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Abstract

Tunnel lighting cleaning is of significant practical importance for improving driving safety.
To address the low operational efficiency of tunnel lighting cleaning tasks, a trajectory plan-
ning method based on the chaotic adaptive whale—particle swarm optimization (CAW-PSO)
algorithm is proposed. Taking the SIASUN GCR16-2000 robotic arm as the research object,
the trajectory is constructed using a 3-5-3 polynomial interpolation, with the objective of
achieving time-optimal trajectory planning. In the CAW-PSO algorithm, a tent chaotic map
is introduced to improve the quality of the population; a linearly decreasing inertia weight
is designed to strike a balance between local and global search; dynamic learning factors
are defined to strengthen the individual learning ability and global cognitive capability
of particles; finally, the exploitation mechanism of the whale optimization algorithm is
employed to avoid getting trapped in local optima and improve convergence accuracy.
The simulation time is 3.661 s, a reduction of 69.94%. The experimental results yielded a
mean relative error of 1.16%, indicating good agreement with the simulation results. The
results of the simulation and experiment indicate that the CAW-PSO effectively reduces the
motion time of the robotic arm, exhibiting superior applicability in trajectory planning for
tunnel lighting cleaning robotic arms.

Keywords: chaotic mapping; trajectory planning; dynamic learning factor; robotic arm;
whale optimization algorithm; inertia weight

1. Introduction

With the development of robotics, its implementation in hazardous and complex envi-
ronments has become feasible, such as glass facade cleaning [1], fire emergency rescue [2],
and material handling [3]. Cleaning tunnel luminaires can improve their illumination per-
formance, thereby enhancing driving safety. In tunnel luminaire cleaning, replacing manual
operations with a robotic manipulator can significantly improve operational efficiency.

In tunnel lighting cleaning, the core objective of using robotic arms is to identify a
motion trajectory that satisfies the cleaning task requirements [4]. The robotic manipulator
needs to follow a predefined trajectory to perform the cleaning task, ensuring effective
cleaning of the luminaire surface. By employing trajectory planning methods, the motion
trajectory of the robotic manipulator is optimized to generate a time-optimal trajectory and
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reduce the manipulator’s motion time. It is important for enhancing cleaning efficiency to
implement time-optimal trajectory planning.

The number of lighting fixtures in tunnels is large, and they are densely distributed.
Owing to variations in installation height and orientation, their spatial arrangement is
highly complex. Under such conditions, the performance of existing trajectory planning
algorithms is limited, and even their improved variants cannot be directly applied. To ad-
dress the challenges of trajectory planning in tunnel environments, it is therefore necessary
to develop targeted improvements to existing algorithms.

In the complex tunnel environment, the cleaning operation requires a relatively long
execution time. To address this challenge, a chaotic adaptive whale—particle swarm op-
timization (CAW-PSO) algorithm is proposed. The developed algorithm integrates 3-5-3
polynomial interpolation to achieve time-optimal trajectory planning for a robotic manip-
ulator performing tunnel lighting cleaning tasks. The main innovations of the presented
algorithm are outlined below: a tent chaotic map is introduced to generate a more uniformly
distributed initial particle population, thereby improving population diversity and overall
solution quality; a linearly decreasing inertia weight strategy is designed to strengthen
global exploration in the early stages and local exploitation in the later stages; dynamic
learning factors are defined to enhance individual learning during the early stages of the
algorithm and global cognition in the later stages; finally, the optimization mechanism
of the whale optimization algorithm is employed to escape local optima and enhance
convergence accuracy.

The remainder of this paper is organized as follows: Section 2 provides an overview
of related work, discusses their shortcomings, and introduces the improvements proposed
in this study. Section 3.1 introduces the modeling method of the robotic manipulator.
Section 3.2 presents the principle of the 3-5-3 polynomial interpolation. Section 3.3 de-
scribes the particle swarm optimization (PSO) algorithm. Section 3.4 provides a detailed
description of the improved PSO algorithm. Section 3.5 illustrates the workflow of the
CAW-PSO algorithm. In Section 4.1, the performance of the CAW-PSO algorithm is assessed
using the CEC2017 test functions. Section 4.2 conducts simulation analysis by MATLAB
(Version R2023a). Section 4.3 conducts real-world experiments. Section 5 summarizes the
paper and outlines future research directions.

2. State of the Art

Particle swarm optimization (PSO) [5] has many advantages, such as broad adapt-
ability and strong global search capability. However, PSO also has certain limitations,
such as low adaptability and a tendency to become trapped in local optima. In practical
applications, numerous researchers have proposed various improvements to address the
shortcomings of the PSO algorithm.

