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Abstract: This paper proposes a solution for the cooperative obstacle avoidance path planning prob-
lem in dual manipulator arms using an improved Rapidly Exploring Random Tree (RRT) algorithm.
The dual manipulator arms are categorized into a main arm and a secondary arm. Initially, the obsta-
cle avoidance path for the master arm is planned in the presence of static obstacles. Subsequently,
the poses of the master arm during its movement are treated as dynamic obstacles for planning
the obstacle avoidance path for the slave arm. A cost function incorporating a fast convergence
policy is introduced. Additionally, adaptive weights between distance cost and variation cost are
innovatively integrated into the cost function, along with increased weights for each joint, enhancing
the algorithm’s effectiveness and feasibility in practical scenarios. The smoothness of the planned
paths is improved through the introduction of interpolation functions. The improved algorithm
is numerically modeled and simulated in MATLAB. The verification results demonstrate that the
improved RRT algorithm proposed in this paper is both feasible and more efficient.

Keywords: improved RRT algorithm; dual-arm robot; motion planning; simultaneous obstacle avoidance

1. Introduction

With the continuous advancement of industrial automation technology, the demand
for dual-arm systems as an advanced automation solution in the industrial sector has
grown significantly [1]. These systems are characterized by synergistic operations and
high flexibility [2], making them widely applicable in complex production environments
such as manufacturing, warehousing, and logistics [3]. Despite the strong market demand
for dual-arm systems, they face several challenges, the most significant being obstacle
avoidance and path planning [4].

Petit et al. [5] introduced the RRT-Rope method, which leverages the rapid compu-
tation capabilities of a modified RRT connect algorithm and integrates a deterministic
shortcutting technique to achieve near-optimal solutions more swiftly. The incorporation of
intermediate nodes for each tree branch is a notable strength, leading to improved path cost
and computation time. Nonetheless, potential weaknesses of the algorithm could include
its performance dependency on the specific structure of the environment and the possibility
that the deterministic shortcutting technique may not fully capitalize on the diversity of
feasible paths in more complex or highly dynamic settings. Xanthidis et al. [6] proposed
enhancements to traditional sampling-based planners to address efficiency challenges
posed by high-dimensional holonomic systems, such as hyper-redundant manipulators,
snake-like robots, and humanoids. By focusing on exploring lower dimensional volumes
within the configuration space, the algorithm aims to mitigate the exponential complexity
associated with higher dimensions. This approach demonstrates significant performance
improvements, achieving up to two orders of magnitude faster computation times com-
pared to standard methods like RRT-Connect and Bidirectional T-RRT. However, like many
sampling-based algorithms, its effectiveness can be hindered by issues such as sensitivity to
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initial conditions, difficulty in handling narrow passages, and the potential for local minima
traps, particularly in complex environments. Gammell et al. [7] introduced Rapidly Explor-
ing Random Trees (RRTs), which have gained significant popularity in motion planning due
to their efficient resolution of single-query problems. Optimal RRTs (RRT*) represent an
extension aimed at finding the optimal solution within the planning domain. They achieve
this by asymptotically identifying the optimal path from the initial state to every state,
thereby enhancing path optimality. However, this approach can introduce inefficiencies
and inconsistency, deviating from the straightforward single-query purpose of traditional
RRTs. Brunner et al. [8] propose a two-phase motion planning algorithm for actively recon-
figurable tracked robots, demonstrating significant strengths in autonomous traversal of
unstructured and urban environments. The initial graph search quickly identifies a feasible
path within the platform’s operational constraints, ensuring computational efficiency. The
subsequent RRT* search in the high-dimensional state space, incorporating the robot’s
actuators, enhances navigation of complex terrains without relying on detailed terrain clas-
sification or predefined motion sequences. However, potential weaknesses include reliance
on the initial path found by the graph search, which may limit the final path’s optimality in
highly dynamic or cluttered environments. Additionally, real-time performance may be
constrained by the computational overhead of the high-dimensional RRT* search, especially
with increasing robot configuration complexity. Ranganathan et al. [9] proposed the algo-
rithm, parti-game directed RRTs (PDRRTs), which represents a significant advancement in
the field of motion planning by effectively merging graph-based and cell-based techniques.
The integration of rapidly exploring random trees (RRTs) as local controllers within the
framework of the parti-game method enhances both speed and problem-solving capability.
Experimental results demonstrate that PDRRTs not only outperform traditional RRTs in
planning speed and problem-solving rate but also surpass the parti-game method in terms
of planning speed and memory efficiency. Despite these strengths, potential weaknesses
include the reliance on the effectiveness of the local controllers, which may vary with
different problem spaces, and the possible increase in computational complexity due to the
combination of two distinct methods.

