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Abstract—The path planning is one of the critical tech-
nologies for robots to achieve the autonomous operation,
enabling to quickly find a safe path in dynamic environments.
However, relying on global path planning alone cannot
avoid dynamic obstacles, while only using the local path
planning may lead to falling into local minima. Therefore,
a two-layer robot path planning method suitable for dynamic
environments is proposed. This two-layer strategy consists
of an efficient global path planning layer and a safe local
dynamic obstacle avoidance layer. In the first layer, a par-
allel sampling and bidirectional guidance rapidly exploring
random tree algorithm (PB-RRT) is proposed to search for
the global path. To enhance efficiency, the parallel heuristic
sampling is introduced to replace the random sampling in
bidirectional rapidly exploring random tree (Bi-RRT), and an
evaluation function incorporating distance and corner factors
is designed to select optimal sampling nodes for adaptive
expansion, making the sampling process directional and
avoiding over-exploration of space. A bidirectional guidance
mechanism further accelerates the merging of the two trees by fully utilizing newly generated node information. Then,
a path optimization (PO) method is proposed to improve the length and smoothness of the initial path and obtain the key
nodes of the path. In the second layer, the key nodes obtained from the first layer are used as dynamic subtargets, and the
safe dynamic window approach (SDWA) is used to achieve the dynamic obstacle avoidance. To further enhance safety,
an offset guidance method is proposed to flexibly steer the robot around dynamic obstacles. Extensive experiments show
that the average planning time of PB-rapidly exploring random tree (RRT) is reduced by 67.7% compared with Bi-RRT,
while the path quality is improved and the path length is reduced by 27.1%. The proposed method also effectively avoids
dynamic obstacles in environments with obstacle densities exceeding 60% and achieves the maximum of minimum
distance to dynamic obstacles, validating the feasibility and safety of the method.

Index Terms— Dynamic path planning, parallel sampling, path optimization (PO), rapidly exploring random tree (RRT).

I. INTRODUCTION

PATH planning, as both a key technology and a major
challenge for mobile robots, serves as the foundation
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for intelligent operations [1]. It not only ensures the safe
obstacle avoidance and efficient navigation in complex and
dynamic environments but also acts as a core enabling tech-
nology in fields such as industrial automation and autonomous
driving [2]. To allow mobile robots to operate safely and
effectively, it is essential to generate a collision-free path from
the initial state to the goal state within the workspace, subject
to given constraints [3]. Depending on whether environmental
information are fully known, the path planning problem can
be classified into global and local planning [4]. Similarly,
based on the nature of the obstacles, it can be divided into
static and dynamic scenarios [5]. Relying solely on global
path planning algorithms, such as the A* algorithm [6],
ant colony optimization (ACO) algorithm [7], and rapidly
exploring random trees (RRT) [8], may result in failure when
dynamic obstacles are present [3], [9]. Conversely, using only
local planning algorithms, such as the artificial potential field
(APF) [10] and the dynamic window approach (DWA) [11],
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can lead to local minima issues in complex environments,
preventing the robot from reaching the goal [5], [12], [13].

Sampling-based algorithms, such as the RRT algorithm, are
among the most commonly used methods in the global path
planning [14]. This method avoids the geometric modeling of
the space and has been shown to guarantee the probabilistic
completeness [15]. However, the randomness and uncertainty
of sampling lead to numerous invalid sampling nodes, pre-
venting the path from being asymptotically optimal [16].
To balance the path quality and convergence speed, researchers
have conducted extensive studies. Gammell et al. [17] replaced
the global uniform sampling with sampling within an ellip-
tical space to restrict the sampling range, enabling the path
to quickly converge to the asymptotically optimal solution.
Kuffner and LaValle [18] proposed the bidirectional RRT
(Bi-RRT) algorithm, which grows two random trees from
the starting and endpoints, reducing the path planning time.
Wang et al. [19] proposed a greedy expansion strategy aimed
at dynamic nodes, which incorporates an initial node rejec-
tion mechanism and sampling space constraints during the
random sampling process, effectively reducing the backward
sampling and improving the speed and efficiency of sampling.
Huang and Zhang [20] integrated the bidirectional RRT with
convergence points between the starting and endpoints to guide
tree growth. Li and Chen [21] combined the RRT-Connect
and RRV algorithms, dividing the state space into three
regions for local sampling, which increases the probability
of exploring unexplored areas and accelerates space explo-
ration. Salzman and Halperin [22] integrated the RRT and
RRT* algorithms, allowing a switch between the RRT and
RRT* algorithms by introducing an approximation factor to
control the state. Wang et al. [23] introduced the B2U-RRT
algorithm, which uses bidirectional search to find heuristic
paths, with the end tree guiding the starting tree toward the
goal to generate the final path. Jiang et al. [24] replaced
random sampling with mixed constraint sampling, positioning
the sampled nodes closer to passable areas between obstacles.
Zhang et al. [25] proposed the IBi-RRT algorithm, which
adopts the idea of random node priority selection to reduce
randomness in expansion, and uses an adjustable attraction
size strategy to improve search speed. Hu et al. [26] proposed
a path deformation strategy to distance path points from colli-
sion points, generating paths without collisions and smoothing
the path with a steering function. Chen et al. [27] proposed the
DT-RRT* algorithm, utilizing the RRT algorithm to explore
the space, building another tree to optimize the path once
a feasible solution is found, and adding a Re-SearchParent
process to enhance the optimization efficiency.

