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Abstract: To achieve time–energy–impact multi-objective optimization in the trajectory
control of underwater manipulators, this paper proposes a Fast Non-Dominated Sorting
Tuna Swarm Optimization algorithm (FNS-TSO). The algorithm integrates a fast non-
dominated sorting mechanism into the Tuna Swarm Optimization algorithm, improves
initialization through Optimal Latin Hypercubic Sampling (OLHS) to enhance population
distribution uniformity, and incorporates a nonlinear dynamic weight to refine the spiral
foraging strategy, thereby strengthening algorithmic robustness. To verify FNS-TSO’s
effectiveness, we conducted comparative evaluations using standard test functions against
three established algorithms: Multi-Objective Particle Swarm Optimization (MOPSO),
Multi-Objective Jellyfish Search Optimization (MOJSO), and the Non-Dominated-Sorting
Genetic Algorithm (NSGA-II). Results demonstrate superior overall performance, particu-
larly regarding convergence speed and solution diversity, with solution set distributions
showing enhanced uniformity. In practical implementation, we applied FNS-TSO to the
multi-objective optimization of an underwater manipulator using quintic spline curves for
trajectory planning. Simulation outcomes reveal respective reductions of 11.03% in total
operation time, 19.02% in energy consumption, and 24.69% in mechanical impacts, with
the optimized manipulator achieving stable point-to-point motion transitions.

Keywords: multi-objective optimization; Fast Non-Dominated-Sorting Tuna Swarm
Optimization (FNS-TSO); underwater manipulator; optimal Latin hypercubic sampling;
nonlinear dynamic weight

1. Introduction
The optimization algorithm is a mathematical technique for determining the opti-

mal solution to a problem given constraints or limitations. In contemporary research, a
wide range of disciplines, including prediction, control, and mechanical systems, employ
optimization methodologies. Current research on optimization algorithms focuses on
achieving optimal solutions with minimal computational time and resources while bal-
ancing global and local search capabilities. Early-stage optimization algorithms require
significant computational resources and labor and suffer from issues such as overreliance
on initial solutions and local minima stagnation [1,2]. Furthermore, most real-world models
requiring optimization exhibit complex constraints, high-dimensional decision variables,

J. Mar. Sci. Eng. 2025, 13, 916 https://doi.org/10.3390/jmse13050916

https://doi.org/10.3390/jmse13050916
https://doi.org/10.3390/jmse13050916
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/jmse
https://www.mdpi.com
https://orcid.org/0000-0001-5509-4022
https://orcid.org/0000-0002-2733-5770
https://doi.org/10.3390/jmse13050916
https://www.mdpi.com/article/10.3390/jmse13050916?type=check_update&version=3


J. Mar. Sci. Eng. 2025, 13, 916 2 of 29

and pronounced nonlinear properties, posing challenges for effective algorithmic solu-
tions [3,4]. Consequently, researchers have proposed metaheuristic algorithms to address
the complexity and computational challenges of optimization processes.

Typically, metaheuristic algorithms fall into three categories [5]: evolution-based
algorithms, physics-based algorithms, and population-based algorithms. Among these,
evolution-based algorithms draw inspiration from natural evolution. The most prominent
example is the Genetic Algorithm (GA), proposed by Holland in 1992, which implements
Darwinian evolutionary theory [6]. Physics-based algorithms emulate physical laws; the
classic example is the Simulated Annealing Algorithm (SA), proposed by Kirkpatrick et al.
in 1983 [7]. SA models the metallurgical annealing process and probabilistically accepts sub-
optimal solutions to escape local optima. Currently, the most popular and rapidly evolving
stochastic algorithms are population-based algorithms, which mimic collective behaviors in
biological populations. Two classical examples are Particle Swarm Optimization (PSO) [8]
(Kennedy et al., 1995) and Ant Colony Optimization (ACO) [9] (Dorigo et al., 2006). PSO
simulates avian flocking behavior, while ACO emulates ant foraging strategies. Subsequent
developments have produced algorithms such as the Krill Herd Algorithm (KH) [10], Gray
Wolf Optimization (GWO) [11], the Whale Optimization Algorithm (WOA) [12], Tuna
Swarm Optimization (TSO) [13], and Hippopotamus Optimization (HO) [14]. These al-
gorithms are valued for their model independence, gradient-free operation, robust global
search capability, versatility, and computational efficiency [15].