This paper proposes an improved RRT-based algorithm to address the shortcomings
of existing RRT-related algorithms in trajectory planning for collision-free path planning of
a dual-arm robot. The proposed method offers the advantages of shorter planning time and
fewer steps. The paper details the kinematic modeling of the dual-arm robot, the improved
RRT algorithm, experimental validation, and result analysis.

2. Kinematic Modeling of Dual Robotic Arms

The PUMA560 (Programmable Universal Machine for Assembly) is a classic six-degree-
of-freedom serial robotic arm [10]. Known for its simple structure, high reliability, and
versatility in performing a variety of complex tasks, the PUMA560 is widely utilized in
industrial production lines, research laboratories, and educational institutions [11]. In this
paper, we combine two PUMA560 robotic arms to create a dual-arm robotic platform for
experimental purposes. One arm functions as the master, while the other operates as the
slave, arranged in a mirror-image configuration relative to the master arm [12]. In order to
facilitate the establishment of a coordinate system for calculations. The joint schematic of
the slave robot arm and the joint schematic of the master robot arm are symmetrical, with
the robot body as a mirror image. The D-H parameter α and θ of the master arm and the
D-H parameter of the slave arm are opposite to each other. In this paper, the kinematic
model of the dual-arm is established using the D-H parameter modeling method [13].

Firstly, the coordinate system of the primary robotic arm is established, as illustrated
in Figure 1;
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Figure 1. PUMA560 robotic arm establishes a set of coordinate systems.

Secondly, the D-H parameter table for the master robot arm is created, as shown
in Table 1, according to the method of building the system of the robot arm. The D-
H parameter α and θ of the master and slave robot arms are inversely proportional to
each other;

Table 1. The D-H parameter table.

Link θ (◦) d (mm) a (mm) α (◦)

1 0 600 25 90
2 90 0 56 0
3 0 0 35 90
4 0 515 0 90
5 180 0 0 90
6 0 80 0 0

Thirdly, the transformation matrix of the robotic arm is calculated using Equation (1)
and the D-H parameter table;

Ti−1
i =


cos(θi) − sin(θi) cos(αi) sin(θi) sin(αi) αi cos(θi)
sin(θi) cos(θi) cos(αi) − cos(θi) sin(αi) αi sin(θi)

0 sin(αi) cos(αi) di
0 0 0 1

 (1)

Finally, the forward kinematic equations are established, and the position of the
end-effector relative to the reference coordinate system is calculated by connecting the
coordinate systems of the six joints using Equation (2) and the aforementioned transforma-
tion matrix.

T = T0
1 T1

2 T2
3 T3

4 T4
5 T5

6 (2)

Several problems that will be faced while solving the using inverse kinematics [14] of
a robotic arm are as follows:

• Multiple Solution Problem: The presence of various joint angle solutions for a given
end-effector position and orientation complicates the selection of the optimal or most
suitable solution, leading to ambiguity [15];
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• Singular Solution Problem: Certain configurations of the robotic arm can result in
singularity issues, where the position and orientation of the end-effector cannot be
uniquely determined at specific joint angles [16];

• Numerical Instability Problem: Solving inverse kinematics involves numerical compu-
tations and optimization methods. Numerical stability is crucial; errors or instabilities
in computation can affect the accuracy and reliability of the solution and may cause
instability in the robotic arm’s movements [17];

• High Computational Complexity: Inverse kinematics solutions typically require com-
plex mathematical calculations and algorithms. This is particularly true for high-
degree-of-freedom robotic arms or complex tasks, leading to a time-consuming solu-
tion process [18].

To address the issues in trajectory planning, this paper proposes a method that com-
bines an improved RRT algorithm with forward kinematics to plan paths for dual-arm
motion after resolving collision problems.

3. Improved RRT Algorithm

The improved RRT algorithm presented in this paper incorporates a more precise
collision detection method and a more efficient cost function, leading to reduced planning
time and fewer steps compared to the traditional RRT algorithm [19]. Furthermore, an
interpolation method is introduced to ensure smoother trajectory planning.