The global path planning can find a path from the start
to the endpoint, but it often fails to avoid locally dynamic
obstacles [6]. Therefore, more efficient and real-time local
path planning methods are needed in dynamic environ-
ments [28]. Qi et al. [29] proposed a path replanning method
base on the Pareto theory is introduced to search the state
tree for an alternative node to avoid dynamic obstacles.
Szczepanski [30] introduced the safe APF for local
path planning, which uses an attractive potential field for
target attainment and replaces the traditional repulsive poten-

Fig. 1. Method framework diagram. The two-layer path planning
method comprises a global path planning layer and a local dynamic
obstacle avoidance layer. The global planning layer first preprocesses
the environment to generate a global map (GM). Based on this map,
an initial path is generated by the global planner and subsequently
refined through PO to enhance its quality. Key nodes are then extracted
from the optimized path. In the local dynamic obstacle avoidance layer,
these key nodes serve as dynamic subtargets for the safe DWA (SDWA).
In addition, an offset guidance method is applied to further improve the
efficiency of the dynamic obstacle avoidance.

tial field with a general obstacle field. Dobrevski and
Skočaj [31] proposed an adaptive DWA combined with
deep reinforcement learning, where neural networks pre-
dict parameters in the cost function to adapt to specific
environments. Yasuda et al. [32] introduced an efficient
DWA that addresses navigation challenges for robots in
uncertain environments using deterministic sampling. Never-
theless, the above algorithms cannot fully solve the problem
of easily falling into local optima in complex dynamic
environments.

To address the limitations of global path planning in
dynamic environments and the lack of guidance in local
path planning, which can lead to local minima in complex
environments, this article proposes a two-layer robot path
planning method. The framework of the two-layer method
is shown in Fig. 1. The parallel sampling and bidirectional
guidance RRT (PB-RRT) algorithm is proposed to quickly
generate the global path, with key nodes from the optimized
path extracted as dynamic subtargets. An SDWA with an offset
guidance method is then introduced for local path planning to
avoid dynamic obstacles. The main contributions of this article
are as follows.

1) Based on the two-layer method, the PB-RRT algorithm
and path optimization (PO) method are used to quickly
identify the global path, followed by the SDWA
algorithm for real-time local obstacle avoidance.

2) In the global path planning layer, the RRT sampling
method is improved. Proposing the parallel heuristic
sampling instead of the original random sampling to
make the sampling process directional and avoid exces-
sive exploration of the space. The evaluation function,
incorporating distance and angle factors is established,
and adaptive step sizes are dynamically selected based
on the surrounding environment, providing directional-
ity to the sampling process. Finally, the bidirectional
guidance mechanism is introduced to fully utilize infor-
mation from newly generated nodes to accelerate the
merging process of two trees and quickly obtain the
initial path.
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3) The initial path is optimized by the PO method, and
an interpolation B-spline path smoother is proposed to
achieve a higher degree of fitting, resulting in a higher
quality global path.

4) In the local path planning layer, the SDWA algorithm is
proposed to solve the inherent problems of the traditional
DWA algorithm. The local area is replanned based on
the first-layer dynamic subtargets and offset guidance
method to avoid dynamic obstacles.

The remainder of this article is organized as follows.
Section II introduces environmental modeling and the path
planning problem. Section III presents the improvement strate-
gies and probabilistic completeness proof of the PB-RRT
algorithm. Section IV introduces the detailed optimization of
SDWA algorithm. Section V introduces the two-layer path
planning method. Section VI, we present simulation exper-
iments to verify the algorithm and architecture proposed in
this article. The conclusion is presented in Section VII.

II. PROBLEM STATEMENTS

Different from static path planning, dynamic path planning
primarily involves finding an effective path for a robot in
an ever-changing environment. The map contains dynamic
obstacles, and as the robot moves, it continuously gathers
information about its surroundings through sensors, detecting
both static and dynamic obstacles. The goal is to plan a path
from the point, where a conflict with obstacles arises to a local
target point [33].

To clearly express the dynamic path planning problem,
we abstract the working environment into a configuration
space. The configuration space for the path planning problem
is defined as X ∈ Rn , the obstacle space is defined as Xobs,
and the free space is defined as Xfree = Xobs/X . Initially,
in the first layer of the global path planning process, an initial
path is found within the known free space σ . Therefore, the
global path planning problem can be defined as follows:

t : [0,T ]→ σ

s.t. σ (0) = xstart

σ (T ) = xgoal

σ (t) ∈ Xfree ∀t ∈ [0,T ] (1)

where xstart is the starting node in the state space, xgoal is
the goal node, t is the time stamp, σ(0) is the initial state
of the robot, σ(T ) is the final state, and σ(t) is the state
at any moment. After the global path planning is completed,
the critical nodes from the generated path are extracted
sequentially and used as subtargets to guide the robot for
local path planning. In the second layer of the local path
planning process, the obstacle space Xobs includes both static
and dynamic obstacles. The free space Xfree and obstacle
space Xobs are updated through real-time obstacle detection.
When the planned global path conflicts with an obstacle,
local replanning is triggered to generate a new path such that
σ(t) ∈ Xfree, where any t ∈ [0, T ]. As the robot reaches a
subtarget node, it selects the next one as the new local target.
This process continues until the robot arrives at the goal node.