Most engineering problems require multi-objective rather than single-objective op-
timization. For example, an underwater manipulator operates as a multibody dynamic
system that simultaneously requires optimization of joint kinematics, motion duration,
energy consumption, and vibration suppression. In nonlinear multi-objective optimiza-
tion, conflicting objectives often arise where some functions require maximization while
others necessitate minimization. Unlike single-objective problems, the solution involves
identifying Pareto-optimal solutions that represent the best achievable trade-offs between
competing objectives. Consequently, developing robust multi-objective optimization algo-
rithms constitutes the current research frontier in this field.

Currently, researchers primarily employ Pareto dominance and non-dominated sort-
ing mechanisms to enhance single-objective optimization algorithms for multi-objective
optimization. The most widely used algorithms include Multi-Objective Particle Swarm
Optimization (MOPSO) [16,17], proposed by Coello et al., which integrates Pareto dom-
inance into Particle Swarm Optimization (PSO) to handle multi-objective problems; the
Non-Dominated Sorting Genetic Algorithm (NSGA) [18], developed by Deb and Srinivas
using non-dominated sorting to upgrade single-objective algorithms; NSGA-II [19], an
improved version by Deb et al. featuring a computationally efficient fast non-dominated
sorting mechanism; other variant algorithms, such as Multi-Objective Gray Wolf Opti-
mization (MOGWO) [20], the Non-Dominated Sorting Whale Optimization Algorithm
(NSWOA) [21], the Multi-Objective Whale Optimization Algorithm (MOWOA) [22], Non-
Dominated Sorting Gray Wolf Optimization (NSGWO) [23], the Multi-Objective Jelly-
fish Search Optimizer (MOJSO) [24], and Multi-Objective Tuna Swarm Optimization
(MOTSO) [25]. However, existing multi-objective algorithms exhibit limitations in universal
applicability. The No-Free-Lunch Theorem motivates researchers to develop novel meta-
heuristics or refine existing algorithms for domain-specific optimization challenges [26].

At present, numerous researchers have optimized manipulator trajectories using
multi-objective optimization algorithms. Huang et al. [27] employed the Multi-Objective
Particle Swarm Optimization (MOPSO) method to solve an objective function compris-
ing motion time, dynamic perturbation, and acceleration, obtaining an efficient and safe
motion trajectory for a space robot. Marcos et al. [28] combined the closed-loop pseudo-
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inverse method with a Multi-Objective Genetic Algorithm (MOGA) to minimize joint
displacements and end-effector position errors. Zhou et al. [29] proposed a time-optimal
trajectory planning method for manipulators based on an improved butterfly algorithm.
Yang et al. [30] developed a time-optimal trajectory planning method using the Marine
Predators Algorithm (MPA) to satisfy the high-efficiency and high-precision operational
requirements of manipulators. Additionally, other scholars have utilized and enhanced
NSGA-II for manipulator trajectory optimization [31–34]. Due to the more complex work-
ing environments and the need to maintain stable and efficient operations, underwater
manipulators face more challenging trajectory control compared to their land-based coun-
terparts. Consequently, optimization outcomes for time, energy, and impact must meet
stricter criteria. It is therefore insufficient to address underwater manipulators’ operational
requirements by optimizing solely time or individual objective functions. The Tuna Swarm
Optimization (TSO) algorithm exhibits rapid convergence, high solution accuracy, and
excellent flexibility and scalability. It has been successfully applied to diverse optimization
problems, including wind turbine fault classification [35], autonomous underwater vehicle
path planning [36], Unmanned Aerial Vehicle (UAV) path planning [37], and other domains
with demonstrated efficacy.

Therefore, in this paper, the Fast Non-Dominated Sorting Tuna Swarm Optimization
algorithm (FNS-TSO) is proposed by improving the TSO algorithm and is used to optimize
the trajectory of an underwater manipulator. The main novel contributions of this study
are as follows: 1. integrating the fast non-dominated sorting mechanism into the TSO algo-
rithm; 2. improving the initialization of FNS-TSO by Optimal Latin Hypercube Sampling;
3. designing a nonlinear dynamic weight to improve the convergence and robustness of the
FNS-TSO algorithm.

This paper is structured as follows: Section 2 introduces the proposed FNS-TSO algo-
rithm. Section 3 presents a comparative analysis of the standard test function optimization
results. Section 4 demonstrates the algorithm’s application in underwater manipulator
trajectory optimization. Section 5 summarizes the key findings and provides actionable
recommendations for future research.