3.1. Dual-Arm Path Planning Based on the Improved RRT Algorithm

First, the initial and target positions of both the master and slave robotic arms are
determined. Subsequently, one of the robotic arms is designated as the master, while the
other functions as the slave. Next, create an obstacle course environment. The robot body
itself is also utilized as an obstacle within this environment. Next, a feasible path for the
master arm is charted amidst the obstacles using a path planning algorithm. Finally, the
master arm is dynamically incorporated as an obstacle, and a viable path for the slave arm
is planned accordingly. The overall algorithmic process is depicted in Figure 2, highlighting
the establishment of obstacle space, the ExtendTreeRobot function, and collision detection
as pivotal enhancements within the algorithm.
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Figure 2. Overall Idea Flowchart.

3.2. Obstacle Generation Function

In this paper, spheres are used as obstacles. Spherical obstacles are generated using
information about their locations and radii. Using a spherical obstacle is considered an
effective approach in robotic arm trajectory planning, offering several key advantages: it
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simplifies the model, enhances computational efficiency, facilitates extension, and provides
a better approximation. This method can significantly reduce the complexity of the planning
algorithm and streamline the collision detection process, thereby expediting the execution
of path planning.

3.3. Improved Penalty Function for the RRT Algorithm

In path planning, the root pose node of the robotic arm acts as the starting point. An
improved Rapidly Exploring Random Tree (RRT) utilizes a penalty function to expand a
randomized tree structure consisting of pose nodes. This expansion includes sampling and
adding leaf pose nodes. Once the target pose node is incorporated into the random tree, a
path from the initial pose node to the target pose node can be established.

This paper enhances the traditional RRT penalty function by integrating a cost function
and implementing a rapid convergence policy. Furthermore, innovation is introduced by
adjusting the weights between distance cost and variation cost within the penalty function,
as well as incorporating weights for each joint. These enhancements aim to accommodate
real-world conditions, thereby enhancing the algorithm’s applicability in practical scenarios.
The improved RRT penalty function proposed in this paper is formulated as follows:

C(xi, xrand) = WDD
(

Pi, Pgoal

)
+ WVV(xi, xrand) (3)

D
(

Pi, Pgoal

)
=

∣∣∣Pi − Pgoal

∣∣∣ (4)

Pi ∈ Tn(i = 1, 2, ..., n) (5)

In Equation (3), C(xi, xrand) is the total path cost (path cost, abbreviated as C) from
the pose node xi to the current random pose node xrand, that has been generated by the
algorithm; D

(
Pi, Pgoal

)
is the Eulerian distance cost of the end pose of the robotic arm,

Pi, in the state of the pose node xi to the goal pose, Pgoal ; Tn is the extended random tree
currently generated by the algorithm, and a smaller Euler distance cost indicates a better
current end position of the robotic arm; V(xi, xrand) is the degree of change in the angle of
the various joints of the robotic arm from the pose node xi that has already been generated
to the current randomized pose node xrand, and the smaller the degree of change, the higher
the performance of the robotic arm movement smoothness; WD and WV is the weighted
optimal solutions for the end pose of the robotic arm and the weighted optimal solution for
the smoothness of the robotic arm motion, respectively.

V(xi, xrand) =
∣∣Wp ⊙ xrand − Wp ⊙ xi

∣∣ =
√√√√ 6

∑
j=1

[Wpj(αrandj − βij)]
2 (6)

Wp = [Wp1, Wp2, . . . , Wp6] (7)

xrand = [αrand1, αrand2, . . . , αrand6] (8)

xi = [βi1, βi2, . . . , βi6] (9)

In Equation (6), xi and xrand are two adjacent pose nodes, V(xi, xrand) is the degree of
change of the angle of each joint of these two adjacent pose nodes, because in the actual
working conditions, the load-bearing and wear degree of the joints of the robotic arm is not
the same, and weights should be set up between the joints, to ensure that the service life of
the robotic arm and the benefits are maximized, the introduction of weights Wp, where the
Wp value is based on a set of optimal weights obtained from many experiments.

