(2) shows the simulation outcomes for the
APF-RRT* algorithm, which exhibits significantly improved
search efficiency and smoother paths compared to the original
RRT* due to the added guidance of an artificial potential field
(APF). Fig. 16(3) illustrates the performance of the Bi-RRT*
algorithm, which employs a bidirectional strategy to achieve
higher sampling efficiency than RRT*. However, the lack of APF
guidance leads to excessively high path curvature. Fig. 16(4)
corresponds to the Bi-APF-RRT algorithm, which adds APF
guidance to the Bi-RRT* framework, thereby addressing the
issues caused by the latter. Nevertheless, inherent limitations in
the sampling algorithm result in less-than-optimal path smooth-
ness. Fig. 19(5) represents the final version of the proposed
algorithm, incorporating constraints on steering angles and
utilizing cubic Bézier curve optimization for path planning.
This approach yields smooth and fluent paths that meet the
kinematic requirements of autonomous vehicles. Within this
simulation environment, each algorithm was subjected to 20
repeated trials, with average performance metrics—such as run-
time, planned path length, mean path curvature—calculated and

TABLE III
COMPARISON OF ALGORITHMS IN SCENARIOS

Fig. 17. U-turn curve experiment.

Fig. 18. Complex curve experiment.

mean curvature change rate. The detailed results are presented in
Table III.

C. Typical Roadways Experiment

To further evaluate the performance of the enhanced method
within the Frenet coordinate framework and to assess its path
planning and obstacle avoidance capabilities in diverse and
complex road environments, we conducted tests on two repre-
sentative roadway configurations: a conventional U-turn and an
intricately curved segment, as depicted in Figs. 17 and 18. Both
scenarios feature a lateral extent of 20 meters and a lane width
of 3 meters. In both scenarios, obstacles were positioned along
the centerlines, and the enhanced RRT algorithm was employed
to perform path planning.
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Fig. 19. U-turn path planning effect.

Fig. 20. U-turn road vehicle tracking performance.

Fig. 21. U-turn road range of steering angles.

Notably, the essence of the Frenet coordinate system lies in
curvature transformation. The use of a rectangular simplification
model may lead to abrupt changes in curvature at right angles and
along their adjacent sides, potentially causing deformation of
obstacles and the vehicle, which can impact collision detection.
Therefore, in our road experiments, we adopted a circular com-
posite model to approximate the shapes of rectangular obstacles
and vehicles. This approach provides a continuous and bounded
curvature distribution, thereby minimizing abrupt changes in
curvature. Such a design facilitates smoother path descriptions
within the Frenet coordinate system, reducing errors associated
with sharp curvature changes. In the U-turn road test, six ob-
stacles, each with a diameter of 0.6 meters, were placed. The
algorithm initially performed planning in the Frenet coordinate
system, with the six obstacles positioned at (10.5, 1), (2.8, 0),
(10.5, −0.5), (5.5, 1), (7.5, −0.5), and (13.5, 0). The planning
start point was set at (0, 0), and the end point at (15, 0). After
running the algorithm, the planned results were mapped back
to the Cartesian coordinate system. As shown in Fig. 22, the

Fig. 22. Complex curve road planning effect.

Fig. 23. Complex curve road vehicle tracking performance.

red line represents the obstacle-avoidance path planned by our
method, the yellow dashed line serves as a reference, and the
green line indicates the road centerline, which is used as a
reference for our algorithm. The vehicle’s length is 2 meters,
width is 50 cm, initial speed is 2 m/s, and acceleration is set
to 1.0 m/s2. The trajectory tracking algorithm employed is the
Pure Pursuit algorithm, with a lookahead distance parameter of
1.0 m. The vehicle tracking performance is illustrated in Fig. 20,
while the range of steering angles is depicted in Fig. 21.

The experimental results demonstrate that in the U-turn sce-
nario, the proposed algorithm successfully avoids obstacles
while maintaining the vehicle as close to the road centerline
as possible to ensure safety. Additionally, using the Pure Pursuit
tracking algorithm, the autonomous vehicle successfully follows
the planned path with stable steering angles, adhering to the
vehicle’s kinematic constraints.

In the complex curve road test, we again placed six ob-
stacles but increased their diameter to 0.9 meters to heighten
the planning challenge. The algorithm initially performed path
planning in the Frenet coordinate system, with the six obstacles
positioned at coordinates (10.5, 1), (2.8, 0), (10.5, −0.5), (5.5,
1), (7.5, −0.5), and (13.5, 0). The start point for planning was
set at (0, 0), and the end point at (15, 0). After executing the
algorithm, the planned path was mapped back to the Cartesian
coordinate system. As shown in Fig. 25, the red line represents
the obstacle-avoidance path planned by our method, the yellow
dashed line serves as a reference, and the green line indicates the
road centerline, which is used as a reference for our algorithm.
The vehicle has a length of 2 meters, a width of 50 cm, an initial
speed of 2 m/s, and an acceleration of 1.0 m/s2. The trajectory
tracking algorithm employed is the Pure Pursuit algorithm, with
a lookahead distance parameter of 1.0 m. The vehicle tracking
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Fig. 24. Complex curve road range of steering angles.