2. Fast Non-Dominated Sorting Tuna Swarm Optimization (FNS-TSO)
The Tuna Swarm Optimization (TSO) algorithm is a new population-based meta-

heuristic optimization algorithm proposed by Xie et al. in 2021 [13], based on modeling two
foraging behaviors (spiral foraging and parabolic foraging) of tuna swarms. This section
focuses on the improvements made to the TSO algorithm and does not provide a detailed
description of the underlying algorithm.

2.1. Optimal Latin Hypercube Sampling Initialization Strategy

Latin Hypercubic Sampling (LHS) is a stratified sampling technique for approximate
random sampling from multivariate parameter distributions, first proposed by McKay
et al. [38] and widely applied in multidisciplinary fields.

Following Mckay et al. in 1979 [38], let A = (aik) be a Latin hypercube of n runs for
q factors that is a n × q matrix where each column is obtained as a uniform permutation
on Zn(a1k, a2k, · · · , ank) and these columns are obtained independently. A n × q Latin
hypercube design D based on A is generated through [38]:

Xik = (aik − uik)/n, (i = 1, 2, · · · , n, k = 1, 2, · · · , q) (1)

Specific explanations are provided in Appendix A.1.
Stratifying the input probability distribution is fundamental to Latin Hypercube

Sampling. On the cumulative probability scale (0 to 1.0), this method divides the cumulative
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distribution curve into equal intervals. A random sample is then selected from each stratum
(or interval) of the input distribution.

The cumulative probability distribution function curve is separated into three inter-
vals, as illustrated in Figure 1. One sample is drawn from each interval, and the interval is
excluded from subsequent sampling once sampled. In practical applications, this approach
proves efficient because the samples can more accurately reflect input probability distribu-
tions, avoiding the “clustering” phenomenon that may occur with small sample sizes.

J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW 4  of  33 

Stratifying  the  input  probability  distribution  is  fundamental  to  Latin Hypercube 

Sampling. On the cumulative probability scale (0 to 1.0), this method divides the cumula-

tive distribution curve into equal intervals. A random sample is then selected from each 

stratum (or interval) of the input distribution. 

The cumulative probability distribution function curve is separated into three inter-

vals, as illustrated in Figure 1. One sample is drawn from each interval, and the interval 

is excluded from subsequent sampling once sampled. In practical applications, this ap-

proach proves efficient because the samples can more accurately reflect input probability 

distributions, avoiding the “clustering” phenomenon that may occur with small sample 

sizes. 

Figure 1. Latin Hypercube Sampling. 

The optimal design used in this paper is called a maximin distance design if it max-

imizes the minimum inter-site distance [39]: 

1 , ,
min ( , )i j
i j n i j

d
  

x x (2)

1/

1

( , ) , 1 2

ttm

i j ij ik jk
k

d d x x t or


 
    

  
x x   (3)

Specific explanations are provided in Appendix A.1. 

The random populations produced by the Rand function, Latin Hypercube Sampling 

(LHS), Tent Chaotic Mapping, and Optimal Latin Hypercube Sampling (OLHS) are com-

pared in this paper. 

Figure 2 demonstrates that, in contrast to the initial population generated by Optimal 

Latin Hypercubic Sampling (OLHS), populations generated by the Rand function, Latin 

Hypercubic Sampling (LHS), and Tent Chaotic Mapping exhibit uneven distribution pat-

terns such as aggregation and over-dispersion. 

Figure 1. Latin Hypercube Sampling.

The optimal design used in this paper is called a maximin distance design if it maxi-
mizes the minimum inter-site distance [39]:

min
1≤i,j≤n,i ̸=j

d(xi, xj) (2)

d(xi, xj) = dij =

[
m

∑
k=1

∣∣∣xik − xjk

∣∣∣t]1/t

, t = 1 or 2 (3)

Specific explanations are provided in Appendix A.1.
The random populations produced by the Rand function, Latin Hypercube Sam-

pling (LHS), Tent Chaotic Mapping, and Optimal Latin Hypercube Sampling (OLHS) are
compared in this paper.

Figure 2 demonstrates that, in contrast to the initial population generated by Opti-
mal Latin Hypercubic Sampling (OLHS), populations generated by the Rand function,
Latin Hypercubic Sampling (LHS), and Tent Chaotic Mapping exhibit uneven distribution
patterns such as aggregation and over-dispersion.