WD = [WD1, WD2, WD3] (10)

WV = [WV1, WV2, WV3] (11)
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Equations (10) and (11) represent the adaptive weights. The Eulerian distance cost
D
(

Pi, Pgoal

)
decreases with sampling and tends to zero continuously; three intervals are set

for this distance cost, e.g., the first interval corresponds to a group of WD1, WV1; the weights
of the optimal solution for the smoothness of the movement of the robotic arm need to be
increased when the distance cost is small and decreased when this distance cost is large,
and three sets of better WD, WV are obtained in several experiments. When this distance
cost is large, the weight of the optimal solution for the smoothness of the movement of the
robotic arm needs to be reduced, and three sets of optimal WD, WV are obtained in many
experiments; in the sampling process, the Eulerian distance cost D

(
Pi, Pgoal

)
enters into

the corresponding interval, and then the size of the weights is changed adaptively.
Dual-arm robots often experience reduced search efficiency due to their large size

and workspace, as well as the expansive search space of the rapidly expanding random
tree function. To enhance search efficiency, we propose an improved RRT algorithm that
optimizes the filtering of traversed robotic arm positions. The introduction of a cost function
facilitates a gradual optimization process during search, enabling pruning of suboptimal
solutions, reduction of algorithmic traversal space, and improvement of overall search
efficiency. When targeting a specific position, an initial error range is defined; nodes
within this range relative to the current and target positions are retained in the algorithmic
traversal space, while those outside are excluded.

An example explaining this function follows:

(1) Select a random joint from the 6 joints of the robotic arm, such as joint 2, and set the
algorithm step size to 5◦;

(2) Within the interval [−90◦, 90◦], randomly select an angle in 5◦ increments. If the angle
is positive, rotate 5◦ clockwise; if the angle is negative, rotate 5◦ counterclockwise.
Assume a positive angle is randomly selected;

(3) Rotate joint 2 clockwise by 5◦ from its initial angle (angle 1), designating this new
position as angle 2 for the child node in the random tree, with angle 1 noted as its
parent node;

(4) Randomly choose another joint from the 6 joints, for example, joint 3;
(5) Within the interval [−90◦, 90◦], randomly select an angle, such as 30◦;
(6) Rotate joint 3 clockwise by 5◦ from the angle 2 of the child node in the random tree,

assigning this as angle 1;
(7) Define the cost function;
(8) If the cost function value for angle 2 of the random tree’s child node is minimal, then

rotate joint 3 clockwise by 5◦ from angle 2 of the random tree’s child node, designating
it as angle 3;

(9) Achieve rapid convergence;
(10) Utilize the Robotics Toolbox function to map angles to positions for the 6 joints;
(11) Implement the collisionRobot function to prevent collisions between the master arm

and obstacles;
(12) Repeat the above steps until the distance between the new node and the target node

is within the specified error range, terminating the loop at this point;
(13) Make fine adjustments to the final end position to precisely reach the target location.

Algorithm 1 below shows the detailed flow of the function.

Algorithm 1. ImprovedTreeRobot

Function1: ImprovedTreeRobot
Input : WD, WV , xstart, Pstart, Pgoal , ∆D, xstart ∈ x f ree, Tn, T , max_iterations
Output : xpath
# Initialize an empty pose x and an empty node P
x = None P = None
# Initialize iterations to keep track of iteration counts
iterations = 0
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Algorithm 1. Cont.

# While the distance between Pstart and Pgoal is greater than ∆D, Pstart is the end position of the
robot arm at the start
while distance(Pstart , Pgoal) > ∆D do

# Select a random node xrand from the free space x f ree
xrand= random_node(x f ree)
# Compute the pose Prand corresponding to xrand using forward kinematics
Prand = ForwardKinematics(xrand )
if iterations < max_iterations do

# Calculate the cost C
C(xi, xrand) = WDD

(
Pi, Pgoal

)
+ WVV(xi, xrand)

# Find the set of nodes xnear that minimizes C
xnear= {xi ∈ Tn|C(xnear, x) = min{C(xi, x)}}
# Compute the pose Pnear corresponding to xnear
Pnear= ForwardKinematics(xnear )
# Calculate the new pose xnew using the RRT method Getxnew
x = Getxnew (xrand , xnear)
# Compute the pose P corresponding to xnew
P = ForwardKinematics(xnew )

else
# Similarly, calculate the cost C

C(xi, xrand) = WDD
(

Pi, Pgoal

)
+ WVV(xi, xrand)