Chen et al. [6] designed a novel migration mechanism into the particle swarm algo-
rithm and proposed a diversity-migration-based quantum particle swarm optimization
method (DM-QPSO), effectively addressing the decline in search performance and be-
coming trapped in a local optimum in high-dimensional optimization problems. The
algorithm was optimized solely for benchmark test functions and did not take into ac-
count the kinematic and dynamic constraints of the robotic arm. Luo et al. [7] defined an
improved Lévy chaotic particle swarm optimization clustering routing protocol (LCPSO-
CRP), significantly enhancing convergence speed and search efficiency, thereby effectively
extending the operational lifespan of industrial IoT systems. The direct application of the
adopted fitness function may lead to discontinuities in the motion trajectory; therefore, the
optimization objective needed to be redesigned. Wang et al. [8] introduced an adaptive
multi-objective particle swarm optimization algorithm (ADMOPSO), which solves the
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challenge of determining the global best particle during the process of multi-objective opti-
mization. ADMOPSO focused on the optimization of discrete variables without addressing
temporal continuity. Mebarka et al. [9] put forward an adaptive particle swarm opti-
mization algorithm for t-SNE (t-SNE-PSO) that optimizes t-SNE by dynamically updating
cognitive and social coefficients, overcoming the limitations of stochastic gradient descent
and enhancing global optimization capability. The t-SNE-PSO was designed to optimize
static datasets and lacked adaptive updating mechanisms for dynamic trajectory planning.
Jiao et al. [10] proposed a learning-based adaptive chaotic particle swarm optimization
(LCPSO) algorithm to escape from local optima and enhance the speed of convergence. In
LCPSO, the reward-penalty function was difficult to enforce strictly, and tuning the penalty
factor was challenging. Ahmad et al. [11] presented a novel adaptive inertia weight method
based on population success rate feedback, which dynamically modifies the state of the
particle in the search space. To improve the performance of the algorithm, Bilal et al. [12]
introduced a chaotic sequence during each random number generation and designed a
parameter-adaptive particle swarm optimization algorithm based on chaotic mapping.
The improved method proposed by Ahmad and Bilal was unable to adapt to dynamically
changing trajectory planning tasks and exhibited low optimization efficiency. Pan et al. [13]
designed an improved hybrid algorithm (IGSAPSO) that combines gravitational search and
particle swarm optimization, optimizing the charging and discharging power allocation of
electric vehicles. IGSAPSO had a relatively large parameter space, and its direct application
to trajectory planning required extensive parameter tuning, increasing the difficulty of
engineering implementation. Sun et al. [14] developed a hybrid chaotic evolutionary parti-
cle swarm optimization algorithm (HCEPSO) that integrates evolutionary strategies with
chaotic optimization mechanisms into particle swarm optimization, effectively addressing
the two-dimensional bin packing problem involving conflicts and load balancing in the
logistics domain. The integer encoding adopted by HCEPSO did not represent continuous
time-trajectory parameters, rendering the optimized trajectory infeasible for execution by
the robotic manipulator. Shu et al. [15] proposed a multi-strategy fusion enhanced particle
swarm optimization algorithm (MSFPSO), which incorporates a Cauchy variant-based
migration mechanism to improve search efficiency and effectiveness, employs a combined
opposition-based selection strategy to broaden the exploration of the solution space, and
introduces an attract-reject optimization strategy to further balance exploitation and explo-
ration, effectively preventing algorithm stagnation. The CEC benchmark functions tested by
MSFPSO were mostly unconstrained or simply bounded mathematical functions, and the
50 engineering problems concentrated on static parameter optimization. Its performance
in dynamic and high-dimensional complex optimization scenarios remains to be further
evaluated. Yan et al. [16] combined Lévy flight quantum particle swarm optimization with
quantum particle swarm optimization to put forward an enhanced Lévy flight quantum
particle swarm optimization algorithm (ELQPSO), effectively mitigating the adverse effects
of limited sensor placement on overall optimization performance. The discrete optimization
characteristics of ELQPSO did not satisfy the requirements of continuous linear trajectory
planning. Wang et al. [17] defined a collaborative knowledge-transfer-based multi-objective
multi-task particle swarm optimization algorithm (CKT-MMPSO). This method introduces
the CKI-MMPSO framework, establishes a dual-space knowledge inference mechanism,
and integrates an entropy-based collaborative knowledge transfer strategy, effectively
addressing the issue of the EMTO algorithm neglecting latent correlations in the objective
space during optimization. The multi-task framework of CKT-MMPSO was redundant in
single-task trajectory planning, and its knowledge transfer mechanism was not effectively
utilized, increasing computational complexity. Tao et al. [18] presented a multi-strategy
improved particle swarm optimization algorithm (MSIPSO), resolving problems of path
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planning for autonomous drone delivery. In trajectory planning, the strong randomness
of the local deadlock escape strategy in the algorithm led to blind particle search, reduc-
ing convergence efficiency. Xu et al. [19] designed a hybrid Gaussian quantum particle
swarm optimization and adaptive genetic algorithm (HGQPSO-AGA), addressing the
scheduling problem. Li et al. [20] developed a novel particle swarm optimization algo-
rithm (PSO-PE), overcoming dynamic optimization problems. The optimization objective
of PSO-PE only considers the optimal solution and does not take trajectory smoothness
into account.

Numerous researchers have addressed the algorithm’s shortcomings—mnamely, low
convergence accuracy and susceptibility to local optima—by tuning algorithm param-
eters, introducing new mechanisms, or hybridizing it with other algorithms. The im-
proved algorithms were evaluated using benchmark functions, and their effectiveness
was successfully validated. The improved algorithms effectively addressed the engineer-
ing problems they encountered. The improved PSO algorithms proposed by researchers
mainly focus on functions with simple or unconstrained boundaries, without considering
optimization problems involving complex constraints. The engineering problems they
addressed were primarily discrete problems with simple constraints, and the proposed im-
proved algorithms are incapable of solving continuous trajectory planning problems under
complex constraints.

To address the continuous trajectory planning problem in complex operating envi-
ronments, a chaotic adaptive whale—particle swarm optimization (CAW-PSO) algorithm is
proposed. Initially, tent chaotic mapping is utilized for population initialization, thereby
significantly improving the ergodicity and diversity of the particle distribution. Subse-
quently, a linearly decreasing inertia weight is adopted to balance local search and global
search. Sinusoidal dynamic learning factors enhance the particles’ individual learning
capability and global cognitive capability. The synergistic effect of the two effectively
balances convergence accuracy and convergence speed. Finally, the search mechanism of
the whale optimization algorithm is integrated, and the particle velocity update strategy
is improved by incorporating its spiral updating and random search strategies to escape
local optima.

3. Materials and Methods

The standard Denavit-Hartenberg (D-H) method is adopted for modeling. The 3-5-3
polynomial interpolation is used for trajectory construction, and the polynomial coefficients
are solved. A detailed description of the improved PSO algorithm is provided, and the
flow of the proposed algorithm is presented.