Introducing Optimal Latin Hypercubic Sampling (OLHS) into the initialization func-
tion of the algorithm, a new initialization equation is obtained as follows:

Xint
i = OLHS·(ub − lb) + lb, i = 1, 2, · · · , N (4)

where OLHS is a collection of random vectors produced by Optimal Latin Hypercube
Sampling, ub is the upper boundaries of the search space, lb is the lower boundaries of the
search space, N is the number of tuna populations.
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2.2. Improved Spiral Foraging Strategy

To enhance the global exploration capability of the TSO algorithm during the initial
phase, prevent falling into local optima, and enable the algorithm to converge rapidly in
the later search stages, we propose introducing nonlinear dynamic weights to improve
the original spiral foraging strategy. As the weight of the random term increases, the
tuna swarm can traverse the search space more effectively, thereby enhancing exploration.
Similarly, increasing the weight of the optimal term strengthens exploitation performance.
The equation for the improved spiral foraging strategy is as follows:

Xt+1
i = c1 Xt+1

i

∣∣∣
rand

+ c2 Xt+1
i

∣∣∣
best

(5)

 c1 = c1ini − (c1ini − c1 f in)sigmoid
(

t×∆s
tmax

− smax

)
c2 = c2ini − (c2ini − c2 f in)sigmoid

(
t×∆s
tmax

− smax

) (6)

where Xt+1
i

∣∣∣ is the i-th individual of the t + 1-th iteration, Xt+1
i

∣∣∣
rand

is randomized spiral

foraging, Xt+1
i

∣∣∣
best

is optimal spiral foraging, c1 and c2 are nonlinear dynamic weighting
coefficients, c1ini denotes the initial value of c1, c1 f in denotes the final value of c1, c2ini

denotes the initial value of c2, c2 f in denotes the final value of c2, t and tmax are the current
iteration number and the maximum iteration number, respectively, and ∆s = smax − smin,
smax and smin are control parameters that control the rate of change in the weights, and
different problems can try to select different combinations of smax and smin to obtain a
better solution. The weight control parameter (smax, smin) used in this paper is (6,−4). The
variation curve of nonlinear dynamic weights with the number of iterations is shown in
Figure 3.

The schematic illustrates how the random term serves as the dominant component in
the early stages of the iteration to enhance the tuna swarm’s exploration capability. The
optimal term becomes the dominant factor in the later stages of the iteration, improving
the algorithm’s convergence performance.
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2.3. Fast Non-Dominated Sorting Mechanism

Domination in optimization problems means that a particular solution xi is non-
inferior to xj on the objective function in N dimensions and superior to xj in at least one
dimension. Therefore, the relationship between the two can be called: xi dominates xj,
denoted as xi ≻ xj (maximization problem). If there is no ∀xj that is better than xi, then
mark xi as a non-dominant individual (i.e., none is better than xi under the N-dimensional
objective function).

Non-dominated sorting is based on the dominance level to rank the Pareto-optimal
solution and is assigned a rank based on its ability. A solution is referred to as Rank 1
when it is not dominated by other solutions, a solution dominated by only one solution
is referred to as Rank 2, and a solution dominated by only two solutions is referred to as
Rank 3, and so on.

As shown in Figure 4, Rank 1 represents the first Pareto front, and Rank 2 represents
the second Pareto front, where any solution in the first front dominates all solutions in the
second front. This process classifies solution sets with identical objective function values
into distinct Pareto fronts. Non-dominated sorting typically requires o(mN3) computational
complexity (where m denotes the number of objective functions and N the population size),
with the computational cost scaling proportionally to both parameters.
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Fast non-dominated sorting [19] overcomes the shortcomings of excessive search itera-
tions in conventional non-dominated sorting and reduces the computational complexity of
the process, thereby decreasing the optimization algorithm’s complexity to o(mN2).

2.4. Crowding Distance and Crowding Comparison Operators

Lower crowding distances correspond to higher solution density and enhanced ex-
ploratory coverage, which mitigates premature convergence to local optima. Conversely,
solutions with lower density indicate underutilized regions in the search space, suggesting
continued exploration potential. To preserve solution diversity, individuals exhibiting
larger crowding distances are prioritized during the subsequent selection phase.