Fig. 2. Parallel heuristic sampling strategy. xi
rand is the sampling node,

xnear is the nearest node, xparent is the parent node, and θi is the angle
between three adjacent nodes xparent, xnear, and xi

rand. (a) Parallel
sampling. (b) Extended node selection.

III. PATH PLANNING BASED ON THE PB-RRT
ALGORITHM

A. Parallel Heuristic Sampling
The RRT algorithm only randomly samples one node per

iteration, which limits the efficiency of the algorithm and the
quality of the sampling nodes. To improve the sampling effi-
ciency, a parallel heuristic sampling strategy is proposed. This
approach entails randomly sampling multiple nodes during
each iteration, and then, the sampling nodes are evaluated
using an evaluation function to identify the optimal node for
expansion. Fig. 2(a) illustrates the parallel sampling of five
nodes, where the evaluation function is computed for each
sampled node, and the node with the lowest evaluation value
is selected for expansion.

The evaluation function F(x) in Algorithm 1 calculates
the path length from the sampled node to both the starting
point and the target point, facilitating more rapid growth of
the random tree toward the target. In addition, it computes
the angles between three adjacent path nodes to minimize
unnecessary turns created during sampling, thereby reducing
path costs and enhancing path quality. Since distance and angle
are metrics from different ranges, normalization is necessary
to unify these distinct data sources into a common reference
frame. The normalization method is as follows:

Tn

(
θxparent,xnear,x i

rand

)
= SA

(
θxparent,xnear,x i

rand

)
(2)

A
(

x i
rand,xstart

)
= Sd

(
dx i

rand,xstart

)
(3)

N
(

x i
rand,xgoal

)
= SD

(
Dx i

rand,xgoal

)
(4)

SA

(
θxparent,xnear,x i

rand

)
=

θxparent,xnear,x i
rand∑n

i=1 θxparent,xnear,x i
rand

(5)

Sd

(
dx i

rand,xstart

)
=

dx i
rand,xstart∑n

i=1 dx i
rand,xstart

(6)

SD

(
Dx i

rand,xgoal

)
=

Dx i
rand,xgoal∑n

i=1 Dx i
rand,xgoal

(7)

where x i
rand is the sampling node generated for each iter-

ation, dx i
rand,xstart

is the Euclidean distance between points
x i

rand and xstart, while Dx i
rand,xgoal

is the distance between
points x i

rand and xgoal. Sd(dx i
rand,xstart

) and SD(Dx i
rand,xgoal

) are
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Algorithm 1 Parallelsampling

for i = 1 to n do
x i

rand ← RandomSampling(Map);
xnearest ← Nearest(xrand , T );
dis_goal← Distance between x i

rand and xgoal ;
dis_start← Distance between x i

rand and xstart ;
angle← CulculateAngle(x parent , xnearest , x i

rand);
A(x), N (x), Tn ←

Normalize dx i
rand ,xstart

, Dx i
rand ,xgoal

and θx parent ,xnear ,x i
rand

;

xbest ← Calculate the value of F(x) and select the
best node with the minimum value of F(x) in x i

rand ;
xnew ← Extend(T ,xbest ,Lstep);

the normalization functions corresponding to these distances.
The variable θxparent,xnear,x i

rand
is the angle between adjacent

nodes, and SA(θxparent,xnear,x i
rand

) is the normalization function
for the angle.

When selecting the optimal sampling node, both distance
and angle constraints are considered. Adaptive factors α and
k are utilized to adjust the influence of the distance and
the turning angle on the evaluation function. The evaluation
function F(x) is defined as follows:

F (x) = α · A (x)+ (1+ dn/Dn) · N (x)+ k · Tn (8)

A (x) =

∥∥∥x i
rand − xstart

∥∥∥ , N (x) =

∥∥∥xgoal − x i
rand

∥∥∥ (9)

Tn = θ
(

xparent,xnear,x i
rand

)
(10)

where Dn is the Euclidean distance from the starting point
to the target point, dn is the Euclidean distance from the
current node to the target point, Tn is the angle between
three adjacent nodes, α is the distance factor, and k
is the turning angle factor. As shown in Fig. 2(b), the
Euclidean distance between points x2

rand and xgoal, xstart is
greater than the distance between points x1

rand and xgoal,
xstart, but the angle θ2 between the adjacent path seg-
ment, is smaller than θ1, Therefore, by considering both
the distance and angle costs, the path is generated between
points x2

rand and xnear.

B. Dynamic Step Size
The fixed step size extension in the traditional RRT

algorithm generates many unnecessary nodes in simple envi-
ronments, while extensive sampling through obstacle areas
in complex environments significantly decreases search effi-
ciency. Therefore, this article proposes a dynamic step size
extension strategy to enhance the search efficiency and path
quality in various environments. The method detects the
distribution of obstacles around the extended nodes and
dynamically selects the step length accordingly. As shown in
Fig. 3, the basic approach involves drawing a circle centered
at the nearest node xnearest(x0,y0), with a safety distance
Rsafe_dis as the radius, and extracting points from different
regions of the circle. The adaptive circular domain is set as

Fig. 3. Dynamic step size extension strategy. (a) Expansion step size in
the dense obstacle environment. (b) Expansion step size in the sparse
obstacle environment.