3.1. Manipulator Modeling

This study utilizes the SIASUN GCR16-2000 (SIASUN Robot & Automation Co., Ltd.,
Shenyang, China) collaborative robot as the research platform. The robot comprises six
links and six joints. The physical structure is shown in Figure 1a, and the coordinate system
established for the links is shown in Figure 1b. The selected collaborative robot is modeled
using the standard Denavit-Hartenberg (D-H) method. Table 1 lists the corresponding
D-H parameters.
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Figure 1. STASUN GCR16-2000 collaborative robot: (a) Physical structure of the robotics; (b) Coordi-
nate system diagram of the robotic arm linkage.

Table 1. Standard D-H parameters of the SIASUN GCR16-2000.

P Op/rad dy/mm ap/mm apl°
1 01 235 0 90
2 0 0 217.5 —180
3 03 0 977.5 180
4 04 896.5 0 -90
5 05 126 0 90
6 0 113 0 0

In Table 1, the joint angle is denoted by 0, the joint offset is represented by d, the link
length is indicated by a, and the link twist angle is represented by .. According to the
known D-H parameter, the transformation matrix from coordinate frame {p — 1} to frame
{p} is derived as shown in Equation (1). After multiplying the transformation matrix of each
joint, the overall transformation matrix from the base coordinate frame to the end-effector
frame is acquired, as shown in Equation (2).

cos 6 —sin6, 0 ap-1
plg _ sinf,cosa, 1 cosbpcosa, 1 —sina, 1 —dpsina, q 1)
P sinfpsina, 1 cosbpsina, 1 cosay, 1 dpcosay, 1
0 0 0 1
My Tx fx hy
0g _ 0glg2g3g4gog — |™My Ty fy hy )
6° T 192939495960 =
my 1z fz h;
0O 0 0 1

where my, my, and m; represent the direction vector components of the x-axis of the
robot arm end-effector coordinate system relative to the fixed coordinate frame; ry, 7y,
and r, are the direction vector components of the y-axis of the robot arm end-effector
coordinate system relative to the fixed coordinate frame; fy, f,, and f; are the direction vector
components of the z-axis of the robot arm end-effector coordinate system relative to the
fixed coordinate frame; hy, h,, and h; are the direction vector components of the robot arm
end-effector relative to the fixed coordinate frame.

Kinematic analysis is the foundation of manipulator trajectory planning, mainly con-
sisting of inverse and forward kinematics. Robot motion problems are primarily addressed
using inverse kinematics, with solutions typically obtained through analytical methods.
The solution process is described as follows.

The first motion joint is obtained by Equation (3).

01 = atan(2(hy, — Isfy, hx — Isfx)) 3)
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The second joint is obtained from Equation (4).
0, = atan2(Up, +4/1—U3) — 112 (4)
with
0 — B 12— 124 (cos 0y (hy — Isfy) +sin 0y (hy — Isfy))* + (pz — b — Isaz)? -
2l
12 = atan2(h, — Iy — Isf;, cos 01 (hy — I5fx) 4 sinb (hy — I5fy)) (6)
The third joint is determined by Equation (7).
63 = atan2(cos b (hy —I5fy) +sinbi(hy —I5fy) —lpsin€y, h, — I} —Isf, — I cos ;) 7)
—b2 — 113
with
13 = atan2(ly,I3) (8)
The fourth joint variable is derived from Equation (9).
04 = atan2(Uy, Us) )
with
—(fx cos by + fysinf;)sin(6; + 603) — f; cos(62 + 63)
Uy = . , (10)
sin Os
Ui = fy cos 91. — fxsin6q 1)
sin 05
The fifth joint is obtained from Equation (12).
05 = atan2(+y/1 — U2, Us) (12)
with
Us = (fxcosby + f,sin6;) cos(6 + 03) — fzsin(62 + 63) (13)
The sixth motion joint is calculated according to Equation (14).
06 = atan2(Ugp, Ug ) (14)
with
—(my cos 01 + my sin6y) cos(62 + 63) + m; sin(6; + 63)
Ue1 = . (15)
sin 05
0 in 6 0y + 63) — r,sin(6 + 6
Ugy = (rxcos By + 1y sinf;) cos(62 + 63) — 7, sin(6, + 63) 16)

sin 65

where [1 = 235 mm, [, = 977.5 mm, I3 = 896.5 mm, I4 = 126 mm, [5 = 239 mm.

3.2. 3-5-3 Polynomial Interpolation

To achieve smooth motion trajectories, in this study, 3-5-3 polynomial interpolation is

employed for trajectory construction, as expressed in Equation (17).

9p1(t) = by + byt + bot? + byat3
Bp2(t) = bog + bort + bopt? + bozt® + bogt* + byst®
Op3(t) = bso + bart + bspt? + bast®

(17)

https:/ /doi.org/10.3390/s26051722


https://doi.org/10.3390/s26051722

Sensors 2026, 26, 1722 7 of 21

where 0,1(t), 0p2(f), and 0,3(t) represent the angular displacements of the p-th joint during
the first, second, and third trajectory segments, respectively.
Constraints on Equation (17) are imposed through Equations (18)—(20).

Gpl(o) = Wpo
Op1(t1) = 0,2(0) = wp (18)
sz(tz) = 6p3<1) = Wp2
ng(t3) = Wp3
0,1(0) =0
0p1(t1) = 6,1(0) (19)
sz(tz) = 9p2(0)
9p3(t3) =0
épl (O) =0
01 (1) = 01 (0) 20)
épz(tz) = ép2(0)
85(t3) =0

In Equations (4)—(6), Bpl, 6p2, 6,93, 6p1, 6p2, and 0p3 stand for the angular velocities and
angular accelerations of the p-th joint of robots during the first, second, and third trajectory
segments, respectively.