Crowding distance is a measure of how densely packed the solutions are around each
solution. As shown in Figure 5, this value represents the perimeter of the rectangle formed
by the nearest solutions as vertices. The diversity of the population is maintained by the
crowding distance [19].
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Specific calculation steps:
1⃝ Initialize the crowding distance for each point: id = 0;
2⃝ Non-dominated sorting of the population such that the 2-individual crowding

distance at the boundary is infinity, i.e.,: Id = Fd = ∞;
3⃝ Crowding distance was calculated for the remaining (i − 2) individuals:

id =
m

∑
j=1

(

∣∣∣∣∣ f i+1
j − f i−1

j

f max
j − f min

j

∣∣∣∣∣) (7)

where id denotes the crowding distance at point i, f i+1
j denotes the j-th objective function

value at point i + 1, and f i−1
j denotes the j-th objective function value at point i − 1.

Crowding Comparison Operator: the premise of the comparison operator is that
after the computation of the fast non-dominated sorting and the crowding distance, each
individual i in the population has two attributes: the non-dominated rank irank obtained
from the non-dominated sorting and the crowding distance id.

Based on these two properties, we can then define the congestion comparison oper-
ator: compare individual i with individual j. Individual i wins if either of the following
conditions holds.
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1⃝ irank < jrank; individual i is in a better non-dominant rank than individual j. The
selected individual belongs to the better non-dominant rank.

2⃝ irank = jrank ∩ id > jd; individual i and individual j have the same rank, but
individual i has a greater crowding distance. That is, the individual in the less crowded
region is selected.

In summary, this paper proposes the following improvements to the TSO algorithm
as shown in Figure 6: Optimized Latin Hypercubic Sampling (OLHS) replaces the random
function for population initialization, enhancing population distribution uniformity; a dy-
namic weighting coefficient improves the spiral foraging strategy, further balancing the
“exploration” and “exploitation” trade-off while enhancing algorithmic robustness; and incor-
porating the fast non-dominated sorting mechanism with the crowding distance mechanism
lowers computational complexity and yields a multi-objective variant of the algorithm.
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2.5. Basic Work of the FNS-TSO Algorithm

The operational framework of the FNS-TSO algorithm is structured into four phases:
Phase 1: The tuna population is initialized, and the fitness of the tuna swarm positions is
calculated based on the objective function. Phase 2: The positions of the tuna swarms are
updated through spiral or parabolic motion patterns. With equal probability (50%), the
swarm follows either a spiral or parabolic path during optimization, thereby determining
the next candidate positions. Phase 3: The FNS-TSO algorithm maintains the best Pareto
solutions in an archive and allows dynamic adjustment of solutions during iterations. If the
archive reaches capacity (exceeding a user-defined threshold), non-dominated solutions
with larger crowding distances are selectively retained based on the crowding distance
mechanism. Phase 4: Iteration termination: The search systematically terminates in un-
certain search spaces when the maximum iteration threshold enforces convergence to the
optimum. The FNS-TSO workflow is illustrated in Figure 7.
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3. Analysis of Test Function Results
3.1. Test Functions and Algorithm Parameters

To validate the performance of the FNS-TSO algorithm, it was tested on nine different
multi-objective functions, including seven 2-objective test functions (ZDT1, ZDT2, ZDT3,
ZDT4, ZDT6, Schaffer, and Kursawe) and two 3-objective test functions (Viennet2 and
Viennet3). Test functions such as the ZDT series, Schaffer function, and Viennet series
are core tools for optimization algorithm validation due to their standardized design,
diversity of challenge coverage (e.g., multimodal landscapes, non-convex fronts, conflicting
objectives), and scalability. Algorithms such as MOPSO, NSGA-II, and MOJSO were also
tested to analyze their performance in generating diverse Pareto fronts. See Appendix A.2
for details of the test functions.

Each algorithm was run independently 30 times. And the parameters of the FNS-TSO,
MOPSO, MOJSO, and NSGA-II algorithms are shown in Table 1. The setting of relevant
parameters is based on the literature and practical experience. The test conditions of
the algorithms are set as follows: Maxiter = 100 is the maximum number of iterations,
Npop = 150 is the number of populations, and Nr = 200 is the archive size. c is the
coefficient that controls the movement of the tuna swarm to its optimal or previous position;
z is the probability that the FNS-TSO randomly performs the Optimal Latin hypercube
initialization. When the value of c is large, the tuna population tends to swim to the optimal
position and the results obtained will be more accurate; the smaller the value of z, the
smaller the probability that the population will undergo initialization and the better the
performance of the iteration. smax and smin are control parameters that control the rate of
change of the weights.
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Table 1. Algorithm parameter settings.

