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This study presents a piece-wise, seventh-order polynomial trajectory planning method for

robotic manipulators in complex 3D environments, based on a differential evolution

algorithm. Compared with conventional quintic polynomial methods, the proposed

approach introduces additional 2 variables, enabling improved trajectory flexibility and

optimization capability. A multi-objective function incorporating path length, minimization

of jerk and trajectory continuity is formulated to balance efficiency and trajectory

smoothness. Simulation results show that the method can generate smooth, collision-free

trajectories, achieving better performance in terms of jerk reduction and obstacle avoidance

than quintic polynomial methods.

To assist the handling process, an end effector (gripper) was designed, the thread driven

moving plate can complete the task efficiently. It can hold the pipe or wire of diameter

from 2cm to 5cm. The structure can also avoid the axial movement due to its the fixed

design. There are also sufficient safety margin to withstand the variable force up to 1500N.
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SYMBOLS AND ABBREVIATIONS

Roman characters

CR crossover probability

D dimension of variables

F scaling factor

G number of iterations

L path length m

NP population size

T total motion time s

� weighting coefficients

Greek characters

� polynomial coefficients

α time allocation parameter

λ torque utilization ratio

Constants

a acceleration m/s²

j jerk (derivative of acceleration) m/s³

p_0 starting point position m

p_w waypoint position m

p_f final point position m

q(t) trajectory position m

t time variable s

v velocity m/s

Subscripts

0 initial state

f final state

max maximum



min minimum

w waypoint

i number

Superscripts

‘ stator

" rotor

Abbreviations

AABB Axis-Aligned Bounding Box

CNC Computer Numerical Control

DOF Degrees of Freedom

DE Differential Evolution

EAST Experimental Advanced Superconducting Tokamak

GA Genetic Algorithm

NURBS Non-Uniform Rational B-Spline

PRM Probabilistic Roadmap

PSO Particle Swarm Optimization

RL Reinforcement Learning

RRT Rapidly-exploring Random Tree

TD3 Twin Delayed Deep Deterministic Policy Gradient

V-REP Virtual Robot Experimentation Platform

VJM Virtual Joint Method
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1 Introduction

In high-risk or specific workspace, such as nuclear power plants, narrow pipe and fire

scene, where radiation exposure and other occupational hazards are present, reliance on

manual labor alone is insufficient. Therefore, auxiliary technologies such as intelligent

robots, handling systems, and cranes are required to ensure safe and efficient operation.

These systems are capable of precise and controlled manipulation of position and

orientation in 3D space. By adjusting the position and the help of end effector (such as

grippers, cutting tools, welding torches, and probes), robotic systems can achieve trajectory

control and complete various tasks. They predicts key environmental features through

visual perception by integrating cameras. For example, some robotic work in the system to

handle the rod as shown in the Figure 1 and to perform laser cutting in the Figure 2.

Figure 1: RodBot Hydraulic Robotic Pipeline Handling System(MEDATECH Engineering

Services, 2023)

Figure 2: Robotic Laser Cutting Machine (SILASERS, n.d.)
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1.1 Research Background

The proper use of robots or robotic arms can help skilled workers in specific or specialized

work environments avoid personal danger. Specially designed robotic arms can smoothly

transport materials far exceeding human lifting limits in a single operation, navigate

through narrow pipes, operate at extremely high temperatures, achieve millimeter-level

precision in their operation, and maintain high work efficiency. These functions,

impossible for humans, can be accomplished as needed. Therefore, how to design a route

that satisfies multiple objectives becomes the central focus of this article.

The program can avoid obstacles in complex environments and reach its destination

accurately in advance by calculating the path and optimizing the trajectory. This planning

process uses both optimization algorithms iteration to optimize the path from the starting

point to the end point. And taking into account conditions at intermediate points such as

position, velocity, and acceleration, as well as the curvature of relevant line segments

before and after them. The goal is to achieve a path that meets the set optimization

objectives. The optimized curve can accurately avoid obstacles and find the safest and

shortest path within a specified time.

1.2 Literature Review

Previous research has achieved a lot of results in the field of robotic arm trajectory

planning, focusing on improving the smoothness, accuracy and computing efficiency of

movement. The existing literature presents a variety of methods, including optimization-

based algorithms such as differential evolution and particle swarm optimization, sampling-

based planning methods such as Rapidly-exploring Random Tree (RRT) and Probabilistic

Road Map (PRM), and learning-based frameworks such as dynamic motion particles and

reinforcement learning.

1.2.1 Trajectory Planning Based on Optimization Algorithms

In the study of robot trajectory planning, optimization algorithms are widely used to

determine the trajectory that meets constraints and achieve the best performance. For robot

systems with redundant degrees of freedom, the single-end effector posture usually
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corresponds to multiple joint configurations. Therefore, it is necessary to optimize the

algorithm to choose the most suitable trajectory.

Li presented a trajectory planning method to maximize the rigidity of a series-parallel

hybrid robot machine tool of ten degrees of freedom (Li et al., 2011). By establishing an

overall stiffness model and applying the differential evolution algorithm, the best joint

configuration can be obtained under the given end effector trajectory, thus improving the

processing stability.

On this basis, further research has investigated the trajectory planning and vibration control

of redundant robot systems. The virtual joint method (VJM) has been widely used to

establish system-level stiffness models and analyze robot behavior (Pashkevich et al.,

2011). In addition, optimization algorithms such as differential evolution are applied to

optimize redundant joint parameters to improve system performance.

In addition to stiffness optimization, some studies also focus on motion smoothness. For

example, Wu presented a trajectory optimization method based on genetic algorithms for

maintenance robots in EAST nuclear fusion devices (Wu et al., 2016). By minimizing the

root mean square value (acceleration change rate) of the rotational velocity, the vibration is

reduced and the movement stability is improved.

In robotic trajectory planning, the DE algorithm is frequently used to optimize continuous

variables within a path, such as the positions of path nodes, velocity distributions, and

trajectory smoothness parameters. The Differential Evolution (DE) algorithm, presented by

Rainer Storn and Kenneth Price.This is swarm intelligence algorithm designed for

optimization problems in continuous spaces (Storn et al., 1997). Reda (et al. 2025)

proposed Q-Spline Multi-Operator DE, which is QSMODE and DQSMODE. This method

combine Q-learning/DQN with multi-operator DE, and also using cubic splines to generate

smooth paths. Furthermore, it can handle obstacle constraints and kinematic constraints

effectively compare to the previous studies.

Zhu and Pan (2024)propose a new method to improve the disadvantages of Genetic

Algorithm (GA).They use Directional-Guided Initialization, implification Operator to

update the previous one.They finally found a shorter and efficient path and increase the

application of the GA.



12

Benmachiche proposed an adaptive hybrid PSO–APF algorithm, it can applied for path

planning of next-generation autonomous robots (Benmachiche et al., 2025).This process

gradually converges towards the optimal solution and applied to many industries. Su (et al.

2025) proposed SV-PSO (Spherical Vector Particle Swarm Optimization) in Springer

LNCS, this new thought mainly addresses two core issues in UAV path planning. One is

that traditional method may occur the local optimal, and the other is how to generate a

smooth path.

With the development of artificial intelligence, reinforcement learning methods are also

applied to robot trajectory optimization. For example, deep reinforcement learning

algorithms such as TD3 have been used to solve multi-objective trajectory planning

problems, including obstacle avoidance, smooth movement and time optimization

(Fujimoto et al., 2018).

Table 1 has show a comparison of the Optimization Algorithms to illustrate the advantages

and disadvantage of different methods, according to the previous discussion in section

1.2.1.