The angle constraints ensure positional continuity at the junctions of adjacent trajectory
segments. The angular velocity constraints guarantee velocity continuity at the segment
connections, resulting in smooth motion. The angular acceleration constraints ensure
smooth variation of force at the segment junctions.

Based on the above constraints, matrices A (Equation (21)) and B (Equation (22)) can
be obtained.

(2 ## 4 1 0 0 0 0O 0 -1 0 0 0 ©
33 24 10 0 0 O O -1 0 0 O 0 ©
64 2 00 0 0O 0O -2 0 0 O O 0 O
0o 0 00 B # 8 B K 1 0 0 0 -1
0 0 0 0 54 43 33 2o 1 0 0 0 -1 0
0 0 0 0 208 1266 6, 2 0 0 0 -2 0 0
A 0 0 0 0 O 0O 0 0 0 0 tgz 2tz 1 @1
0o 0 00 0 0 0 0 0 0 33 2; 1 0
o 0 00 0 O 0 0O O 0 63 2 0 0
o 0 01 0o 0 O O O O 0O O O0 O
o 0o 10 0 O O O O O O O O O
o 100 0 O O O O O O O O O
o 0o o0 0 O O O O O 0 0 0 1
/)0 o o0 O O O O O 1 0 0 0 0
B:[OOOOOOxg,OOxOOOxle 22)

where t1, f, and t3 denote the times of the three interpolation trajectory segments, respec-
tively. x represents the interpolated displacement.
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The coefficient b of the 3-5-3 polynomial interpolation is solved by Equation (23).
b=A"1.B (23)

3.3. Particle Swarm Optimization Algorithm

Inspired by the predatory behavior of birds, the particle swarm optimization (PSO)
algorithm was proposed to resolve complex optimization problems. In the PSO algorithm,
when a bird finds an approximate location of the food, it is analogous to a particle ap-
proaching the optimal solution. The particles then communicate this information to other
members, leading the entire swarm to converge gradually towards the target position. In
PSO-based trajectory planning, the particle position represents the sequence of trajectory
points of the robotic arm, and the particle velocity determines the direction and magni-
tude of trajectory updates. The optimal trajectory is continuously searched through the
fitness function.

The population size is M, and the dimensionality of the search space is E. Particles
update their velocities and positions according to Equations (24) and (25), respectively.

Vm(” + 1) = TVm(”) + (Pbbest(n) —Lm (n))Alrl + (thest(n) - Lm(”)))‘2r2 (24)

Ly(n+1) =Lyu(n)+ Vi(n+1) (25)

where Pby,s+(11) means individual historical best positions; Gby,s;(1) stands for global best
positions; T denotes the inertia weight; the learning factor is denoted by A; and A;; random
numbers are denoted by r; and r,, each ranging from [0, 1].

The particle velocity update in Equation (24) consists of three components: the first
term is the inertia component, which enables the particle to retain its previous velocity and
reflects its “memory” characteristic; the second term is the cognitive component, which
reflects the search behavior of particle based on its own historical best position; the third
term is the social component, which captures the information exchange and cooperative
interaction among particles, thereby guiding them toward the global optimal solution.

3.4. The CAW-PSO

The optimization fitness function of the p-th joint, together with the velocity and
acceleration constraint conditions, is given in Equation (26).

f(t) = min Z?:O(tpl +tp + tp3)
max{lvp]"} < Umax (26)

max{|a,]} < anas

where the maximum velocity of robotics is denoted by vyuy; amax stands for the maximum
acceleration of robotics; v,; represents the velocity of the p-th joint in the j-th polynomial
segment; a,; denotes the acceleration of the p-th joint in the j-th polynomial segment; 1, t;2,
and t,3 stand for the time durations of each trajectory segment. According to the SIASUN
GCR16-2000 manual, the maximum velocity is 4 m/s, and the maximum acceleration is
4m/s.

In this study, the improvements to the standard PSO proposed are mainly reflected in
the following four aspects.

3.4.1. Tent Chaotic Map

In the PSO algorithm, particle positions and velocities are typically initialized ran-
domly, which may result in uneven initial population distribution. Moreover, when the
initialized population is overly concentrated in certain regions of the search space, the algo-
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rithm is prone to getting trapped in local optima. Compared to the standard PSO, chaotic
initialization enhances the diversity and coverage of the particle swarm, thereby improving
population quality and the global search ability. There are various types of chaotic maps,
commonly including the logistic map, tent map, and Hénon map, among others. The tent
map features a simple structure, ease of analysis, good ergodicity, high computational
efficiency, and strong chaotic behavior, making it widely used in the initialization phase of
optimization algorithms. Based on these considerations, this study selects the tent map,
whose mathematical expression is given in Equation (27).

%" 0<S,<B

Thi = (27)

1-5,
e p<S.<1
where S, denotes the chaotic number at the n-th iteration; § is a user-defined parameter
with a value range of [0, 1].

Assuming the particle swarm undergoes 5000 iterations, the population is initialized
using logistic and tent chaotic maps, respectively, with their distribution illustrated in

Figures 2 and 3.
1 1200
0.9
1000 F=— 1
0.
0.7 p
800 F
RS
= 0 >
<
.2 05 S 600 F
o
Q o]
= i
S5 o4
400 F
03
02
5 200 F
0
0 1000 2000 3000 4000 5000 0 01 02 03 04 05 06 07 08 09 1
Number of iterations Chaotic value
(a) (b)

Figure 2. (a) Logistic chaotic mapping distributions; (b) Logistic chaotic mapping frequency distributions.

100 [ Hl Ml M M

80

Chaotic value
Frequency

40 F

0 1000 2000 3000 4000 5000 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Number of iterations Chaotic value

(@) (b)

Figure 3. (a) Distributions of the tent chaotic map; (b) Frequency distributions of the tent chaotic map.
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As shown in Figure 3, when = 0.5, the initial values across all dimensions are more
widely and evenly distributed within the search space, enhancing the search coverage and
the likelihood of locating the global optimum. Therefore, in this study, j is set to 0.5.