follows: [
xn
yn

]
=

[
x0
y0

]
+ Rsafe_dis

[
cos θi
sin θi

]
s.t. n = ceil

(
2π · Rsafe_dis

)
θi = (i/n) · 2π ,i = 1, . . . ,n (11)

where Rsafe_dis represents the safety distance. Rsafe_dis1 and
Rsafe_dis2 are defined as two safety distances, whose values
are specified as follows:

Rsafe_dis1 = Lstep1 + 0.5Lstep2 (12)
Rsafe_dis2 = Lstep3 + 0.5Lstep2 (13)

where Lstep1 is the small expansion step size, Lstep2 is the
normal step size, and Lstep3 is the large step size. As shown
in Fig. 3, first, Rsafe_dis2 is used as the safety distance, and
verifies whether the points within the circular area lie outside
the state space or on an obstacle. If no obstacles are detected,
the large step size Lstep3 is selected for expansion. Otherwise,
Rsafe_dis1 is used as the safety distance, and check the points
within the circular area again. The normal step size Lstep2 or
small step size Lstep1 is chosen for expansion.

C. Bidirectional Guidance Mechanism
Different from the random tree growth method of the

traditional bidirectional RRT (Bi-RRT) algorithm, a bidirec-
tional guidance mechanism is proposed that simultaneously
establishes two random exploration trees at the starting and
target points. The starting tree grows toward the target point
and provides a heuristic guidance for the target tree, guiding
it to grow toward the starting tree, enabling the rapid merging
of the two trees. As shown in Fig. 4, the starting tree node
x1

new is generated using the parallel heuristic sampling strategy,
while the target tree node x2

new is generated using the newly
generated path node x1

new, as a local target point through the
parallel heuristic sampling strategy. The evaluation function
H(x) of the target tree for selecting the best extension node
can be defined as follows:

H (x) = ε · B (x)+ (1+ ln/Ln) · S (x)+ m · Tn (14)

B (x) =

∥∥∥x i
rand − xgoal

∥∥∥ , S (x) =

∥∥∥xT 1
new − x i

rand

∥∥∥ (15)

where Ln is the Euclidean distance from the target point to
the new node of starting tree xT 1

new, ln is the Euclidean distance
from the current node to xT 1

new, ε is the distance factor, and m is
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Fig. 4. New node based on the bidirectional guidance mechanism.
The purple dashed line indicates the tree expansion direction of the
traditional Bi-RRT algorithm, and the green dashed line shows the tree
expansion direction with the bidirectional tree guidance mechanism.

Fig. 5. Rewiring PO. (a) Global optimization. The black path represents
the initial path, and the green path represents the global rewiring path.
(b) Local optimization. The red nodes represent the path nodes inserted
by the algorithm, and the blue path indicates the local rewiring path.

the turning angle factor. By shifting the target of the expansion
of the target tree from the starting point to the newly generated
node of the starting tree, the bidirectional tree connection is
completed more quickly.

D. Path Optimization
This article proposes a PO method to filter out noncritical

nodes and improve the quality of the initial path. First, the
initial path is traced back from the target point, with the
target point serving as the starting node of the segment.
Subsequent path nodes are sequentially connected, and the
algorithm checks whether the connecting segment collides
with any obstacles. If no collision is detected, all path nodes
between the two connected nodes are removed. If a collision
occurs, the child node of the current node is taken as the new
starting point of the segment, and the process is repeated until
the path is fully traced back to the starting point. The initial
path globally rewired process is shown in Fig. 5(a).

After global rewiring, the number of path nodes is signif-
icantly reduced, but the path still consists of segments from
the initial path. As shown in Fig. 5(b), local rewiring is then
introduced to further enhance the path quality. Since the path
nodes are relatively sparse after global rewiring, interpolation
is proposed for the newly generated path segments, with the
interpolation distance set to the minimum step size. This
creates a denser set of nodes for local rewiring. Starting from
the initial point, the method similar to the global rewiring
is used to further reduce the path cost and resolve issues of
overlapping paths.

The B-spline curve is introduced to optimize the path and
generate a smooth path. However, after local rewiring, the lim-
ited number of path nodes results in poor alignment between
the smoothed B-spline path and the original path, increasing

Fig. 6. B-spline curve optimization. The red path represents the result
of conventional B-spline curve optimization, and the green path shows
the result of interpolation B-spline curve.

collision risks. Therefore, we propose an interpolation B-spline
smoother for better path fitting. If the segment length between
adjacent nodes is less than a threshold, a control point is
inserted at the midpoint of the segment. Otherwise, control
points are generated at a regular step size from both nodes.
As shown in Fig. 6, the path smoothed by the interpolation
B-spline achieves a closer fit to the original path compared
with the conventional B-spline.

E. Theoretical Analysis of Algorithm
The probabilistic completeness of an algorithm must meet

the following condition: if a feasible path exists from the
starting point to the goal point, the probability of the algorithm
finding this feasible path approaches one as the number of
random samples tends to infinity [34]. The PB-RRT algorithm
is probabilistically complete. For any path planning problem
{xstart,Xfree,Xobs,xgoal} with an existing feasible solution σ ,
as the number of samples approaches infinity, the probability
of the PB-RRT algorithm finding a feasible path approaches
one, as described in

lim
i→∞

P
({

xstart,xgoal ∈ V PB-RRT
i ∩ σ subject to σ

⊆ T PB-RRT
i

})
= 1 (16)

where i is the number of iterations, T PB-RRT
i is the random

tree generated by the i times sampling, V PB-RRT
i is the set

of nodes in the random tree, and P is the probability of the
PB-RRT algorithm finding a feasible path.