Algorithm FNS-TSO MOPSO MOJSO NSGA-II

Parameters

Maxiter = 100 Maxiter = 100 Maxiter = 100 Maxiter = 100
Npop = 150 Npop = 150 Npop = 150 Npop = 150
Nr = 200 Nr = 200 Nr = 200 Nr = 200
c = 0.7 c1 = 1 C0 = 0.5 pc = 0.7

z = 0.05 c2 = 2 pmu = 0.4
smax = 6 ω = 0.7 mu = 0.02

smin = −4 mu = 0.5 σ = 0.2

3.2. Evaluation Metrics for Algorithms

Regarding performance metrics, we employ evaluation indicators including Inverted
Generational Distance (IGD) [40], Hypervolume (HV) [41], and Spacing (SP) [17,42] to
compare algorithmic convergence and robustness among different methods.

The Inverted Generational Distance (IGD) represents the average distance from each
reference point to the nearest solution. A smaller IGD value indicates better algorithm
convergence and diversity, and its mathematical expression is expressed as follows:

IGD =

√
n
∑

i=1
di

2

n
(8)

Specific explanations are provided in Appendix A.1.
The Hypervolume (HV) represents the volume of the region in the objective space

enclosed by the set of non-dominated solutions generated by the algorithm and a reference
point. A higher HV value indicates broader coverage of the algorithm’s solution set, as
well as superior overall performance; its mathematical expression is:

HV = δ(∪|S|
i=1vi) (9)

Specific explanations are provided in Appendix A.1.
The Spacing (SP) metric quantifies the standard deviation of minimum distances

between each solution and all other solutions in the set. A lower SP value corresponds
to a more uniform distribution of globally optimal non-dominated solutions, with its
mathematical formulation expressed as:

SP =

√
1

m − 1

m

∑
i=1

(
d − di

)2
(10)

di = minj(
∣∣∣ f i

1(
→
x )− f j

1(
→
x )

∣∣∣+ ∣∣∣ f i
2(

→
x )− f j

2(
→
x )

∣∣∣), i, j = 1, 2, · · · , n (11)

Specific explanations are provided in Appendix A.1.
The performance test results of IDG, HV, and SP on ZDT-series test functions, including

Schaffer, Kursawe, Viennet2, and Viennet3, are shown in Figures 8–16. Among them,
Figures 8, 11 and 14 show the maximum values of the evaluation metrics; Figures 9, 12
and 15 show the minimum values of the evaluation metrics; and Figures 10, 13 and 16 show
the average values of the evaluation metrics.
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3.2.1. Analysis of Results for IGD

As shown in Figures 8–10, the IGD metric of FNS-TSO achieves the lowest values on
test functions ZDT1, ZDT2, ZDT3, ZDT4, Schaffer, Kursawe, Viennet2, and Viennet3, with
average reductions of 49.13%, 32.22%, 53.51%, 98.49%, 8.74%, 28.70%, 14.00%, and 39.98%
compared to the suboptimal algorithm. In ZDT6 test results, FNS-TSO’s average IGD value
was higher than only MOPSO (2.54 times MOPSO’s average) but exhibited 55.96% and
93.33% lower IGD values than MOJSO and NSGA-II, respectively. MOPSO demonstrated
superior performance in the ZDT6 test. These IGD comparisons indicate that FNS-TSO
outperforms other algorithms in both convergence and diversity.

3.2.2. Analysis of Results for HV

As shown in Figures 11–13, FNS-TSO achieved the highest Hypervolume (HV) values
on test functions ZDT1, ZDT4, and Schaffer, exceeding suboptimal results by factors of
1.0033, 1.0114, and 1.005, respectively. For minimum HV metrics, FNS-TSO demonstrated
superiority on ZDT1, ZDT3, ZDT4, Schaffer, and Viennet3, outperforming suboptimal
algorithms by 1.0110, 1.0131, 5.2603, 1.0006, and 1.0006 times, respectively. Regarding
average HV performance, FNS-TSO attained optimal values on ZDT1, ZDT4, Schaffer,
and Viennet3, surpassing suboptimal solutions by 1.0103, 1.9729, 1.0003, and 1.0005 times,
respectively. Conversely, suboptimal performance was observed for ZDT2 and ZDT3,
with HV values 0.36% and 0.123% lower than the optimal algorithm. These HV metric
comparisons conclusively demonstrate FNS-TSO’s overall performance advantage over
competing algorithms.