3.4.2. Inertia Weight

The solution accuracy and convergence speed of PSO are influenced by the inertia
weight 7. A larger inertia weight makes the global search capabilities strong but may
reduce its local search effectiveness; a smaller inertia weight exhibits the opposite effect. To
balance local and global search capability, a linearly decreasing inertia weight is designed,
with its update formula shown in Equation (28).

T(1) = Tmax — (Tmax — Tmin) (Kkn) (28)
max

where T,y denotes the maximum inertia weight; the minimum inertia weight is represented by
Tpins kn and Kiyax denote the n-th iteration and the maximum number of iterations, respectively.
Shi et al. [21] experimentally investigated the impact of different inertia weight values
on the PSO algorithm. They found that, when the maximum value exceeds 0.9, the particle
velocity increases too rapidly, causing particles to overshoot the optimal solution and mak-
ing convergence difficult or even leading to divergence. Conversely, when the minimum
value is below 0.4, the particle velocity quickly decays to zero, resulting in a rapid loss of
population diversity and premature convergence to local optima. According to their study,
the maximum inertia weight is set to 0.9, while the minimum inertia weight is set to 0.4. In
the early stages, a larger inertia weight is applied to strengthen global exploration. It is then
gradually reduced in the later stages to improve local exploitation. This approach balances

global exploration with local search, ensuring favorable convergence performance.

3.4.3. Learning Factor

In the PSO, the constant learning factors limit the adaptability and flexibility of the
algorithm. Fixed learning factors make it difficult to balance convergence speed and
solution accuracy. Larger learning factors may induce oscillations in the algorithm, resulting
in unstable convergence, whereas smaller learning factors can maintain stability but tend
to reduce the convergence speed. In this study, the learning factors A; and A, are defined
as dynamically varying parameters and are adjusted using a sinusoidal function. As the
algorithm iterates, A; gradually decreases, while A, gradually increases, enhancing the
individual learning capabilities in the early stages, strengthening their global cognitive
capability in the later stages, thereby improving the convergence performance and search
efficiency. The expressions of A; and A; are given in Equations (29) and (30), respectively.

A = 2sin? [g (1 - K’jﬂ)} (29)
Ay = 2sin® ( zlzmzx) (30)

3.4.4. WOA Optimization Mechanism

During the exploitation and exploration process of the standard PSO, particle trajec-
tories are mainly driven by linear attraction toward the global best and the individual
historical best solutions, which causes particles to rapidly cluster around the current global
best during iterations, becoming trapped in local optima. In response to these problems,
the optimization mechanism of the whale optimization algorithm (WOA) is incorporated
in this study.
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During the prey search phase, the random foraging behavior of a whale population
is simulated, in which an individual randomly selects another whale as a target and
continuously moves toward it. The process of prey searching by whales is described in
Equation (31).

YP(n+1) =YPyua(n) — G- b (31)

with
F = |E'Ypmnd(n) - YP(”)| (32)
where YP,,,,;(1n) denotes a randomly selected whale from the current population; F; repre-

sents the search length. E stands for a random parameter with a value range of [0, 2].
The expression of |G| is given in Equation (33).

G=2g-u—g
{ _ 2%, (33)
g - 2 o Kmax

where u represents a random parameter with a value range of [0, 1]; g means the control
parameter.

The whale population captures prey using a bubble-net feeding strategy, which in-
cludes encircling contraction and spiral updating. During the shrinking encirclement phase,
the whale that currently attains the best solution is regarded as the target, and the remaining
whales continuously move toward its position. Its expression is given in Equation (34).

YP(n+1) = YPest(n) — G- B (34)

with
k= |E : YPbest(”) - YP(”)| (35)

where YPy, (1) denotes the individual located at the best position in the current population;
F; represents the encircling length.

During the spiral updating phase, the other whales approach the prey by moving
along a spiral path toward the best individual, thereby exploring potential optimal solutions
between themselves and the optimal whale. Its expression is given in Equation (36).

YP(n+1) = F3- " - cos(27h) + Y Ppegi (1) (36)

with
R = |Ypbest(n) - YP(”)| (37)

where F3 represents the distance between the current whale and the whale at the optimal
position; g is a constant coefficient; /i stands for a random parameter with a value range of
[0, 1].

P denotes the probability parameter, set to 0.5. P > 0.5. The particle population is
updated according to Equation (39); P < 0.5. When |G| < 1, the particle swarm is updated
using Equation (24); when |G| > 1, the update follows Equation (38).

Vin(n+1) = 7V (n) + (Pbyess(n) — Ly (n))A1r1 + (Pbygpg(n) — Lin(n))Aara (38)

Viu(n+1) = Fp - €. cos(27tl) + TV, (n) (39)

with
Fp = |beest(n) - Lm(i’l)| (40)
l=(g—1)-u+1 (41)
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where Pb,,,,;(n) denotes a randomly selected particle from the current population. Fp means
the distance between the current particle and the particle at the global best position.

3.5. The CAW-PSO Procedure

Based on the aforementioned improvement strategies, the CAW-PSO trajectory plan-
ning flowchart is presented in Figure 4.

Start
Initialization based on the Tent
chaotic map
Evaluate the fitness and initialize the
individual best and global best solutions
Compute the inertia weight
and learning factors

{

Velocity and position updates

N
p <0.5?2 — Spiral update

vy
Gl<I N . Random search
update

i

Encircling predation update

!

Update the fitness, individual
best, and global best solutions

!

Reach the maximum number
of iterations or reach the —_—
global optimal solution

v}

Output the optimal solution

!

End

-

Figure 4. The CAW-PSO algorithm flowchart.