Fig. 25. Schematic diagram of intelligent ROS car structure.

performance is illustrated in Fig. 23, while the range of steering
angles is depicted in Fig. 24.

The experimental results demonstrate that, even in environ-
ments with large obstacles and complex road conditions, the
proposed algorithm successfully avoids obstacles while main-
taining the vehicle as close to the road centerline as possible to
ensure safety. Furthermore, utilizing the Pure Pursuit tracking
algorithm, the autonomous vehicle is able to successfully follow
the planned path with stable steering angles, adhering to the
vehicle’s kinematic constraints.

D. Real Experiment

In addition to the aforementioned simulated road experiments,
this paper conducted additional simulation experiments under
real conditions to investigate the planning speed and effective-
ness of route planning on actual vehicles. A smart car with
Ackermann steering structure was chosen for the real vehicle
experiments, as shown in Fig. 25. The components of the smart
car include a 7-inch display, a laser radar, an Xavier mainboard,
a depth camera, and a servo motor for Ackermann steering.
The car’s system runs on Ubuntu 18.04 and is equipped with
ROS-melodic as the autonomous driving system. In practical
operation, the experiment utilized the car’s built-in 4ROS laser
radar for vehicle localization and mapping in indoor environ-
ments, and the road centerline calculation was achieved through
the onboard binocular camera. To better detect the obstacle
avoidance situations of the vehicle in a dynamic environment
during the experiment, obstacles were not pre-detected in the
mapping task but were detected during the planning process

Fig. 26. Structure diagram of auto drive system.

using laser radar. The overall planning and control modules were
written in C++ and executed on the Xavier mainboard.

The overall structure of the autonomous driving system is
shown in Fig. 26 and consists of four parts: perception module,
localization module, planning module, and control module. The
algorithms proposed in this paper are deployed within the control
module’s Move_Base framework. The perception module and
Odometry localization module transmit vehicle location and
map information to the planning module. The global planner,
Global_planner, is responsible for passing the rough route to the
local path planner, Local_planner, and the algorithms proposed
in this paper are deployed in the latter. Starting with the given
global route as the centerline in the Frenet coordinate system,
a coordinate transformation is performed to convert map in-
formation, including obstacles, from Cartesian coordinates to
Frenet coordinates. The planning is then carried out using the
algorithm described earlier, and the planned route is transformed
back into Cartesian coordinates as point arrays and provided to
the Pure-pursuit tracking algorithm. Finally, velocity commands
are output to the vehicle controller to accomplish autonomous
vehicle driving.

The results of the real vehicle experiments are shown in
Fig. 27, Fig. 28 and Fig. 29. The experimental scenario was
set as a U-turn road with a box-shaped obstacles placed on
the road. The algorithm proposed in this paper demonstrated
excellent navigation performance in actual obstacle avoidance
scenarios, meeting the global navigation requirements of the
Ackermann structure vehicle. The trajectories of the main vehi-
cle and obstacles consistently maintained a safe distance. Due to
consideration of vehicle dynamics, the performance of the main
vehicle remained stable within reasonable ranges of yaw angle
and yaw rate.
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Fig. 27. Actual vehicle test results.

Fig. 28. Vehicle parameters.

Fig. 29. Scene diagram of actual vehicle experiment.

The trajectories of the main vehicle and obstacles consistently
maintained a safe distance. Due to the consideration of vehicle
dynamics, the performance of the main vehicle remained stable
within a reasonable range of yaw angle and yaw rate.

V. CONCLUSION

This study proposes a bidirectional APF-RRT* path plan-
ning algorithm embedded in the Frenet coordinate system. A
constrained sampling strategy is developed to reduce search

space dimensionality by approximately 70%, leveraging the
natural decoupling of longitudinal (s-direction) and lateral (d-
direction) motions while restricting lateral sampling to ± 1.5
meters (typical lane width). An improved bidirectional RRT*
algorithm is designed with integrated artificial potential field
(APF) mechanisms, incorporating dynamically adjusted obsta-
cle repulsion forces, moving obstacle repulsion forces, and target
attraction forces to suppress path oscillations and avoid local
optima. Furthermore, an S-shaped attractive force function and
curvature-adaptive sampling strategy are proposed to ensure
path adherence to reference lines, combined with cubic B-spline
smoothing and steering angle-constrained pruning to enhance
trajectory smoothness and feasibility. Extensive simulations and
real-vehicle experiments validate the method’s effectiveness.
Although the approach demonstrates strong efficiency and con-
straint adaptation, geometric characteristics of the Frenet co-
ordinate system in high-curvature scenarios offer optimization
potential. Future work will explore dynamic curvature distri-
bution strategies and benchmark curvature model corrections
to improve geometric compatibility, alongside expanding dy-
namic obstacle prediction capabilities for enhanced collision
avoidance.
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