# Find the n closest nodes to xi in Tn
Tn_new= nearest_nodes(Tn , xi, n)
# Select the set of nodes xnear that minimizes C
xnear= {xi ∈ Tn|C(xnear, x) = min{C(xi, x)}}
# Compute the pose Pnear and P corresponding to xnear and xnew respectively
Pnear= ForwardKinematics(xnear )
x = Getxnew (xrand , xnear)
P = ForwardKinematics(xnew )

end
# If a collision is detected, generate a new random node
if CollisionCheck(x) == 1 then

GenerateRand()
else

# Otherwise, add xnew and Pnew to their respective node sets
xnew = S
Pnew = P
add xnew to xnode
add Pnew to Pnode
#Update Pstart to the position of the Pnew
Pstart= Pnew
# Add iterations
iterations = iterations + 1

end
# Update the number of steps from xnear to xnew
T = T + steps(xnear , xnew)

end
# While the distance between Pstart and Pgoal is less than ∆D, generate the xpath while distance
(Pstart , Pgoal) < ∆D do

xpath= (xstart, · · · , xnear(xnew), xnew )
end

3.4. Collision Detection Function

Static obstacles refer to randomly generated spherical obstacles in space. Both the
master and slave arms must perform collision detection with these static obstacles during
path planning to generate a collision-free trajectory. Dynamic obstacles occur when the
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slave arm treats the moving master arm as a dynamic obstacle while the master arm follows
the planned trajectory. To balance the hardware’s computational power and the trajectory
planning algorithm’s solution quality, a 100-millisecond time window is introduced into
the trajectory planning process.

The master arm is treated as a dynamic obstacle in the following manner: within
the first 50 milliseconds of the time window, the positions of each joint in the master
arm’s trajectory, along with the mid-points between adjacent joint positions, are used as
the centers of dynamic obstacle spheres. The radius of these spheres is determined by
the length of the robotic arm’s rods, creating a collection of spherical obstacles for the
first 50 milliseconds.

During the trajectory planning of the master arm, it is ensured that the distance
between any joint position or rod midpoint and the center of a static obstacle sphere exceeds
1.2 times the radius of the static obstacle sphere. Considering the physical dimensions of
the robotic arm and the factors discussed in this study, the radius of the obstacle sphere is
increased by 20% to ensure collision avoidance.

The slave arm considers both static and dynamic obstacles during its trajectory plan-
ning. The master and slave arms are temporally coordinated during trajectory planning,
with a 50-millisecond delay for the slave arm relative to the master arm. The slave arm uses
the dynamic obstacle space generated by the master arm within the first 50 milliseconds of
the time window for collision detection and completes its trajectory planning within the
second 50 milliseconds, before proceeding to the next time window.

Algorithm 2 below shows the collision detection function, which gives an example of
collision detection for the first rod, and the collision detection in real trajectory planning
needs to cover all the rods of the robot arm.

Algorithm 2. collisonRobot

Function2: collisonRobot
Input : (y1, y2, · · · , y6 ), obstacle
Output : collisonCheck(x )
(y1, y2, · · · , y6) indicates the position of the 6 joints
#Example of the first rod’s collision avoidance
Q1 = y1, Q2 = (y 1+y2)/2, Q3 = y2
#r is the radius of the obstacle sphere, c is the center coordinate of the obstacle sphere
if ||Q1 − c|| < 1.2r and ||Q2 − c|| < 1.2r and ||Q3 − c|| < 1.2r
then
#collisonCheck(x) = 1 means that there is a collision at pose x during the collision
detection process
collisonCheck(x ) = 1
end

4. Simulation Experiment

The improved RRT algorithm proposed in this study was validated experimentally
using MATLAB. Table 2 presents the initial simulation parameters used for planning
dual-arm trajectories under random obstacle conditions.

Table 2. Randomized obstacle simulation experiment parameters.

Master Arm Slave Arm

Starting point (mm) [0, −125, 48] [0, 125, 48]
Starting point (◦) [0, 0, 0, 0, 0, 0] [0, 0, 0, 0, 0, 0]

Target point (mm) [61, 63, 38] [41, 68, 69]
Target point (◦) [144, 144, 160, 90, 0, 0] [100, −144, 0, 90, 0, 0]

Accuracy error ∆D (mm) 0.5 0.5
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In this simulation experiment, we conducted ten groups of trials, each varying in
the number of obstacles randomly generated from 1 to 10. For each experimental group,
we executed 200 motion planning trajectories and recorded the average planning time
and success rate. The static sphere obstacles differed in number, position, and radius
across groups. Obstacles were placed to avoid the initial position of the dual-arm, with a
maximum radius limit to ensure sufficient movement space. Table 3 presents the statistical
outcomes from these ten experimental sets.