For the PB-RRT algorithm, the parallel heuristic sampling
strategy improves traditional random sampling by incorporat-
ing parallel sampling points, which guide the random tree to
grow toward the target point and reduce invalid sampling.
This improvement does not compromise the convergence of
the algorithm and ensures that it can at least find the same
path solution as the RRT algorithm. The bidirectional guid-
ance mechanism accelerates the merging process of two trees
without affecting probabilistic completeness. Since the proba-
bilistic completeness of both the RRT and Bi-RRT algorithms
has been established [22], it proves that the PB-RRT algorithm
is probabilistically complete. Experimental results demonstrate
that as the complexity of the map increases, the number of
samples required by the PB-RRT algorithm to find a feasible
path also increases, but remains lower than that required by
the Bi-RRT algorithm.

For the path planning problem, the time complexity of the
PB-RRT algorithm is O(n log(n)) and the space complexity
is O(n log(n)) when the number of iterations is n.
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The overall algorithmic complexity depends on random
sampling, nearest node search, and collision detection. The
parallel sampling strategy samples multiple nodes per iteration
for evaluation function computation, and its time complexity
is O(n). The time cost of the dynamic step size expansion
method also depends on nearest node search and collision
detection; hence, its complexity is O(n log(n)). For the
bidirectional guidance mechanism, the sampling and expan-
sion processes for both the starting and goal trees are the
same as those in the single tree structure, so the computa-
tional complexity of the initial path planning phase remains
O(n log(n)). For PO, the time complexity of reselecting path
nodes, detecting connections, and inserting control points for
B-spline smoothing is less than or equal to O(n). There-
fore, the overall time complexity of the algorithm remains
O(n log(n)). Regarding space complexity, storing random tree
nodes requires O(n) space, and storing nearby nodes for
each new node requires O(n log(n)) space; thus, the space
complexity of the algorithm is O(n log(n)) according to the
large O rule.

Therefore, the PB-RRT algorithm exhibits the same theo-
retical complexity as the RRT algorithm. Experimental results
further demonstrate that the PB-RRT algorithm achieves faster
convergence compared with Bi-RRT algorithms, while also
requiring fewer stored path nodes.

IV. AUTOMATIC OBSTACLE AVOIDANCE BASED ON THE
SDWA ALGORITHM

The traditional DWA has limitations such as a conserva-
tive velocity window and an ineffective evaluation function
mechanism. These shortcomings make the robot prone to
falling into local optima and lead to poor robustness in
complex environments. To address these issues, this article
proposes SDWA. As shown in Fig. 7, the adaptive dynamic
window dynamically adjusts the exploration window size
during the movement of robots. All feasible regions δ are
first identified, and the predicted path region δs, which is
closest to the dynamic subtargets, is selected as the optimal
feasible region. The robot evaluates various path options by
balancing multiple evaluation factors in the path evaluation
function within this optimal feasible region. This process
enables the robot to determine the optimal movement direc-
tion effectively. The path evaluation function is defined as
follows:

G (v,ω) = k1 · Head (v,ω)+ k2 · Dist (v,ω)+ k3 · Vel (v,ω)

+ k4 · DistGP (v,ω)+ k5 · Goal (v,ω) (17)

where Head(v,ω) is the heading function, Dist(v,ω) is
the obstacle threat function, Vel(v,ω) is the velocity func-
tion, DistGP(v,ω) is the global path deviation function, and
Goal(v,ω) is the terminal convergence function. The coeffi-
cients k1–k5 are the weight factors.

The obstacle threat evaluation function is improved by
dividing into the distance between the robot and static obsta-
cles and the distance between the robot and dynamic obstacles.
It improves the safety of the navigation path by enabling
more precise handling of various obstacles. The obstacle threat

Fig. 7. Adaptive dynamic window. Rmax is the maximum radius of the
window, and Rdetection is the maximum detection distance of the robot.
The areas δ1–δ4 are the regions, where the robot can travel, while Area
δs represents the optimal region.

evaluation function is represented as follows:

Dist (v,ω) = λ · Dist_S (v,ω)+
(
1− λ

)
· Dist_D (v,ω)

(18)

Dist_S (v,ω) =

{
Ds, if Ds ≥ L
0, otherwise

(19)

Dist_D (v,ω) =

{
Dd, if Dd ≥ S
0, otherwise

(20)

Ds = min
∥∥xp − xs

∥∥ , Dd = min
∥∥xp − xd

∥∥ (21)
S = vt ·1t , L = 2Rr (22)

where Ds is the shortest distance from the predicted path
endpoint to a static obstacle and Dd is the shortest distance
from the predicted path endpoint to a dynamic obstacle. S is
the distance the robot travels within the prediction time 1t ,
Rr is the radius of rotation of the robot, and λ is weight coef-
ficient. Moreover, a global path deviation evaluation function
is incorporated to enhance the tracking performance of robots
on the global path while avoiding local obstacles. The global
path deviation function can be described as follows:

DistGP (v,ω) =

{
distgp, if distobs ≥ L
0, otherwise

(23)

distobs = min
∥∥xp − xuo

∥∥ , distgp = min
∥∥xp − xgp

∥∥
(24)

where distobs is the shortest distance between the robot and
dynamic obstacles at the current moment. distgp is the shortest
distance from the end of the predicted path to the global path.
The terminal convergence function is introduced to assign
higher weights to paths that are closer to the target, ensuring
that the robot does not linger near the goal and reaching the
target rapidly. The terminal convergence function is given by

Goal (v,ω) =

{
distst, if distrs ≤ Rdete

0, otherwise
(25)

distst = min
∥∥xp − xst

∥∥ , distrs = min ∥xr − xst∥ (26)

where distst is the shortest distance from the predicted path
endpoint to the target, distrs is the shortest distance between
the robot and the target, and Rdete is the obstacle detection
range of the sensors.
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Fig. 8. Two-layer structural diagram. The green dashed line represents
the path generated by the global path planning, the red pentagrams
represent the subtarget point, and the red line represents the path
generated by the local path planning of the robot.

The inability to adjust the speed in time may cause the
turning angle of robots to be insufficient in environments with
numerous obstacles, increasing the risk of collision. To address
this issue, the robot operates at a lower linear velocity and a
higher angular velocity in dense obstacle areas, enabling it to
follow the optimal path more closely and navigate to the target
point more quickly and safely. The adaptive adjustments for
linear and angular velocities are expressed as follows:

v (t + 1) = v (t)+ α1
δs (t + 1)− δs (t)

δall
vmax (27)

ω (t + 1) = ωmax − α2
v (t)
vmax

ω (t) (28)

where v is the linear velocity of robot, ω is the angular
velocity, δs is the optimal feasible region, δall is the maximum
exploration area, and α1 and α2 are the adjustment parameters.

V. TWO-LAYER PATH PLANNING METHOD

This article integrates the efficient path planning of the
PB-RRT algorithm capabilities with the real-time adaptability
of SDWA in complex and dynamic environments. As shown
in Fig. 8, the PB-RRT algorithm handles global path plan-
ning in known environments, while SDWA avoids dynamic
obstacles during navigation. After completing the heuristic
global path planning, the nodes on the optimized heuristic
path are sequentially extracted to set as the local subtargets
for the SDWA. This enables the robot to track the global
path in real time while avoiding dynamic obstacles. Since
the robot reduces speed as it approaches the local target
point, a dynamic subtargets strategy is proposed. The strategy
calculates the distance between the current position of the
robot and the dynamic subtargets. If this distance is less than a
preset threshold, the dynamic subtargets shift to the next point
along the sequence of subtargets. Otherwise, it remains at the
current subtargets.

Based on the two-layer method, we propose an approach
that adheres to collision avoidance principles, enhancing the
safety of robot navigation. This method leverages the char-
acteristic of the two-layer strategy, which always maintains
a dynamic subtarget, to guide the robot in avoiding dynamic
obstacles by adjusting the position of the dynamic subtargets.
As shown in Fig. 9, when the robot approaches the boundary
of a dynamic obstacle range, the movement direction of the

Fig. 9. Subtarget offset guidance diagram. The blue line represents the
direction of obstacle movement, the purple line represents the current
direction of robot movement, the green dashed line represents the
path generated after global planning, the red pentagram represents the
subtarget point, and the orange pentagram represents the subtarget
point after offset guidance.

dynamic obstacle and the angle θor between the line connecting
the robot and the obstacle are determined. If the angle θor lies
within the range of (−π/2, π/2), the dynamic subtargets is
offset to guide the robot. The direction of the adjustment is
opposite to the vector sum of the velocity of the robot and the
dynamic obstacle. The global path subtarget is then translated
from the point, where the dynamic obstacle intersects the
global path by a distance dbs, in the direction of the offset,
thereby guiding the robot to avoid the dynamic obstacle flex-
ibly. If the angle θor lies outside the range of (−π/2, π/2) or
exceeds the influence range of dynamic obstacle, the dynamic
subtarget reverts to the global path, directing the robot back
to the global path.

VI. EXPERIMENTS AND ANALYSIS

To verify the effectiveness and superiority of the pro-
posed method, four environmental maps were constructed
to compare the planning performance of the PB-RRT with
Bi-RRT [18], IBi-RRT [25], and RB-RRT [19]. The path qual-
ity at various stages of the PO was compared with demonstrate
the necessity of the PO method. Then, the application of the
proposed method in the dynamic path planning was analyzed.
Finally, the real environments are modeled to generate the
movement path of the robot, validating the effectiveness of the
method in practical scenarios. The simulations are performed
in MATLAB R2022b, and conducted in a PC with 1.9 GHz
Intel1 Core2 i5-1340P CPU and 16G RAM.

A. Comparative Experimental Analysis
This article conducts a comparative experiment in various

environmental maps, including a random map, a corridor
map, a warehouse map, and a maze map, each measuring
500 × 500. These maps provide different scenarios for the
robot’s path planning. The random map featured irregularly
shaped obstacles placed randomly, the corridor map contained
narrow paths, the warehouse map consisted of neatly arranged
rectangular shelves, and the maze map included dense obsta-
cles and misleading paths.