3.2.3. Analysis of Results for SP

From Figures 14–16, the data demonstrate that the SP metric of FNS-TSO achieves
the lowest values on test functions ZDT1, ZDT2, ZDT3, ZDT4, Kursawe, Viennet2, and
Viennet3, with average values 41.25%, 38.41%, 32.44%, 51.14%, 58.80%, 9.92%, and 24.68%
lower than suboptimal algorithms, respectively. On the Schaffer test function, although FNS-
TSO’s minimum SP value represents a suboptimal result (1.03× the optimal algorithm’s
value), its average value remains superior, outperforming the suboptimal algorithm by
9.40%. These results indicate that FNS-TSO exhibits superior convergence across multiple
benchmark functions. However, FNS-TSO underperformed in the ZDT6 test, exhibiting an
average value 2.33× higher than the optimal algorithm, where MOJSO demonstrated the
best performance. SP metric analysis confirms that FNS-TSO’s solution set demonstrates
both enhanced uniformity and strong convergence characteristics.

3.3. Stability Analysis

In this paper, to validate that the performance differences among the algorithms are
inherent rather than caused by random errors, the variance and standard deviation of the
FNS-TSO algorithm for individual evaluation metrics are calculated to assess algorithmic
stability and robustness. Comparative variance plots of the MOJSO, MOPSO, NSGA-II,
and FNS-TSO algorithms are generated to verify the stability of the experimental data.

The variance and standard deviation of each evaluation metric (IGD, HV, SP) for the
FNS-TSO algorithm are shown in Tables 2 and 3. The data reveal that both the variance
(with magnitudes ranging from 1 × 10−10 to 1 × 10−3) and the standard deviation (with
magnitudes ranging from 1 × 10−5 to 1 × 10−2) are significantly small. This indicates
minimal data variability and stable results with high algorithmic robustness.

Figures 17–19 show the variance comparison of evaluation results for the MOJSO,
MOPSO, NSGA-II, and FNS-TSO algorithms. From the graphs, it can be observed that
among the test functions used in this study, only ZDT4 and ZDT6 exhibit minor fluctuations,
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with HV and SP fluctuations at the 1 × 10−2 order of magnitude. Notably, only the MOJSO
algorithm in Figure 17 showed significant fluctuations in the ZDT6 function test results.
Overall, the test results of these four optimization algorithms demonstrate high stability.

Table 2. Variance of evaluation metrics for FNS-TSO.

ZDT1 ZDT2 ZDT3 ZDT4 ZDT6 Schaffer Kursawe VIennet2 VIennet3

IGD 7.29 × 10−7 1.65 × 10−6 3.56 × 10−7 1.92 × 10−8 3.62 × 10−3 3.91 × 10−7 1.10 × 10−6 6.72 × 10−7 2.99 × 10−7

HV 1.50 × 10−6 8.82 × 10−6 2.24 × 10−6 1.18 × 10−7 1.61 × 10−3 1.30 × 10−8 1.24 × 10−6 9.46 × 10−8 8.84 × 10−10

SP 1.77 × 10−7 3.60 × 10−7 1.47 × 10−5 1.48 × 10−7 6.91 × 10−3 1.88 × 10−6 1.34 × 10−6 7.27 × 10−7 1.02 × 10−5

Table 3. Standard deviation of evaluation metrics for FNS-TSO.
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3.4. Pareto Front Analysis of Algorithms

From Figures 20–28, it can be observed that the FNS-TSO algorithm exhibits superior
convergence performance in the ZDT1, ZDT2, ZDT3, ZDT4, Schaffer, Kursawe, Viennet2,
and Viennet3 test functions but demonstrates inferior convergence in the ZDT6 benchmark.
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As shown in Figures 20 and 21, the test results for ZDT1 and ZDT2 demonstrate that
the solution sets of FNS-TSO and MOJSO are closer to the true Pareto front. However,
the FNS-TSO solution set exhibits a more uniform distribution compared to MOJSO, with
almost all solutions lying precisely on the true Pareto front. In contrast, a small portion of
MOJSO’s solutions deviate from this front. The MOPSO solution set initially appears to
align with the true Pareto front, but close inspection (see zoomed regions) reveals noticeable
deviations. Similarly, the NSGA-II solution set shows a significant deviation from the true
Pareto front.