Table 3. Results of the improved RRT algorithm run.

1 2 3 4 5 6 7 8 9 10

Planning Time 4.13 s 4.16 s 4.15 s 4.18 s 4.23 s 4.62 s 5.21 s 5.39 s 5.52 s 5.75 s
Success Rate 99.5% 99.5% 99.0% 98.5% 96.0% 95.5% 94.5% 93.0% 92.5% 91.5%

Figure 3 illustrates the trajectories of the robotic arms during the simulation experiments.
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Figure 3. Trend of the angle of the arms in the random obstacle simulation experiment. Panels
(a,b) depict the trajectories of the dual–arm in a single–obstacles experiment. Panels (c,d) display the
trajectory of the dual–arm movement in a five–obstacles experiment. Panels (e,f) show the trajectories
of the dual–arm in a ten–obstacles experiment. The left set of three figures de–picts the trajectories
of the master arm, while the right set represents those of the slave arm. Six joints in the image
correspond to six colors.
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The trajectories generated by the improved RRT algorithm were simulated using the
Robotics Toolbox in MATLAB. Simulation results from three randomly selected experiments
are depicted in Figures 4–6. These experiments demonstrate that the proposed simulation
algorithm effectively generates collision-free paths for both the master arm and the slave
arm. This capability enables the dual-arm to transition from their initial positions to
designated target positions, confirming the feasibility and effectiveness of the improved
RRT algorithm introduced in this study.
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Figure 5. Five random obstacle simulation experiments. (a–c) depict the initial state main view,
in–termediate state main view, and end state main view of the dual robotic arm. (d–f) depicts the
initial state top view, intermediate state top view, and end state top view of the dual robotic arm.
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Figure 6. Ten random obstacles simulation experiments. (a–c) depict the initial state main view,
int–ermediate state main view, and end state main view of the dual robotic arm. (d–f) depicts the
initial state top view, intermediate state top view, and end state top view of the dual robotic arm.

5. Discussion

The algorithm proposed in this paper achieves good results in solving the dual-arm
collaborative obstacle avoidance path planning problem. By integrating an improved
Rapidly Exploring Random Tree (RRT) approach, the algorithm effectively plans obstacle-
free paths for both the main and slave arms. Notably, the introduction of a novel cost
function with adaptive weights improves convergence speed and enhances path quality
by balancing distance and variation costs. Moreover, the algorithm’s capability to handle
dynamic obstacles, treating the main arm’s poses as such for the slave arm, underscores its
adaptability in real-world scenarios [20]. The inclusion of interpolation functions further
ensures smoother path execution, validated through rigorous MATLAB simulations. While
the algorithm has yielded good results, further enhancements could be explored to address
computational complexity and scalability in highly dynamic environments.

6. Conclusions

This paper presents an improved Rapidly Exploring Random Tree (RRT) algorithm de-
signed specifically for addressing dynamic cooperative obstacle avoidance in path planning
for dual-arm robots. The effectiveness of the proposed approach is thoroughly validated
through experimental verification.

• The improved RRT algorithm proposed in this study exhibits outstanding experimental
results in dual-arm collision avoidance trajectory planning. Extensive experiments
confirm that the algorithm achieves high planning speed and success rates in handling
trajectory planning amid numerous obstacles;

• To address the inherent path roughness of the improved RRT algorithm, path smooth-
ing is achieved through interpolation and an increased number of nodes. This refine-
ment significantly enhances the smoothness of the generated trajectories;

• To tackle challenges associated with multi-solution, singularities, and computational
complexity in robot inverse kinematics, this study advocates using robot forward
kinematics for trajectory planning, thereby improving computational efficiency;
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• By employing a master-slave coordinated control approach, obstacle avoidance plan-
ning begins with the master arm. Subsequently, the slave arm leverages the trajectory
of the master arm (left arm) for obstacle avoidance path planning;

• The effectiveness and feasibility of the algorithm are validated through numerical simula-
tions using the Robotics Toolbox in MATLAB as part of the experimental methodology.
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