1Registered trademark.
2Trademarked.
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TABLE I
RESULTS FOR PLANNING IN MULTIPLE ENVIRONMENTS

Fig. 10. Comparison of search paths for various algorithms. From left to
right in each row are the planning results of Bi-RRT, IBi-RRT, RB-RRT,
and PB-RRT. (a) Random. (b) Corridor. (c) Warehouse. (d) Maze.

Fig. 10 shows the results of each algorithm in four dif-
ferent environments under 50 samples. It is evident that the
Bi-RRT algorithm lacks directional sampling, resulting in
excessive exploration of the space, a wide distribution of
sampling points, and the generation of numerous redundant
nodes. The IBi-RRT algorithm minimizes invalid expansions
but still generates many invalid sampling nodes in densely

obstructed areas, resulting in slow expansion in complex envi-
ronments. The RB-RRT algorithm integrates a node rejection
mechanism with a greedy expansion strategy to focus sampling
by limiting exploration in irrelevant regions of the state space.
However, in densely obstructed areas, the node rejection mech-
anism may hinder the tree from discovering a feasible path,
leading to a large number of invalid samples. In contrast, the
PB-RRT algorithm demonstrates clear purpose and direction in
expansion across all maps, with the starting tree and target tree
guiding each other, reducing invalid sampling in local spaces,
and achieving better paths with fewer sampling nodes.

Table I records the average time, standard deviation, number
of sampled nodes, path length, and number of path nodes
required to converge to the optimal solution across 50 indepen-
dent experiments. Results show that in any map environment,
the PB-RRT algorithm consistently achieves superior paths
with fewer sampled nodes and shorter planning times. For
instance, on the random map, the PB-RRT algorithm reduces
average planning time by 68.2% compared with Bi-RRT,
59.3% compared with IBi-RRT, and 23.6% compared with
RB-RRT. The reduction in average planning time is even more
pronounced on the warehouse and maze maps. Moreover, the
PB-RRT algorithm exhibits the smallest standard deviation in
average planning time across all maps, demonstrating its stable
performance and robust adaptability. As converging to the
optimal solution, PB-RRT requires significantly fewer sampled
nodes and achieves shorter path lengths than Bi-RRT, IBi-RRT,
and RB-RRT.

The PB-RRT algorithm also conducts a global path with
substantially the fewer average nodes and the shortest path
length compared with other algorithms. The average number
of nodes in the final path generated by the PB-RRT algorithm
is significantly reduced compared with other algorithms, with
only an average of five nodes. This represents reductions of
89%, 82%, and 17% compared with the Bi-RRT (46 nodes),
IBi-RRT (28 nodes), and RB-RRT (6 nodes), respectively.
It can be seen that the PB-RRT algorithm can efficiently
explore the space using fewer samples while finding more
optimal path solutions.
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Fig. 11. Comparison of initial PO. The blue path represents the initial
path, the black path is the global rewiring optimization, and the red path
indicate the locally rewired and B-spline curve optimized path.

Fig. 12. Comparison of results at different stages of PO in different
maps. (a) Path length. (b) Path node.

B. PO Results
The results of the optimized path experiment are shown in

Fig. 11. The initial path contains numerous redundant nodes,
resulting in an extended path length. After applying global
rewiring optimization, the number of path nodes and the path
length are significantly reduced, but the optimized path still
retains some unnecessary segments from the initial path. Local
rewiring optimization further shortens the path length and
removes redundant nodes. Fig. 11 shows that the final paths
after PO are shorter and smoother in different environmental
maps. Compared with the initial paths, the quality of the paths
is significantly improved.

Fig. 12 shows comparisons of path length and path nodes
across different stages of PO in four scenarios. Obviously,
the results clearly show that PO significantly enhances path
quality, evident in the substantial reduction of both path length
and the number of path nodes. It can be seen that the PO
strategies are efficient, particularly in complex environments.
The global path after PO is more suitable for robot navigation.

C. Experimental Results in Dynamic Environment
In the random map and the corridor map, several dynamic

obstacles were introduced that move back and forth along
blue paths, with their speeds changing randomly every
three seconds. The blue paths are manually drawn and ran-
domly generated in the simulation environment based on
the map layout and dynamic obstacle design requirements.
The resulting paths are then discretized into a series of
continuous control points and smoothed using B-spline curves
fitting to generate the final nonlinear paths. The Bi-RRT-
DWA algorithm, IBi-RRT-DWA algorithm, RB-RRT-DWA
algorithm, and PB-RRT-SDWA algorithm were employed for
dynamic path planning to verify the performance of the pro-
posed method. The comparison results of various algorithms
are shown in Fig. 13. The Bi-RRT-DWA algorithm, IBi-

Fig. 13. Results of the robot in scenes with moving obstacles. From
left to right in each row are the planning results of Bi-RRT-DWA, IBi-
RRT-DWA, RB-RRT-DWA, and PB-RRT-SDWA. The green path is the
global path, and the red path is the real-time local path. (a) Random. (b)
Corridor.

TABLE II
RESULTS FOR PLANNING IN DYNAMIC ENVIRONMENTS

RRT-DWA algorithm, and RB-RRT-DWA algorithm generate
paths with significant fluctuations due to poor global path
quality or unreasonable speed control when encountering
obstacles. In contrast, the path generated by the PB-RRT-
SDWA algorithm exhibits good smoothness due to dynamic
subtarget guidance.