Table 1. The comparison of the Optimization Algorithms based on the Literature Review

Method Advantages Disadvantages Overall
Evaluation

Differential
Evolution (DE)

Global search ,

Few parameters,

easy

Sensitivity to initial
population.

suitable for robot
trajectory planning

Virtual Joint
Technique
(VJM)

Analysis of compliance, stiffness,
and vibration,

Redundant configuration
optimization

Dependent on
accurate models,

High computational
cost

It’s a modeling
method.

Genetic
Algorithm
(GA)

Strong global perspective Many parameters

Complex
constraints and
high parameter
tuning costs

Particle Swarm
Optimization
(PSO)

Fast convergence,

Simple implementation

Prone to getting
trapped in local
optimal,

Sensitive to

High real-time
requirements
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parameters

Reinforcement
Learning (RL,
TD3)

Handling high-dimensional, multi-
objective, dynamic environments,

Strong learning ability

High cost,and need
large amount of data

suitable for
complex dynamic
environments

In the field of robot trajectory planning, optimization algorithms have become a core

means to solve complex motion planning problems, which often involve multiple

constraints and competing optimization goals. At present, the widely used methods mainly

include genetic algorithm (GA), particle swarm optimization algorithm (PSO) and

differential evolution algorithm (DE). These methods highly rely on the global search

mechanism, and then to comprehensively optimize key performance indicators, such as

trajectory length, energy consumption, and motion smoothness under the premise of

meeting the preset path constraints.

However, all of these algorithms advantage will turn into disadvantage in other

circumstance, especially in real-world engineering applications. Although genetic

algorithms have powerful global search capabilities, they have a large number of

parameters, in this factor the computational costs a re high. The particle swarm

optimization algorithm converges quickly, but it is easy to fall into the local optimal state.

What ’ s more ,it is sensitive to parameter settings, almost the decisive factors.

Reinforcement learning methods are theoretically suitable for high-dimensional dynamic

environments, but they are difficult to directly apply to actual engineering scenarios. Due

to the large amount of training data and computational costs.

In contrast, differential evolution algorithms show obvious and irreplaceable advantages.

In terms of parameter simplicity and global search capability, especially suitable for

solving high-dimensional, nonlinear, and multi-constraint optimization problems.

Therefore, in the robot trajectory optimization task, the differential evolution algorithm

maintains high computational efficiency while ensuring global search performance.

Therefore, this paper chooses this method which has strong practical application potential

and research value.
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1.2.2 Trajectory Generation Methods

In robot trajectory planning, curve modeling is an important trajectory generation method.

These methods use mathematical curves to parameterize the movement of the robot, in

order to ensure the continuity and smoothness of the trajectory. Common curve models

include polynomial curves, spline curves and Non-Uniform Rational B-Spline (NURBS).

Polynomial trajectory planning is one of the most widely used methods in industrial

robotics. The robot trajectory is expressed as a polynomial function that meets the

boundary conditions such as position, velocity and acceleration(Craig, 2005). This

formulation ensures continuity and smoothness of the trajectory in terms of position,

velocity, and acceleration.

In order to further improve flexibility and continuity, methods based on splines, such as

cubic splines and B-splines, are widely used. These methods use control points to define

the trajectory segment while maintaining the continuity of the node.

The B-spline curve is particularly effective in producing smooth trajectories in joint space

and Cartesian space. In some studies, the B-spline method is combined with the

optimization algorithm to achieve optimal time or energy-saving trajectory planning.

An optimization algorithm for industrial robot trajectory planning is presented to execute

the weighted sum of time and integral square jerk as the target function. The author

Gasparetto and Zanotto compare two trajectory generation methods: cubic splines and

fifth-order B-splines, and analyzes their poor performance under velocity, acceleration and

jerk constraints. Different. Experimental results show that B-spline can generate a

smoother and lower jerk trajectory, which helps to reduce vibration, reduce execution error

and improve the running quality of the robot (Gasparetto and Zanotto, 2010).

Non-Uniform Rational B-Spline (NURBS) provide greater geometric flexibility and can

accurately represent complex shapes. Duan proposed a method for planning the path of a

super-redundant robotic arm in a narrow space based on B-spline (et al.2022). The final

result proves that this method can successfully avoid obstacles in a narrow space, for

example pipes and inclined surface
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Zhang and related group members present a time optimal trajectory planning algorithm

based on the NURBS curve, which is mainly used for DELTA parallel robots. The method

first uses NURBS to build a spatial trajectory, and then optimizes the curve through

genetic algorithm (GA) to obtain better time performance. Finally, the validity of the

algorithm was verified through V-REP simulation. The simulation trajectory is highly

consistent with the calculation trajectory, which proves that the method can achieve

smooth and high-precision trajectory planning (Zhang et al., 2020).

Some studies have applied NURBS interpolation to improve the accuracy and smoothness

of trajectory. In addition, by combining NURBS with directional interpolation, the position

and direction of the robot-end effector can be planned at the same time. In complex

systems such as excavators or redundant robotic arms, NURBS-based methods are also

used for multi-target trajectory optimization.

In particular, the quintic polynomial can meet the continuity requirements of position,

velocity and acceleration at the same time, so as to achieve smooth motion. However, after

satisfying the boundary condition, the coefficients of a quintic polynomial are completely

determined by constraints, which means it lacks additional degrees of freedom at same.

This implies that the trajectory shape can no longer be adjusted, limiting its ability to

perform global path adjustment and obstacle avoidance in complex environments.

In contrast, higher-order polynomials (such as seventh-order polynomials) still retain

additional free variables when the same boundary conditions are met, which remains a

larger search space for the shape of trajectory. And it allows the trajectory shape to be

flexibly adjusted according to the optimization objectives (such as the weight of path

length, smoothness, and obstacle avoidance requirements in the object function).

1.2.3 Trajectory Planning for smooth movement

In robot trajectory planning, movement smoothness is a key factor affecting operation

stability and mechanical life. Sudden changes in velocity or acceleration may lead to

mechanical shock, vibration and control errors. Therefore, smoothness is generally

regarded as an important optimization goal.
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A common method is to improve the smoothness of the movement by minimizing the

shaking. In engineering applications, Wu applied genetic algorithms to optimize the robot

trajectory by minimizing the root mean square value of jerk, thus reducing vibration and

improving movement stability (Wu et al., 2016).

In addition, high-order polynomial trajectory models are usually used to achieve smooth

motion. For example, fifth-order or seventh-order polynomials ensure the continuity of

position, velocity and acceleration. The optimization algorithm can further improve the

smoothness of the trajectory.

Kunz presented a time-optimal trajectory generation method, it’ s special for robotic

manipulators (Kunz and Stilman, 2013). The method plans the fastest possible motion

along a given path, and at the same, it changes respecting velocity and acceleration

constraints. A pre-processing step is introduced to improve path differentiability and

numerical stability, resulting in smooth and feasible motion profiles.

And also Wu presents a jerk-continuous S-curve trajectory planning method to improve

motion smoothness in robotic manipulators.The method ensures continuity up to the jerk

level (C3continuity), in order to reduce vibration and mechanical impact (Wu et al., 2023).

In summary, the trajectory planning method of motion smoothness mainly relies on jerk

minimization, high-order polynomial modeling and optimization techniques. These

methods play an important role in improving the performance of industrial, service and

processing robots.
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2 Methodology

Despite substantial progress in existing research, several limitations remain. First of all,

although most optimization algorithms (such as genetic algorithms, particle swarm

optimization, etc.) have strong global search capabilities, they are easy to fall into local

optimization in high-dimensional and multi-constraint problems. And the parameter

adjustment is complicated, and the calculation cost is high. Secondly, although sampling-

based methods (such as RRT and PRM) have good feasibility in complex environments,

the generated path is usually not smooth enough to directly meet the requirements of

industrial robots for motion continuity performance. In addition, some studies mainly focus

on the feasibility of the path, while insufficient consideration is given to the high-order

continuity of the trajectory (such as acceleration and jerk continuity). Therefore, improving

trajectory smoothness while maintaining feasibility remains a critical challenge.