Step 1: Initialize the particle positions using tent chaotic mapping, and initialize the
particle velocities using a random function.

Step 2: Calculate the fitness values of all particles and determine the global best
solution and the individual best solution.

Step 3: Calculate the inertia weight according to Equation (28); compute the learning
factors based on Equations (29) and (30).

Step 4: Update velocity and position according to the standard PSO, applying bound-
ary constraints.

Step 5: Update by integrating the WOA optimization mechanism.

Step 6: Calculate the new fitness values and update the personal best and global best
solutions. If the current solution corresponds to a shorter total time, update the optimal
time vector set and the global best fitness value.

Step 7: If the termination criteria are not met, repeat Steps 3-6; otherwise, terminate
the algorithm and output the global best particle position.
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4. Results and Discussion
4.1. Performance Analysis of the CAW-PSO

The CAW-PSO algorithm is configured with the following parameters: inertia weight
Tiax = 0.9, Tpyin = 0.4, learning factor A =2, A» = 2, probability parameter Pyo4 = 0.5, spiral
shape constant Byypa = 1, control parameter Awopa = 2, chaotic mapping parameters § = 0.5,
population size 50; maximum number of iterations 1000. Each algorithm is independently
executed 30 times on the test functions. The detailed parameter settings for the PSO, WOA,
and WOA-PSO (WOA-PSO hybrid algorithm) are listed in Table 2.

Table 2. Algorithm parameter settings.

Algorithm Parameter Setting
CAW-PSO  Tyar = 09, Ty = 0.4, A1 =2, Ay =2, Poa = 0.5, Bwoa = 1, Awoa =2, p = 0.5
PSO T=0.7,/\1 22,)\222
WOA Awoa =2, Bwoa =1, Pwoa =0.5
WOA-PSO =07, )Ll =2, )\2 =2, AWOA =2, BWOA =1, PWOA =05

The population size, maximum number of iterations, and number of independent
runs are kept consistent across the three algorithms.

Seven test functions were selected from the CEC2017 benchmark suite; details are
provided in Table 3. The test dimension is 10, with a search space of [-100, 100]P.

Table 3. Function test table.

Name Function
F5 f5(X) = 2, (x? — 10 cos(2tX;) + 10)
fs(X) =x2 (z2 — 10cos(27z;) 4 10) + f5
= g
F8 £ if %] <05

Yi= fori=12....D

round(2%;)/2 if |%;| > 0.5
z= MlAloMzTgsi(Tosz (v))
fu(x) =x2, (kaax [ak cos(27tb* (x; + 0.5))} >
Fl14 -D Zlﬁi‘gx {a cos(27tb* - 0.5)}
a=05,b=3,kmax =20

F17 fir(X) = |2 —D\ + (0552, 2+ X2, %) /D +05
F26 Fo(X) = fzo( (M)>+F6
F27 F(X) = f(M(2552)) + B
F30 Fio(X) = flo(imoool(é%—ew)) + Fo”

The algorithms are evaluated based on the best value, mean, and standard deviation.
The statistical data of the test results are summarized in Table 4, and the convergence curves
of the algorithms on the test functions are compared in Figure 5.
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Table 4. Test results.
Name Evaluation PSO WOA WOA-PSO CAW-PSO
CEC2017-F5 Best 5.0696 x 102 5.2002 x 102 5.1408 x 102 5.0498 x 102
Average 5.1817 x 102 5.5192 x 102 5.3379 x 102 5.1698 x 102
STD 8.3631 x 10° 1.8854 x 10! 1.1525 x 10! 7.6321 x 10°
CEC2017-F8 Best 8.0597 x 102 8.1315 x 102 8.1005 x 102 8.0400 x 102
Average 8.1430 x 102 8.3946 x 102 8.2463 x 10° 8.1345 x 102
STD 7.1416 x 10° 1.3217 x 10! 9.2271 x 10° 5.1017 x 10°
CEC2017-F14 Best 1.4314 x 103 1.4728 x 103 1.4679 x 103 1.4264 x 103
Average 1.4767 x 103 1.8384 x 10° 1.5211 x 10° 1.4569 x 103
STD 6.2504 x 10! 6.6097 x 102 3.3681 x 101 2.3777 x 10!
CEC2017-F17 Best 1.7080 x 103 1.7278 x 103 1.7255 x 103 1.7083 x 103
Average 1.7519 x 103 1.8040 x 103 1.7870 x 103 1.7434 x 10°
STD 3.3134 x 10! 5.4522 x 10! 5.0668 x 10 1.6538 x 10!
CEC2017-F26 Best 2.6000 x 10° 2.6093 x 10° 2.6091 x 10° 2.6000 x 103
Average 2.9623 x 103 3.3725 x 103 2.9840 x 103 2.8503 x 103
STD 2.7395 x 102 5.0544 x 102 2.8330 x 102 1.0393 x 102
CEC2017-F27 Best 3.0946 x 103 3.0931 x 103 3.0923 x 103 3.0911 x 103
Average 3.1138 x 103 3.1398 x 103 3.1235 x 103 3.0998 x 103
STD 2.8241 x 10! 4.6336 x 10! 3.5436 x 10 1.0002 x 10!
CEC2017-F30 Best 7.2095 x 103 42897 x 10° 49734 x 103 4.8946 % 103
Average 25227 x 10° 8.5997 x 10° 4.7330 x 10° 8.7958 x 104
STD 4.0853 x 10° 8.6233 x 10° 5.2130 x 10° 2.1363 x 10°
(a) (b) (c)

Number of iterations

(d)

10%

107

Fitness value

)

Number of iterations

(e)

Number of iterations

()

0 200 400 600 800 1000
Number of iterations

(8

Figure 5. Comparison of convergence curves of the algorithms on the test functions: (a) F5; (b) FS8;
(c) F14; (d) F17; (e) E26; (f) F27; (g) F30.
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Based on the test results, compared with the PSO, WOA, and WOA-PSO, the CAW-
PSO achieves the best values closer to the true solution and exhibits higher convergence
accuracy. Furthermore, it exhibits smaller mean values and standard deviations, indicating
greater consistency across multiple independent runs and improved algorithmic stability.
In terms of optimization performance and result stability, results indicate that the CAW-PSO
is superior to PSO, WOA, and WOA-PSO.