Table II presents the average data obtained from 50 sets of
dynamic path planning experiments, including planning time,
path length, and the minimum distance to dynamic obsta-
cles Dmin. The PB-RRT-SDWA algorithm demonstrated the
shortest planning time, the shortest path length, and the biggest
minimum distance to dynamic obstacles. For instance, in ran-
dom maps, the planning time of the PB-RRT-SDWA algorithm
was reduced by 52.4%, 28.7%, and 20.4% compared with the
Bi-RRT-DWA, IBi-RRT-DWA, and RB-RRT-DWA algorithms,
respectively. In addition, the path length generated by the
PB-RRT-SDWA algorithm was shortened by 14.8%, 7.2%, and
4.1% compared with the Bi-RRT-DWA, IBi-RRT-DWA, and
RB-RRT-DWA algorithms, respectively. It can be seen that
the dynamic subtarget strategy and rational velocity control
can significantly reduce both planning time and path length.
Moreover, the offset guidance strategy enables the robot to
maintain a relatively safe distance from dynamic obstacles.

The real indoor environment is implemented to demon-
strate the effectiveness of the two-layer method in practical
applications. As shown in Fig. 14(b), the testing area is a
10 × 7 m2 office with a map resolution of 1 cm. The linear
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Fig. 14. Real experimental scenarios. (a) Indoor environment (office).
(b) Outdoor environment (park).

Fig. 15. Results of robots in an office scenario. The green path is the
global path, and the red path is the real-time local path. (a) Bi-RRT-DWA.
(b) IBi-RRT-DWA. (c) RB-RRT-DWA. (d) PB-RRT-SDWA.

velocity and angular velocity of the robot are constrained to
v ∈ (0, 0.4 m/s) and ω ∈ (−3.14, 3.14 rad/s). As shown in
Fig. 15, the experimental results demonstrate that the PB-RRT
algorithm generates higher quality global paths during the
global path planning stage. In the local path planning stage,
the PB-RRT-SDWA algorithm performs local planning based
on subtargets derived from the global path. Upon entering
the collision range of a dynamic obstacle, it can promptly
replan and select an optimal path to avoid the obstacle. Once
the robot exits the influence range of the dynamic obstacle,
it swiftly returns to the global path and safely reaches the
target point. As shown in Table III, the planning time of
the PB-RRT-SDWA algorithm was reduced by 41.7%, 36.7%,
and 20.1% compared with the Bi-RRT-DWA, IBi-RRT-DWA,
and RB-RRT-DWA algorithms, respectively. In addition, the
path length generated by the PB-RRT-SDWA algorithm was
shortened by 15.8%, 7.8%, and 5.4% compared with the
Bi-RRT-DWA, IBi-RRT-DWA, and RB-RRT-DWA algorithms,
respectively. It can be seen that the PB-RRT-SDWA algorithm
can generate smoother paths and consistently maintains a

TABLE III
RESULTS FOR PLANNING IN REAL DYNAMIC ENVIRONMENTS

Fig. 16. Results of robots in a larger office scenario. The green path is
the global path, and the red path is the real-time local path. (a) Bi-RRT-
DWA. (b) IBi-RRT-DWA. (c) RB-RRT-DWA. (d) PB-RRT-SDWA.

relatively safe distance from dynamic obstacles compared with
the other three algorithms.

Then, we select a larger office scenario, as shown in
Fig. 16. With dynamic subtarget guidance, the PB-RRT-
SDWA algorithm maintains its navigation direction in complex
environments, while the subtarget offset strategy enables the
robot to flexibly avoid dynamic obstacles. Compared with
other algorithms, the PB-RRT-SDWA algorithm demonstrates
superior speed control during turns, allowing it to rapidly avoid
dynamic obstacles, promptly return to the global path, and
smoothly reach the goal. As shown in Table III, the PB-RRT-
SDWA algorithm achieves the shortest planning time, the most
optimal path length, and the greatest minimum distance from
dynamic obstacles.
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Fig. 17. Results of robots in a real outdoor environment. The green path
is the global path, and the red path is the real-time local path. (a) Bi-RRT-
DWA. (b) IBi-RRT-DWA. (c) RB-RRT-DWA. (d) PB-RRT-SDWA.

As shown in Fig. 14(b), a real complex outdoor envi-
ronment is selected for robot path planning and obstacle
avoidance experiment. The performance of each algorithm
in real outdoor environments is presented in Fig. 17. It is
evident that the PB-RRT-SDWA algorithm produces smoother
paths and exhibits greater stability and reliability in complex
environments compared with other algorithms. The experimen-
tal results summarized in Table III further demonstrate that
the two-layer path planning method is effective in practical
applications.

VII. CONCLUSION

This article proposes an efficient and safe two-layer path
planning method for complex and dynamic environments.
In the first layer, the PB-RRT algorithm is employed to find
the global path, which utilizes parallel sampling points and
evaluation functions to achieve the optimal adaptive expansion.
Then, the bidirectional guidance mechanism is introduced to
accelerate the merging of bidirectional random trees. In addi-
tion, PO is introduced to generate a path that the robot can
follow. The optimized path is used to extract key nodes
as dynamic subtargets. The second layer introduces SDWA,
which is combined with an offset guidance method to identify
feasible paths for robots in dynamic environments. Experimen-
tal results in various complex dynamic environments show that
the two-layer method can effectively generate an optimal path
and safely avoid dynamic obstacles to reach the target.
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