To address the aforementioned issues, this paper presents a trajectory planning method

based on a combination of piece-wise seventh-order polynomials and differential evolution

algorithm to achieve high-quality trajectory generation in complex 3D environments. This

section will explain how the research was conducted, including the system framework,

mathematical models, algorithms, and tools. A clear and detailed explanation will be

provided to demonstrate the underlying process.

2.1 Description of the Problem

In robot trajectory planning, it is necessary to generate a safe and feasible trajectory to

meet motion constraints under known starting and ending conditions. In practical

applications, robots usually need to move in a three-dimensional environment containing

obstacles, so trajectory planning not only needs to ensure the continuity and smoothness of

the trajectory, but also must avoid collisions with obstacles or wires in the environment (as

shown in the Figure 3.

The trajectory planning problem studied in this paper can be described as: the starting

position and target position of the robot end-effector are known in the three-dimensional

working area, and there are several obstacle areas in the environment.
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Figure 3: The workspace of the fusion reactor

In order to meet the requirements according to the different scene, it is necessary to plan a

continuous trajectory correctly. The trajectory is in the working space of the robot and

should not collide with obstacles during movement. The trajectory has good smoothness,

which can reduce the impact and vibration during the handling and cutting process. When

using a fifth-order polynomial, given six boundary conditions (the position of the starting

and end point, velocity and acceleration), all coefficients of the polynomial are uniquely

determined, and there are no remaining free variables. This means that the shape of the

trajectory is entirely dependent on the boundary conditions. The optimization algorithm

can only adjust the position of the intermediate path point to change the trajectory,

resulting in very limited optimization space and making it difficult to obtain the optimal

overall solution.

To achieve the above goals, this paper uses a piece-wise seventh-order polynomial

trajectory model, to parameterise the trajectory algorithm to optimise the trajectory

parameters, in order to obtain a smooth, collision-free robot movement trajectory.

�(�) = �0 + �1� + �2�2 + �3�3 + �4�4 + �5�5 + a6�6 + a7�7 (1)
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In contrast, a seventh-order polynomial contains eight coefficients. After satisfying the

same six boundary conditions, two free coefficients (�6 and �7 ) remain unconstrained.

These two coefficients, as additional optimization variables, grant the trajectory greater

freedom in shape adjustment, thus providing a wider search space for the differential

evolution algorithm and facilitating the finding of trajectories with better smoothness and

obstacle avoidance capabilities.

2.2 Piece-wise seventh-order polynomial trajectory model

When only a single seventh-order equation is used between the start and midpoints of the

path planning, and obstacles are adjacent to these two points, using only a seventh-order

polynomial cannot effectively avoid obstacles. To ensure high trajectory smoothness, this

paper uses a seventh-order polynomial function to describe the robot trajectory. The

expression for the seventh-order polynomial is:

Where: q(t) represents the position of the trajectory in a certain coordinate direction. a0~a7
is the polynomial coefficient, t is the time variable.

To improve the flexibility of trajectory planning, this paper divides the entire trajectory

into two segments:

1. The starting point (p0) to intermediate waypoint (pw),

2. The path from intermediate waypoint (pw)to the destination (pf).

The starting point (10, 10, 2) and the ending point (280, 395, 445) have a straight-line

distance of approximately 548 cm. The path spans the diagonal direction of the entire

workspace and is highly representative. Here, optimising the position of the intermediate

waypoint alters the trajectory shape, thus enabling obstacle avoidance..Within each

trajectory segment, given the starting position, velocity, and acceleration, and the ending

position, velocity, and acceleration, the first six coefficients of the polynomial can be

solved. To ensure a smooth transition between the two path segments, the code has to Set

the position, velocity, and acceleration at the waypoint to be equal for both segments .

There will be no instantaneous shifts in position, nor sudden changes in velocity or
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acceleration. This ensures the continuity of the entire path. The total motion time T = 45 s

ensures that the velocity and acceleration remain within acceptable limits.

Table 2. The location of the obstacles.

Obstacle X-min Y-min Z-min X-max Y-max Z-max

1 58 102 80 102 172 157

2 178 225 240 275 305 270

3 255 290 400 318 375 440

4 Middle point(12,10,12)

As shown in the Table 2 ,there are 4 obstacles and its location and size. The fourth obstacle,

dynamically generated near the midpoint between the start and end points, measures

24×20×24 cm. Its purpose is to force the trajectory to detour, increasing the difficulty of

the optimization problem and verifying the algorithm’s obstacle avoidance capability. The

safe distance is 5.0 cm, and all collision detection is performed 5.0 cm beyond the obstacle.

Higher-order coefficients are then adjusted as optimization variables (�6 and �7), thereby

increasing the trajectory’s flexibility. Furthermore, to optimize the time allocation between

the two trajectory segments, a time allocation parameter α is introduced to control the time

ratio between the two segments. Based on the ratio of waypoint, it is linearly allocated to

time.

2.3 Differential Evolution Algorithm Optimization

In order to find the best combination of trajectory parameters, this paper adopts the

differential evolution (DE) algorithm for global optimization. DE is a global random

search algorithm based on the whole, which is characterized by simple, fast convergence

and good adaptability to complex nonlinear and multi-constraint problems, making it

particularly suitable for the high-dimensional trajectory optimization problems involved in

this paper. In addition, DE algorithms have a simple structure and only require a small

number of control parameters (such as scaling factors and crossover probabilities), which
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is easy to implement and debug, and is suitable for engineering application scenarios.

Therefore, DE is selected as the core algorithm for trajectory optimization to achieve

global optimization of multi-objective functions.

In this way, trajectory planning is transformed into a parameter optimization problem. The

optimization variables include the position of the intermediate path point, the velocity and

acceleration of the intermediate point, the higher-order coefficients of two seven-degree

polynomials, and the proportional parameters of the time distribution of the control

trajectory.

Compared to fifth-order polynomials, where all solutions are unique and fixed after several

constraints are fixed, seventh-order polynomials offer greater degrees of freedom,

facilitating optimization by the DE algorithm. Here, �6 and �7 are solved again based on

the optimized equations. The velocity and acceleration at the starting and ending points are

both set to zero, meaning the robot starts from rest and stops at rest, which meets the

starting and ending conditions in actual engineering, while ensuring that the seventh-order

polynomial boundary constraints have a unique solution. By optimizing these variables

together, the shape, smoothness and time distribution of the trajectory can be adjusted at

the same time, so as to improve the flexibility and adaptability of trajectory planning.

The basic process of the DE algorithm includes four steps: population initialization,

mutation, crossing and selection .The flowchart will provide a clearer explanation in the

Figure 4.
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Figure 4: Flow chart of classic differential evolution (Eltaeib and Mahmood, 2018).