In Figure 5, PSO, WOA, and WOA-PSO rapidly converge by getting trapped in
local optima. The CAW-PSO algorithm exhibits multiple decreases during the iteration
process, gradually approaching the optimal solution and ultimately converging to the global
optimum. This indicates that the CAW-PSO algorithm can effectively avoid local optima.

4.2. Simulation Results and Analysis

In this study, the SIASUN GCR16-2000 robotic arm model introduced in Section 2 is
employed for simulation analysis, comparing the optimization results of the CAW-PSO,
PSO, WOA, and WOA-PSO.

Four path points of the robotic arm end-effector are defined as follows: starting point
Q1 (—466.6, —136.8, 402.5); end point Q4 (63.2, 1173.5, 1851.9); waypoints Q (—93.9, 815.1,
818.3) and Q3 (—17.3, 686.1, 1813.5), unit: millimeter. Q; and Q4 determine the starting and
ending points of the manipulator motion, respectively, while Q, and Q3 are located at the
turning points where the trajectory changes. The spatial distribution of the path points is
shown in Figure 6. Based on the inverse kinematics solution of the robot, the joint angles
corresponding to the four path points are obtained, as detailed in Table 5.

Q4

Figure 6. Spatial distribution of path points.

Table 5. Inverse kinematics solutions for path points.

Joint/p Q1/(rad) Q,/(rad) Qs/(rad) Q,/(rad)
1 3.056 1.478 1.321 1.364
2 0.293 —0.041 —0.201 0.426
3 2.783 2.229 1.186 0.448
4 —3.068 —2.181 —-0.977 —1.163
5 —1.431 —1.515 —1.355 —1.409
6 —0.121 —0.119 —0.12 1.545

The population size is 50, with a maximum of 200 iterations. The maximum velocity
and acceleration are 4 m/s and 4 m/s?, respectively. The total time before optimization
is 12 s. Using the MATLAB simulation environment, the optimization performance of the
CAW-PSO, PSO, WOA, and WOA-PSO is comparatively analyzed for the time-optimal
trajectory planning problem.
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The optimization results for each joint are presented in Table 6. Comparison of
optimization performance for Joint 1 shows that the CAW-PSO algorithm improves by
13.19% over PSO, by 1.11% over WOA and by 3.14% over WOA-PSO. The CAW-PSO
algorithm improves by 4.88% over PSO, by 1.11% over WOA and by 11.41% over WOA-
PSO for Joint 2. Comparison of optimization performance for Joint 3 shows that the
CAW-PSO algorithm improves by 11.65% over PSO, by 4.02% over WOA and by 2.32%
over WOA-PSO. The CAW-PSO algorithm improves by 17.98% over PSO, by 1.98% over
WOA and by 12.41% over WOA-PSO for Joint 4. Comparison of optimization performance
for Joint 5 shows that the CAW-PSO algorithm improves by 11.03% over PSO, by 6.63%
over WOA and by 16.55% over WOA-PSO. The CAW-PSO algorithm improves by 7.45%
over PSO, by 4.24% over WOA and by 2.35% over WOA-PSO for Joint 6.

Table 6. Optimization performance of each joint.

Joint/p PSO WOA WOA-PSO CAW-PSO
1 2.1506 1.8897 1.9369 1.8670
2 1.9829 1.8573 1.9941 1.7666
3 2.6084 2.4011 2.3593 2.3045
4 2.7228 2.2784 2.5496 2.2333
5 0.8185 0.7799 0.8726 0.7282
6 1.7747 1.7153 1.6821 1.6425

The convergence curve comparison for each joint is shown in Figure 7, and the overall
convergence curve comparison of all joints is presented in Figure 8. In Figure 7, curves of
different colors represent the convergence processes of each joint under different algorithms.

. . 4.5
4.5 —PSO —PSO s
=—CAW-PSO =—CAW-PSO
4 WOA 4 WOA 4.5
|=WOA-PSO =—WOA-PSO
035 035 § 4
2 3 2 3 3
5 3 9]
g £ g
=oas =os = 3
Pl 5 25
I3 15 % 50 100 150 200
0 50 100 150 200 0 50 100 150 200 ) X
Number of iterations Number of iterations Number of iterations
(@ (b) (0)
4.5 35 [ 4 h
—PSO =PSO —PsO
~—TWPSO —TWPSO —CAW-PSO!
WOA 3 WOA 35 WOA
4 —WOA-PSO {—=WOA-PSO| 33 —WOA-PSO
2 s
.5 g2 R
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25 L 2
1 \
e s —
2 0.5 L5
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Figure 7. Joint optimization comparison: (a) Joint 1; (b) Joint 2; (c) Joint 3; (d) Joint 4; (e) Joint 5;
(f) Joint 6.

In comparison to PSO, WOA, and WOA-PSO, the CAW-PSO shows a smoother gradi-
ent descent in its convergence curve, attains a lower terminal value, and achieves better
optimization performance.
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For the overall optimization of joints, the optimized fitness value of CAW-PSO is 1.757,
while those of PSO, WOA, and WOA-PSO are 2.010, 1.820, and 1.818, respectively. The
CAW-PSO algorithm improves by 12.59% over PSO, by 3.46% over WOA, and by 3.36% over
WOA-PSO. As shown in Figure 8, the optimization performance of CAW-PSQO is the best.

4

==PSO
==CAW-PSO

3.5

Fitness value

‘\\

0 50 100 150 200
Number of iterations

Figure 8. Overall convergence curve comparison.