First, in the initialization stage, a number of candidate solutions are randomly generated

within the predefined lower and upper bounds of each decision variable. These individuals

form the initial population of the DE algorithm. The quality and diversity of the initial

population have an important influence on the global search ability and convergence

performance of the algorithm. A sufficiently diverse population can help the algorithm

avoid premature convergence at the early stage. An initial population of NP is randomly

generated within a given parameter range, and each individual represents a complete set of

trajectory parameters. In order to improve the convergence efficiency of the algorithm, this

paper introduces a strategy based on the midpoint between the starting point and the end

point during the initialization period to ensure that some individuals have good geometric
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feasibility in the initial stage, so as to avoid being trapped in the local area of "unfeasible

linear solution".

xi,j
(0) = xj

min + rand(0,1) ⋅ (xj
max − xj

min) (2)

Then, a differential mutation strategy is applied to generate new candidate solutions.In the

mutation stage, a mutant vector is generated for each target individual by adding the

weighted difference of two randomly selected individuals to another randomly selected

individual. This operation is the core mechanism of DE and provides the search direction

for population evolution. The mutation factor F controls the amplification of the

differential variation and therefore affects the exploration capability of the algorithm.

When F=0.5, it can satisfy the balance between exploration and development a new

solution. The new result will be found near xr1
(g) . And proper mutation strategy can avoid

local optima and improve the balance between global exploration and local exploitation.

vi
(g) = xr1

(g) + F ⋅ (xr2
(g) − xr3

(g)) (3)

In the crossing stage,a trial vector is produced by combining the mutant vector and the

target vector. This process allows the next generation to inherit information from both the

original individual and the mutated individual. The crossover rate 0.9 determines: there is a

90% probability of inheriting genes from a mutation vector. Through this operation, the

algorithm can enhance population diversity while preserving useful characteristics of

existing solutions.

��,�
(�) =

��,�
(�), ����(0,1) ≤ �� �� � = �����

��,�
(�), ��ℎ������

(4)

In the selection stage, compare old and new individuals according to objective functional

values, and reserve individual. In this way, the population is gradually improved during the

iterative process. The selection mechanism ensures that the algorithm moves toward better

solutions ( minimum J) while maintaining a simple and effective evolutionary framework.

Through multiple generations of iterative updates, the overall gradually converges to the

best solution, and finally obtains the best trajectory parameters that meet the constraints.
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xi
(g+1) =

ui
(g), f(ui

(g)) ≤ f(xi
(g))

xi
(g), otherwise

(5)

The Table 3 will explain the its meaning and chosen reasons.

Table 3. The optimization parameter.

The optimization

parameters

Symbol Value Reasons

Total dimension of

variables

D 22 This reflects the

high-dimensional

nature of the

trajectory

optimization

problem.

Population size NP 100 NP ≈ 4 ~ 5 D,

and easy for

calculation

Maximum number

of iterations

G_max 250 To make the

objective function

tend to stabilize

Scaling factor F 0.5 Controlling variable

asynchronous length

Crossover

probability

CR 0.9 Helps preserve

variation

information

In each iteration, the algorithm performs the mutation operation first. For the n individual

in the population, randomly select three different individuals and construct a mutation

carrier: Where k is the scaling coefficient used to control the degree of scaling of the

differential vector. This operation makes the search process have a strong global

exploration ability by introducing information about differences between individuals.
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Then, cross-operation is performed to combine the mutation vector with the current

individual to generate the experimental individual. Specifically, for each dimension, the

cross-probability CR decides whether to adopt components from the mutation vector, while

ensuring that at least one dimension originates from the mutation vector to prevent the

individual from remaining unchanged. The introduction of crossover has improved

population diversity and enhanced the ability of algorithms to escape local optimization.

In the selection stage, the objective functional values of the trial individual and the original

individual are compared to determine whether to update the individual. If the adaptability

of the trial individual is better than that of the original individual, the trial individual will

replace the original individual. Otherwise, the original individual will be retained. This

"greedy choice strategy" ensures a monotonous increase in the overall adaptability of the

population, thus accelerating the convergence of the algorithm. The upper limits for

velocity is 120 cm/ s and acceleration is 120 cm/ s2 ,those are matched to the workspace

scale (500 cm) and total time (45 s), to prevent excessively intense motion. The time

allocation parameter α is 0.2 ~ 0.8, to prevent any period from being too short, thus

avoiding ill-conditioned numerical values at the same time.

In the process of trajectory optimization, each candidate solution needs to be evaluated

using the target function.

J=w1L+w2
0

T
‖� j(t)‖2 dt+w3Jjoin+w4Jboundary

(6)

where:

L is the total path length, j(t) is the jerk (third derivative of position), Jjoin ensures

continuity at segment junctions, Jboundary penalizes constraint violations.

The objective function incorporates multiple criteria, including path length, jerk

minimization, segment continuity, and collision avoidance constraints. In particular, when

the trajectory collides with obstacles, a very large penalty value will be directly allocated,

so as to eliminate unfeasible solutions from the search space. In this way, the differential

evolution algorithm can gradually approach the best solution for the feasible area that

meets the constraints.
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Among them, the path length term is used to constrain the overall efficiency of the

trajectory, and a shorter path usually means lower energy consumption and higher

execution efficiency. The path length formula also makes the trajectory into many points

and then sums the distances of each small segment. A smaller value indicates a shorter path.

� =
�=1

�−1

‖� ��+1 − ��‖
(7)

The jerk smoothing term equation measures the cumulative change in jerk throughout the

trajectory ’ s motion. It penalizes drastic changes by squaring jerk. Minimizing this term

reduces vibrations and shocks caused by acceleration variations, thus improving the

smoothness of robot motion and system stability. And why this paper use the squared form

of jerk? Because it can assign higher penalty weights to larger changes, thereby

strengthening the constraint on mutation behavior.So that the optimization results maintain

good continuity and smoothness in the global scope.

0

�
‖� �(�)‖2 ��

(8)

The piece-wise connection equation measures the degree of discontinuity of the jerk at the

connection points of 2 segments. Minimizing this difference ensures higher-order

continuity between 2 segments. Therefore, it can avoid abrupt changes and mechanical

shocks at the waypoint.

����� = ����
(1) − ������

(2) 2 (9)

The boundary penalty equation is used to detect whether the trajectory exceeds the

boundary of the workspace. When the trajectory goes out of bounds, it is significantly

penalized by a penalty function. This ensures that the optimization result satisfies the space

constraints.

Jboundary= max ( 0,p-pmax)+max ( 0,pmin-p)�
2 (10)

As shown in the Table 4, the fact that is w1 much larger than w2 indicates that

optimization prioritizes shortening the path while also considering smoothness. And w3 is

set to 500 to ensure that the jerk at the connection point between two trajectory segments

does not change abruptly. Once a collision is detected, the penalty value is returned

directly, completely eliminating infeasible solutions from the search space.
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Table 4. The value of the weight for different factor.

Weigh Value Meaning

w1 40 Path length

w2 0.5 Jerk

w3 500 Joint continuity at the connection
between the two segments

w4 106 Penalty for crossing the boundary

To illustrate the impact of different values w3 on the entire path, this paper creates a

comparison Table 5 to explain the reasons for selecting the relevant data. It specifically

compares w3 to determine how it affects the planning process when w3 is the only one

variable.

Table 5. Effect of varying the weighting coefficient w3 on the trajectory.

w3 value The Figure of whole trajectory The Figure of jerk

50 Figure 5: Figure 6:

300 Figure 7: Figure 8:



28

500 Figure 9: Figure 10:

900 Figure 11: Figure 12:

As shown in the Table 5, Figure 5 and 6, when w3 is 50, the objective function prioritizes

path length, resulting in the shortest trajectory (658.8 cm) in these 4 samples, but

significant jerk fluctuations at the same time. This does not satisfy the requirement for

trajectory smoothness.

When the w3 comes to 300, Although a higher value of w₃ is intended to enforce jerk

continuity, the results in Figure 8 show that the peak jerk values increase significantly

when w₃ =300.And the path length is 659.39 cm as shown in the Figure 7.

When the w3 comes to 900, there is a sharp decrease and decline in the Figure 12, and the

path length comes to the largest value 662 cm(in the Figure 11) among this comparison in

the Table 5.This suggests that excessive weighting on continuity may lead to over-

constrained optimization, forcing the trajectory to compensate in other segments and

resulting in local jerk amplification. This behavior can be attributed to the reduced degrees

of freedom in trajectory shaping, which forces the optimizer to introduce local variations in

jerk to satisfy continuity constraints. It means that excessive emphasis on continuity
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reduces the available optimization space, forcing the algorithm to introduce local variations

in jerk.

Therefore, the data of w3 around 500 the results become more balanced, achieving a

balance. At this range, the jerk is almost entirely around 0 ~ 0.9 (according to the data from

Figure 10), and a balance is also achieved for other related optimization data, such as time

allocation and the requirement for short paths 661.33 cm in the Figure 9. There always

exists a trade-off between trajectory smoothness and path efficiency. And this paper

chooses 500 as final analysis result, since the jerk shows a superior performance at this

condition. It can reach a balance between efficient and smooth jerk change.

In addition, in order to improve the optimization accuracy, this paper adopts a high-density

sampling strategy to discrete the trajectory in the trajectory evaluation process, so as to

more accurately calculate the path length, jerk integral and collision detection results.

Although this method increases the calculation cost of a single evaluation, it significantly

improves the reliability and stability of the optimization results.

Through this mechanism, the differential evolution algorithm can achieve global

optimization of trajectory parameters under complex constraints, and finally obtain a

balanced, stable, efficient and safe robot motion trajectory.

2.4 End effector Design

This research focuses on the structure of the symmetrical linkage mechanical clamp, and

adopts modeling and simulation optimization methods to systematically analyze and

optimize the movement, and mechanical properties of the end effect clamp. First of all, in

the initial design stage, the demand analysis clarified the functional objectives and

engineering constraints of the grab, including the type of object to be grabbed, the

maximum grip, the opening and closing stroke, and the structural size limit. On this basis,

the multi-link drive structure of three symmetrically arranged fingers is selected to achieve

uniform force distribution and grasping stability during the grasping process.
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Figure 13. The mechanism of end effector.

As the mechanism in the Figure 13, the operating principle of this device is: There is a

movable platform with a gripper fixed to it, which can move along the threads on a central

lead screw, which is connected to a planetary gear motor. Therefore, when the motor starts

operating, the lead screw rotates and moves up and down against the threaded movable

platform.

In the structural design stage, the 3D modeling software tool SolidWorks was used to

create a parameter model of the clamp, and the geometry of key components such as

fingers, connecting rods and bases was designed. After determining that the strength of the

target object to be picked up is about 600-1000N, determine the strength of the selected

material. The design process emphasizes the symmetry, compactness and manufacturing of

the mechanism. By adjusting the length ratio of the connecting rod and the position of the

joint, the mechanism meets the travel requirements and avoids the movement interference

with the clamped object. All joints use pin connections to ensure movement flexibility and

provide a clear motion chain structure for subsequent analysis. An animation was made to

observe the feasibility and smoothness of the whole process. This clamp can handle

relatively thin pipes. In this structure, the drive mechanism of the clamp is located in the

central base. Considering the complexity of the planetary roller screw structure, the high
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modeling cost and the limited impact of its thread details on the overall kinematic analysis,

this paper appropriately simplifies it in the modeling process.

Figure 14: The minimum gap of the gripper. Figure 15: The maximum gap of the gripper.

In this equivalent model, the drive input is defined as axial displacement 4.6 cm, which is

transmitted to the external linkage mechanism through the central slider or putter, so as to

open and close the drive clamp synchronously. When fully extended, the gripper has a

maximum spacing of 6.38 cm in the Figure 15 and a minimum of 1.96 cm in the Figure 14.

This means that it can pick up pipes or wires with diameters ranging from 2 to 5 cm. The

gripper is primarily designed for small-diameter pipes, rods or cables and therefore

requires no particularly large opening. Its gripping range covers the size range of

experimental or typical objects, meeting the gripping needs of end effector in confined

spaces.

The internal drive system is equivalent to an ideal linear actuator, that is, it only retains its

"input-output" relationship and ignores its internal roller and thread grid details. This

simplified method is based on the following engineering principles: First, the main

function of the planetary roller screw is to convert rotational motion into linear motion, and

its basic function can be described equivalently with the ideal linear drive presented.

Second, the overall performance of the gripper (such as the range of motion, force

transmission path and gripping ability) mainly depends on the external. The geometric

relationship of the linkage mechanism, not the micro-structure in the drive device. Finally,

this simplification can greatly reduce the complexity of modeling and improve the

computing efficiency of kinematics and finite element analysis.
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In addition, the article selected a motor to accommodate different gripping requirements

and illustrate this in the Table 6.

Table 6. The information of motor according to the manufacturer’s data sheet.

Name 36mm brushless planetary geared motor (RobotShop)

Official Model
Number: PG36-3650-12-230

Rated voltage: 12V (24V also supported)

Reduction ratio: 1:27

Rated velocity: 195 RPM

Rated torque: 5 kg·cm

Rated current: 1.3 A

Dimensions: 85 mm× 48mm × 40 mm

Shaft length: 14 mm

Attached
information:

Figure 16: 36mm 3650 Brushless Planetary Gear Motor(RobotShop,
n.d.).

Table 7. Performance Comparison of Two Lead Screw Configurations.

Plan A (2 mm) Plan B (3 mm)

Lead (L) 2 mm 3 mm

Required Torque (T)

T=
FL
2πη

(11)

0.30 N·m 0.45 N·m

Torque Utilization 61% 92%
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λ=
T
Tm

(12)

Torque Margin

ΔT=Tm-T (13)

0.19 N·m 0.04 N·m

Screw velocity (n)

n=
x
L

(14)

22.5 rev 15 rev

Linear velocity (v)

� = � ⋅
�

2�
(15)

6.5 mm/s 9.75 mm/s

Completion Time (t)

t=
x
v

(16)

6.92 s 4.62 s

This design uses a 36mm brushless planetary geared motor (PG36-3650-12-230) with a

rated torque of 0.49 N·m and a rated velocity of 195 RPM. A performance comparison

analysis was conducted for two lead screw plans (Table 7). Plan A requires a driving

torque of 0.30 N·m, has a torque utilization rate of 61%, a safety margin of 0.19 N·m, an

end-effector linear velocity of 6.5 mm/s, and takes approximately 6.92 seconds to complete

the full stroke (45mm). The plan A has sufficient torque margin, low motor load, and good

operational stability. These advantages make it suitable for applications with high

reliability requirements. Even though the Plan B offers faster movement velocity, but the

motor operates almost near full load, posing a risk of overheating and shortened lifespan

with long-term use. In summary, plan A offers superior safety and stability and is

recommended as the final design scheme. If higher clamping velocity is required, the

motor selection needs to be re-evaluated to ensure that plan B has sufficient torque margin.
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3 Results

3.1 Piece-wise seventh-order polynomial trajectory model

The Figure simulates several obstacles placed along a straight line (red), which connect the

start and end points in a 500 cm scenario. The final planned path (blue) effectively avoids

the obstacles, and the safe distance meets the settings. In the response to larger safety

distance requirements, such as far away from heat sources or corrosive gases, the safe

distance can be increased to ensure the safety and lifespan of the end effector.

As a result, the planned path successfully avoided the obstacles and reached the end points

as shown in the Figure 17. In addition, by constantly adjusting the position of obstacles

manually, whether near the starting point or destination, or on the line connecting the two

points, it can effectively avoid the test obstacles. This is a significant improvement because

when using fifth-order equations, as long as the obstacle is close to the start or end point, it

is unable to set a safe route no matter how the parameter weights are adjusted.