The above results indicate that the CAW-PSO algorithm is superior to the PSO, WOA,
and WOA-PSO algorithms, showing better convergence performance and stability.

Figure 9 presents a comparison of trajectories, where (a), (c), and (e) depict the joint
motion curves obtained through 3-5-3 polynomial interpolation, while (b), (d), and (f)
represent the joint motion curves optimized by the CAW-PSO algorithm. After optimizing
by the CAW-PSO algorithm, the joint motion time decreased from 12 s to 3.661 s, reducing
by 69.94%. The start and end positions of the trajectory curves remained unchanged before
and after optimization, while the velocities and accelerations of each joint were significantly
improved after optimization. The CAW-PSO algorithm greatly reduced the motion time,
enhancing the efficiency of the cleaning operation. Simulation results demonstrate the
effectiveness of the CAW-PSO algorithm.
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Figure 9. Comparison of trajectory curves: (a) Unoptimized position curves; (b) Position curves
after CAW-PSO optimization; (c) Unoptimized velocity curves; (d) Velocity curves after CAW-PSO
optimization; (e) Unoptimized acceleration curves; (f) Acceleration curves after CAW-PSO optimization.

https://doi.org/10.3390/s26051722


https://doi.org/10.3390/s26051722

Sensors 2026, 26, 1722

18 of 21

4.3. Experimental Verification on Actual Equipment

Cleaning logic setup: The robotic arm moves from the start-up position to the cleaning
start point, performing the cleaning task. After completing the task, it moves to a temporary
standby position to prepare for the next cleaning operation. Upon completing all cleaning
tasks, the robotic arm returns to the start-up position.

The experimental setup is shown in Figure 10. The experimental setup consists of a
host computer, a collaborative robot, luminaires, and an integrated control cabinet. The
integrated control cabinet houses the controller, Ethernet cable, relay, and power supply.

SIASUN GCR16-2000 Ethernet cable

collaborative robot

Integrated cabinet

Lighting fixture

Robot controller  Power supply

(@) (b)

Figure 10. Experimental setup: (a) Experimental platform layout; (b) Internal layout of the integrated
control cabinet.

After optimization by the CAW-PSO algorithm, the optimized trajectory key points
are sent to the STASUN GCR16-2000 collaborative robot controller via the host computer,
commanding the robot to move to the cleaning start point. The cleaning operation is
simulated, moving to the standby position. The robot executes five times, and the runtime
of each run is recorded in Table 7. The operating state of the robotic arm is monitored
through the interface shown in Figure 11. The entire motion process is illustrated in
Figure 12. Compared with the simulation time, the relative errors of the five experimental
runs are 0.22%, 0.33%, 1.64%, 2.24%, and 1.37%, respectively, with a mean relative error
of 1.16%. The experimental results show good agreement with the simulation results,
indicating that the CAW-PSO algorithm achieves satisfactory optimization performance. In
the motion process, no error messages are generated in the monitoring interface shown in
Figure 11, indicating that no fault alarms are triggered. The variations in joint angles in
Figure 11 do not exceed the hardware limits of the robot, suggesting that no abrupt changes
occur in velocity or acceleration. The real-world experiments fully confirm the feasibility of
the CAW-PSO algorithm.

Table 7. Robot motion time.

Number of Experiments 1 2 3 4 5
Runtime/s 3.669 3.673 3.721 3.743 3.711
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A2Eoeool Log

Operating state

¥

(e)

Figure 12. Experimental process: (a) Start-up point; (b) Path point 1; (c) Path point 2; (d) Cleaning
start point; (e) Cleaning end point; (f) Temporary standby point.

The proposed CAW-PSO algorithm is suitable for solving the trajectory planning prob-
lem of tunnel luminaire cleaning robotic manipulators, but it may not be directly applicable
to other domains. The CAW-PSO algorithm can effectively escape local optima, but it
requires more computational resources. Due to joint friction in the robotic manipulator, the
actual motion time does not reach the simulation result.

5. Conclusions

This paper proposes an improved particle swarm optimization algorithm (CAW-PSO).
Trajectory construction is performed by 3-5-3 polynomial interpolation to implement time-
optimal trajectory planning for the tunnel lighting cleaning robot arm. The purpose is
to reduce the motion time of the robot arm. The improvements include: first, the tent
chaotic map is introduced to improve population quality; second, a linearly decreasing
inertia weight is designed, balancing global and local search; next, dynamic learning factors
are defined, improving the individual learning and global cognition of particles; finally,
the optimization mechanism of the WOA is integrated to escape local optima, increasing
convergence accuracy.
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Seven test functions are selected from the CEC2017 benchmark suite to compare
algorithm performance. The test results demonstrate that CAW-PSO excels over PSO,
WOA, and WOA-PSO when addressing both simple and complex problems. Simulation
comparisons and real-world experiments are conducted. After optimization by the CAW-
PSO algorithm, the motion time was reduced by 69.49%, decreasing from 12 s to 3.661 s. In
the optimization of robot arm joints, the CAW-PSO algorithm improves by 12.59% over
PSO, by 3.46% over WOA, and by 3.36% over WOA-PSO. In the operation of the STASUN
GCR16-2000 physical robot, no errors are reported, the emergency stop is not triggered,
and no sudden changes occurred in velocity or acceleration. The mean relative error of the
actual runtime is 1.16%, the experimental results are in good agreement with the simulation
results. The effectiveness and feasibility of CAW-PSO have been validated in the field of
trajectory planning for tunnel lighting cleaning robots.

In future work, more advanced optimization mechanisms will be investigated to
reduce computational resource consumption and lower computational costs. In trajectory
planning, energy optimization is incorporated to reduce the energy consumption of the
robotic manipulator during task execution and improve the overall system efficiency.
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