Figure 17: The 3D scenario shows the trajectory using seventh-order trajectory.
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Here’s also a Figure 18 showing the path along the XYZ axes and how it changes over time

(45s). The first line graph in the Figure shows that the movement is continuous in the x, y,

and z directions, without instantaneous movement or position jumps.

The position is not only continuous and smooth, but also represents the velocity and

acceleration accurately. At the starting point, the end effector accelerates and then slightly

slows down near the waypoint but does not drop to zero, which means it will not stop and

then start again. Then it accelerates again until slowing down to zero in the end. To reach

the target velocity, the acceleration is also reduced to a negative value accordingly.

Figure 18. The position, velocity and acceleration of the trajectory according to the time.

This ensures continuity across the three points, with no sudden stops or accelerations,

resulting in a seamless overall process and guaranteeing the stability and safety of the

transported object. The derivative of acceleration (Jerk) is also relatively stable. It can also

slow down gradually when approaching a waypoint, and then accelerate again.

The Figure 19 shows the curve of the acceleration derivative (Jerk) generated by the

optimization trajectory over time. In general, the Jerk amplitude is maintained at a low

level in the middle of the trajectory (about 5 to 20 seconds), indicating that the movement

stability of this segment is good. A local peak (about 23 seconds) appeared at the junction
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of the waypoint. This is because the continuity constraint of the high-order derivative in

the junctional polynomial is a soft constraint, and the DE optimization fails to completely

eliminate the sudden change of Jerk at this time. In addition, at the starting and ending

points of the trajectory, the Jerk amplitude is slightly higher. This is an inherent feature of

the 7th-order polynomial boundary condition, which only limits the acceleration and is

considered to be normal. In general, in the whole trajectory, the Jerk amplitude is

controlled within 0.9, which meets the design requirements of the smooth trajectory.

Figure 19. The jerk of the trajectory according to the time.

3.2 Piece-wise Fifth-Order Polynomial Trajectory

To evaluate the advantage of the seventh-order polynomial formulation adopted in this

paper, a fifth-order polynomial trajectory is implemented under identical conditions as a

baseline for comparison. The same start point, end point, waypoint, obstacle configuration,

and DE optimization framework are applied, with the only difference being the order of the

polynomial used to describe each trajectory segment.
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As discussed in Section 2.1, a fifth-order polynomial with six boundary conditions position,

velocity and acceleration at both the start and end of each segment has determined all its

coefficients uniquely once the boundary values are fixed. This means that there are no free

parameters available for the optimization algorithm to adjust the trajectory shape within

each segment. Therefore, the DE algorithm can only influence the trajectory by modifying

the position, velocity and acceleration of the intermediate waypoint. This provides a

significantly more restricted search space than only in the seventh-order case. This

structural difference is particularly relevant when obstacles are located near the start or end

of a segment. In such cases, regardless of how the objective function weights are increased,

the fifth-order polynomial has no remaining degrees of freedom to detour around the

obstacle within that segment. It will hit the obstacles anyway. By contrast, the seventh-

order polynomial retains two free coefficients per dimension per segment, allowing the

trajectory shape to be adjusted more flexibly in response to obstacle constraints.

The following results in figure 20 will illustrate the behaviour of the fifth-order

formulation under the same test scenario. This result provide a direct basis for assessing

the practical benefit of the higher-order approach.

Figure 20. The 3D scenario shows the trajectory using quintic trajectory.
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The Figure 20 presents the piece-wise quintic trajectory generated under the same

obstacles sizes and locations used in Section 3.1. The total path length is 651.51 cm from

the figure, which is shorter than the seventh-order trajectory result (661.33). As shown, the

planned path passes directly through the obstacles and closely follows the straight line

connecting the start and end points. This shows that the fifth-order polynomial cannot

reshape its trajectory in response to obstacle constraints. The trajectory of the quintic

polynomial is fully determined by boundary conditions, leaving no more scope for further

optimization.

Furthermore, no matter how the parameters or weight of the avoid are adjusted, the

fundamental nature of this method remains unchanged. As a result, it is not suitable for

complex environments where obstacle avoidance and smoothness must be balanced.

3.3 Comparison between Quintic Polynomial and presented Method

As shown in the Table 8, although the quintic trajectory produces a shorter path, it fails to

avoid obstacles. What;s more, it generates a significantly higher peak jerk value (almost

double compare to the seventh-order). The seventh-order formulation achieves collision-

free motion with a smoother kinematic profile, at the cost of a negligible increase in path

length.

Table 8. Performance Comparison Between Quintic and Seventh-Order Polynomial

Trajectories.

Method Path Length (cm) Max Jerk (cm/ s3 ) Collision

Quintic 651.51 1.73753 Yes

Seventh-Order 661 0.9 No

It should be noted that the fifth-order formulation can avoid obstacles that are positioned

far away from the direct path. However, this represents a trivial case and the real challenge

arises when obstacles lie along or near the straight-line path, which is the scenario tested in

this paper. But, once the obstacles is closer to the start or end point, the fundamental

limitation is obvious. This result directly reflects the mathematical limitation described in
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Section 2.1. With the waypoint fixed at the geometric midpoint and all boundary

coefficients fully determined by the six boundary conditions, the polynomial has no

remaining many free space to deviate from the most direct path. No amount of waypoint

repositioning would resolve this issue when obstacles are distributed along the straight-line

path, because the shape of each segment remains rigid once the boundary values are set.

In contrast, the seventh-order trajectory presented in Section 3.1 successfully avoids all

four obstacles while maintaining smooth and efficient kinematic profiles throughout. This

comparison confirms that the additional 2 free variables in the seventh-order formulation

are not merely a mathematical convenience, but a practical necessity for collision-free

trajectory generation in environments, for where obstacles are distributed along or near the

direct path between the start and goal points.

3.4 AABB detection

Regarding security testing, this paper gave up point-to-point testing because it may have

loopholes. For example, two points may be outside the obstacle, but the line connecting

them will pass through the obstacle. This needs to be considered in advance. Therefore, it

is more comprehensive to use line segment AABB detection. AABB is one of the most

commonly used bounding volumes. Its boundaries are aligned with the coordinate axes, so

it can determine whether two objects intersect by the overlap of intervals in three

dimensions (MDN Web Docs 2024) .The trajectory is discretized into a sequence of points,

and collision detection is performed between consecutive points by testing whether each

line segment intersects with any AABB. Since it does not involve rotation matrix or

trigonometric function operations, AABB has extremely high detection efficiency and is

suitable for applications with high real-time requirements. An AABB obstacle is defined

by three axis-aligned intervals.

� ∈ [�min, �max], � ∈ [�mix, �max], � ∈ [�min, �max] (17)

The line segment intersects the AABB if all the x, y, z are within the obstacles intervals:

[������,  �����] ∩ [0,1] ≠ ∅ (18)

The parametric intervals of the line segment along the x, y, and z 3 axes. They are

computed according to the bounds of the AABB. These intervals are then intersected to
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obtain a common valid range. An intersection is confirmed if the resulting interval overlaps

with the parameter range of the line segment. In this paper, a total of 4 AABB obstacles

were set up. In each cost function evaluation, 5,000 points were sampled for each of the

two trajectories, with a total of about 9,998 line segments participating in collision

detection.

3.5 End effector static analysis

This study uses SolidWorks Simulation to perform a static analysis on the Part 2 structure,

primarily investigating its stress distribution and deformation under external loads.

Ordinary carbon steel was used, with fixed constraints applied at the bottom. The weight of

the pipe to be picked up is approximately 1000 N, therefore a 1500 N external force was

applied at the top in case any additional load, taking gravity into account. And applied the

Plain Carbon Steel, because of its low cost, easy availability, and good processing

performance. From a modeling perspective, the constraints and load paths are clear;

however, the default Bonded connection increases overall stiffness, potentially leading to

lower stress and deformation values, resulting in slightly "idealized" results.

The maximum displacement was approximately 0.00327 mm (occurring at the upper stress

point in the Figure 21). The overall deformation was minimal, indicating high structural

stiffness. The deformation exhibited typical cantilever bending characteristics: almost no

displacement at the fixed end and the largest displacement at the free end, consistent with

theoretical mechanical laws.

Figure 21: Total Displacement of End Effector, URES
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The stress in other areas is lower, gradually decreasing from top to bottom, consistent with

bending stress characteristics. Deformation magnification factor is 1, maximum equivalent

stress (Von Mises): 48.33 MPa (from the Figure 22), material yield strength is 220.6 MPa.

Compared to the material ’ s yield strength, the stress is far below the ultimate limit,

indicating that the structure is in a safe state.

Figure 22: Von Mises Stress of End Effector

According the results from Figure 23, the maximum strain is approximately 1.24 × 10-4,

concentrated in the high-stress region, deformation scale is 1, consistent with the stress

distribution. The overall strain level is very low, indicating that the structure is in the

elastic stage and no significant plastic deformation has occurred, which is consistent with

the assumptions of linear static analysis

.

Figure 23: Equivalent Strain of End Effector

The safety factor is 4.56. The structure has sufficient safety margin to withstand moderate

load variations.
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� =
��

��,���
= 220.6/48.33 = 4.56 （19）

Although the safety factor of 4.56 ensures excellent structural safety, it also indicates that

the design may be overly conservative. There is potential for weight and material reduction

while still maintaining an adequate safety margin.
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4 Discussion

This paper discusses the trajectory planning and end effector design of industrial robots in

complex environments. Focusing on the safety, accuracy and automation requirements in

high-risk work scenarios such as nuclear power plants, a robot trajectory planning method

combining piece-wise seventh-order polynomial trajectory modeling and differential

evolution algorithm optimization is presented. The symmetrical mechanical clamp

structure is also designed and analyzed.

Regarding trajectory planning, this paper constructs a piece-wise seventh-order polynomial

model to realize the continuity of position, velocity and acceleration during robot

movement, and effectively improve the smoothness of the trajectory. The introduction of

waypoints as optimization variables enhances the trajectory flexibility and obstacle

avoidance ability. At the same time, the differential evolution algorithm is used for global

optimization of trajectory parameters to achieve safe and efficient path planning in

complex environments. Meanwhile, it can comprehensively consider path length, motion

smoothness and collision constraints. The results show that this method can effectively

avoid obstacles while ensuring the continuity of the trajectory, and also improving the

stability and feasibility of the trajectory compare to other methods.

Regarding the design of the end effector, this paper presents a symmetrical multi-link

clamp structure. The movement of three fingers is realized through the central drive, which

improves the uniformity and stability of the force when holding. A 3D model was built

using SolidWorks tool and key structural parameters were optimized. In order to solve the

complex structure of the planetary roller actuator of the internal drive mechanism, the

equivalent modeling method is adopted to simplify it into an ideal linear actuator. Thus

greatly reducing the complexity of modeling and maintaining the accuracy of analysis.

The movement path and force transmission of the grasping mechanism are clarified, and

the strength of key components (gripper) is verified through finite element analysis. The

results show that the structure shows good mechanical properties within the design load.

While taking corrosiveness and thermal conductivity into consideration, it still ensuring

strength and stiffness. In conclusion, it meets the requirements of gripper and structural

reliability in practical engineering applications.
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4.1 Limitation

However, this research still has certain limitations that should be acknowledged.

First, the trajectory planning method presented in this paper is validated only in a static,

pre-defined obstacle environment. The positions and dimensions of all obstacles are

assumed to be known in advance, and no changes occur during the robot’s motion. In real-

world applications such as nuclear power plant maintenance, the equipment always moves

unpredictably within the workspace. Therefore, its adaptability in complex dynamic

scenarios needs to be further investigated.

Secondly, in the process of model construction, in order to reduce the complexity of

analysis, the internal drive system is equated with the ideal linear actuator, ignoring factors

such as friction and gaps in the actual system. Alternatively, the experimental platform can

be used to verify and optimize the gripper structure, and more realistic driving

characteristics can be introduced into the model to improve the engineering application

value of the whole system.In general, the trajectory planning method and clamp structure

design presented in this paper have demonstrated feasibility and practical value in

theoretical analysis and engineering implementation, providing reference for the design

and optimization of industrial robot systems in complex environments.This may have a

negative impact on the accuracy and responsiveness during actual operation.

In addition, this paper is mainly based on theoretical analysis and simulation results for

evaluation, regarding the structural design of the fixture, without actual prototype

manufacturing and experimental test. Different task scenarios or workspace configurations

may require different weight combinations, and the current approach does not provide a

generalised strategy for selecting these values. This reduces the portability of the method

when applied to new environments. Therefore, its reliability and durability under long-term

true operating conditions still need to be further tested and checked.

4.2 Summary

Besides these limitations, these simplifications and assumptions are reasonable at the static

engineering analysis stage. It helps to highlight key issues and improve modeling and
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computational efficiency. These problems also provide a clear direction for future

improvement. Future research can further combine real-time sensing and online trajectory

planning methods to improve the adaptability of the system, especially in a dynamic

environment.

Future research could be carried out in the following directions in the author’s opinion.

Firstly, integrating real-time sensing and online re-planning algorithms to improve

adaptability in dynamic environments. In this way, the availability will be expanded to

more conditions. Secondly, incorporating joint-level kinematic constraints into the

trajectory optimization framework, to ensure physical execution on actual robotic hardware.

Thirdly, introducing force control and sensor feedback, in this way to enable more precise

and responsive gripping operations sensitively. Fourthly, manufacturing and testing a

physical prototype of the end-effector to validate its durability and performance under real

operating conditions, and pay attention to the fatigue failure even a durable condition.

Finally, developing a more systematic method for selecting the objective function

weighting coefficients. So that the approach can be more readily applied to different tasks

and workspace configurations. In this paper, the weights is adjusted manually and get a

rough range to got the optimal results.

However, as discussed in the limitations section, further work is needed before the system

can be deployed in practical engineering scenarios, especially the true dynamic work space.

These findings provide a practical reference for robotic trajectory planning and gripper

design. It’s a general method can be widely applied in many environment conditions.



46

References

Benmachiche, A., Derdour, M., Kahil, M.S., Ghanem, M.C. and Deriche, M. (2025)

‘Adaptive hybrid PSO–APF algorithm for advanced path planning in Next‑Generation

Autonomous Robots’. Sensors, 25(18), Article 5742. Available at:

https://www.mdpi.com/1424-8220/25/18/5742 (Accessed: 6 April 2026).

Craig, J.J. (2005) Introduction to robotics: mechanics and control. 3rd edn. Upper Saddle

River: Pearson.

Duan, J., Wang, B., Cui, K. and Dai, Z. (2022) ‘Path planning based on NURBS for hyper-

redundant manipulator used in narrow space’. Applied Sciences, 12(3), Article 1314.

Available at: https://www.mdpi.com/2076-3417/12/3/1314 (Accessed: 10 March 2026).

Eltaeib, T. and Mahmood, A. (2018) ‘Differential evolution: a survey and analysis’.

Applied Sciences, 8(10), Article 1945. Available at: https://www.mdpi.com/2076-

3417/8/10/1945 (Accessed: 15 April 2026).

Fujimoto, S., van Hoof, H. and Meger, D. (2018) ‘Addressing function approximation

error in actor-critic methods’, in Proceedings of the 35th International Conference on

Machine Learning (ICML), pp. 1587–1596. Available at:

https://proceedings.mlr.press/v80/fujimoto18a.html (Accessed: 26 April 2026).

Gasparetto, A. and Zanotto, V. (2010) ‘Optimal trajectory planning for industrial robots. A

new method for smooth trajectory planning of robot manipulators’, Advances in

Engineering Software, 41(4), pp. 548–556. Available at:

https://www.sciencedirect.com/science/article/abs/pii/S0965997809002464 (Accessed: 1

March 2026).

Kunz, T. and Stilman, M. (2013) ‘Time-Optimal Trajectory Generation for Path Following

with Bounded Acceleration and Velocity’, in Robotics: Science and Systems VIII.

Cambridge, MA: MIT Press, pp. 209–216. Available at:

https://doi.org/10.15607/RSS.2012.VIII.027 (Accessed: 1 March 2026).

Li, M., Wu, H. and Handroos, H. (2011) ‘Trajectory planning of a hybrid robot for

machining’, Robotics and Computer-Integrated Manufacturing, 27(6), pp. 1094–1102.

https://www.mdpi.com/1424-8220/25/18/5742
https://www.mdpi.com/2076-3417/12/3/1314
https://www.mdpi.com/2076-3417/8/10/1945
https://www.mdpi.com/2076-3417/8/10/1945
https://proceedings.mlr.press/v80/fujimoto18a.html
https://www.sciencedirect.com/science/article/abs/pii/S0965997809002464
https://doi.org/10.15607/RSS.2012.VIII.027


47

Available at: https://research.lut.fi/converis/portal/detail/Publication/2377130 (Accessed:

18 February 2026).

MDN Web Docs (2024) ‘3D collision detection’. Available at:

https://developer.mozilla.org/en-US/docs/Games/Techniques/3D_collision_detection

(Accessed: 21 April 2026).

MEDATECH Engineering Services (2023) ‘RodBot – the hydraulic robotic pipe handler.

Available at: https://medatech.ca/rodbot-the-hydraulic-robotic-pipe-handler/ (Accessed: 18

February 2026).

Pashkevich, A., Klimchik, A. and Chablat, D. (2011) ‘Enhanced stiffness modeling of

manipulators with passive joints’, Mechanism and Machine Theory, 46(5), pp. 662–679.

Available at: https://hal.science/hal-00583167v1 (Accessed: 18 February 2026).

Reda, M., Onsy, A., Haikal, A.Y. and Ghanbari, A. (2025) ‘A novel reinforcement

learning- based multi- operator differential evolution with cubic spline for the path

planning problem’. Artificial Intelligence Review, 58, Article 142. Available at:

https://link.springer.com/article/10.1007/s10462-025-11129-6 (Accessed: 6 April 2026).

RobotShop (n.d.) 36mm 12V 230RPM High Quality Micro 3650 Brushless DC Planetary

Gear Motor. Available at: https://www.robotshop.com/products/aslong-motor-36mm-12v-

230rpm-high-quality-micro-3650-brushless-dc-planetary-gear-

motor?qd=99aeb7861163734e6b9828b996acf35f (Accessed: 17 March 2026).

SILASERS (n.d.) Robotic laser cutting machine. Available at: https://silasers.com/robotic-

laser-cutting-machine/ (Accessed: 18 February 2026).

Storn, R. and Price, K. (1997) ‘Differential evolution – a simple and efficient heuristic for

global optimization over continuous spaces’, Journal of Global Optimization, 11(4), pp.

341–359. Available at: https://link.springer.com/article/10.1023/A:1008202821328

(Accessed: 26 April 2026).

Su, W., Liu, Z. and Huang, R. (2025) ‘Smooth path planning based on spherical vector

particle swarm optimization’. In Advanced Intelligent Computing Technology and

Applications (ICIC 2025). Lecture Notes in Computer Science, vol. 15857. Springer, pp.

483–494. Available at: https://link.springer.com/chapter/10.1007/978-981-96-9921-6_39

(Accessed: 26 April 2026).

https://research.lut.fi/converis/portal/detail/Publication/2377130
https://developer.mozilla.org/en-US/docs/Games/Techniques/3D_collision_detection
https://developer.mozilla.org/en-US/docs/Games/Techniques/3D_collision_detection
https://medatech.ca/rodbot-the-hydraulic-robotic-pipe-handler/
%20https:/hal.science/hal-00583167v1%20
https://link.springer.com/article/10.1007/s10462-025-11129-6
https://www.robotshop.com/products/aslong-motor-36mm-12v-230rpm-high-quality-micro-3650-brushless-dc-planetary-gear-motor?qd=99aeb7861163734e6b9828b996acf35f%20
https://www.robotshop.com/products/aslong-motor-36mm-12v-230rpm-high-quality-micro-3650-brushless-dc-planetary-gear-motor?qd=99aeb7861163734e6b9828b996acf35f%20
https://www.robotshop.com/products/aslong-motor-36mm-12v-230rpm-high-quality-micro-3650-brushless-dc-planetary-gear-motor?qd=99aeb7861163734e6b9828b996acf35f%20
%20https:/silasers.com/robotic-laser-cutting-machine/
%20https:/silasers.com/robotic-laser-cutting-machine/
%20https://link.springer.com/article/10.1023/A:1008202821328
%20https:/link.springer.com/chapter/10.1007/978-981-96-9921-6_39%20
%20https:/link.springer.com/chapter/10.1007/978-981-96-9921-6_39%20


48

Wu, G. and Zhang, N. (2023) ‘Kinematically Constrained Jerk–Continuous S-Curve

Trajectory Planning in Joint Space for Industrial Robots’, Electronics, 12(5), Article 1135.

doi:10.3390/electronics12051135. Available at: https://www.mdpi.com/2079-

9292/12/5/1135 (Accessed: 1 March 2026).

Wu, H. et al. (2016) ‘Genetic algorithm trajectory plan optimization for EAMA: EAST

articulated maintenance arm’, Fusion Engineering and Design, 112, pp. 1–10. Available at:

https://www.sciencedirect.com/science/article/abs/pii/S0920379616300977 (Accessed: 18

February 2026).

Zhang, C., Wang, L., Yu, X., Tong, M., Lin, W. and Gao, H. (2020) ‘An optimized NURBS

curve trajectory planning algorithm based on genetic algorithm’, in Proceedings of the

2020 Chinese Automation Congress (CAC), Shanghai, China, pp. 3529–3534.

doi:10.1109/CAC51589.2020.9327249.

Zhu, J. and Pan, D. (2024) ‘Improved genetic algorithm for solving robot path planning

based on grid maps’. Mathematics, 12(24), Article 4017. Available at:

https://www.mdpi.com/2227-7390/12/24/4017 (Accessed: 6 April 2026).

https://www.mdpi.com/2079-9292/12/5/1135
https://www.mdpi.com/2079-9292/12/5/1135
https://www.sciencedirect.com/science/article/abs/pii/S0920379616300977
https://doi.org/10.3390/math12244017
https://doi.org/10.3390/math12244017


1

Appendix 1. MATLAB Implementation

A1.1 The weights of 7th order polynomial
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A1.2 DE population initialization

A1.3 DE loop
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A1.4 Objective function
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A1.5 Collision check
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A1.6 Quintic code and Differentiation
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Appendix 2. Assembly drawing
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