As shown in Figure 22, both FNS-TSO and MOPSO solution sets are close to the true
Pareto front in the ZDT3 test results. However, the FNS-TSO solution set demonstrates a
more uniform distribution and nearly aligns completely with the true Pareto front, whereas
the MOPSO solution set appears to follow the front initially but deviates upon closer
inspection, as evidenced by the magnified view. In contrast, the MOJSO solution set
exhibits a non-uniform distribution with some solutions straying from the true Pareto front,
while the NSGA-II solution set shows significant deviation from the front.

As shown in Figure 23 regarding the ZDT4 test results, both FNS-TSO and MOJSO
solution sets approach the true Pareto front, with FNS-TSO demonstrating superior distri-
bution uniformity compared to MOJSO; while FNS-TSO’s solution set is almost entirely
located on the true Pareto front, several solutions in MOJSO’s solution set exhibit devia-
tions from the true Pareto front. Furthermore, both the MOPSO and NSGA-II solution sets
significantly diverge from the true Pareto front.

As shown in Figure 24, the convergence performance of FNS-TSO, MOJSO, MOPSO,
and NSGA-II is suboptimal in ZDT6 benchmark tests. However, a small subset of solutions
in the MOJSO and MOPSO solution sets lie precisely on the true Pareto front, whereas
the solution sets of FNS-TSO and NSGA-II exhibit significant deviations from the true
Pareto front.

As shown in Figure 25, in the Kursawe test results, the solution sets of FNS-TSO and
NSGA-II are close to the true Pareto front. However, the FNS-TSO solution set demonstrates
superior uniformity and nearly coincides with the true Pareto front compared to NSGA-II.
The zoomed-in view reveals that a small subset of NSGA-II solutions deviates from the
true Pareto front. In contrast, MOPSO and MOJSO exhibit non-uniform distribution with
significant deviations from the true Pareto frontier.

As shown in Figure 26, in tests on the Schaffer function, the FNS-TSO, MOJSO, MOPSO,
and NSGA-II algorithms all demonstrate strong convergence performance, with solution
sets exhibiting even distribution across the true Pareto-optimal front.

As shown in Figures 27 and 28, the FNS-TSO solution sets consistently converge to
the true Pareto front with uniform distribution in the Viennet2 and Viennet3 test results. In
contrast, MOJSO, MOPSO, and NSGA-II exhibit partial solution deviations from the Pareto
front and non-uniform distribution patterns.

In summary, the FNS-TSO algorithm demonstrates strong agreement in both IGD
and SP evaluation metrics, achieving optimal test results across the ZDT1, ZDT2, ZDT3,
ZDT4, Schaffer, Kursawe, Viennet2, and Viennet3 test functions. Notably, it also attains
optimal HV metric performance in most test functions. The solution sets generated by FNS-
TSO for these benchmark functions exhibit closer proximity to the true Pareto front with
more uniform distribution patterns. This empirically validates the algorithm’s superior
convergence, robustness, and stable performance under variations in problem parameters
or constraint conditions. These characteristics collectively indicate the comprehensive
performance advantages of FNS-TSO.
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4. Application of FNS-TSO in Underwater Manipulator Trajectory
Optimization Problem

Underwater manipulators require smooth and stable operation to perform tasks such
as grasping and exploration. When meeting impact constraints, it is essential to optimize
the operational duration and energy consumption of underwater manipulators to improve
work efficiency and reduce energy costs. Therefore, this paper establishes a trajectory
model using quintic spline interpolation with three optimization objectives: total time,
total energy consumption, and total impact for underwater manipulators. The FNS-TSO
algorithm is then applied to perform trajectory optimization and obtain the Pareto optimal
solution set.

Our underwater manipulator is primarily employed for tasks such as underwater
mineral collection and marine biological sample capture. As shown in Figure 29, the
underwater manipulator needs to complete point-to-point movement from the end of the
arm to the object being grabbed during the task. Multiple path points can be selected
between the starting and ending points, resulting in numerous potential paths traversing
these points. It is necessary to choose the optimal path that achieves the time-energy-
impact optimization. The optimal time aims to improve work efficiency and enable the
acquisition of more mineral resources within a limited timeframe; the electric-driven
manipulator can only carry a limited battery capacity during operation, and thus the
optimal energy consumption addresses the limited energy capacity and the optimal impact
ensures smoother operation.
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Figure 29. Underwater manipulator gripping trajectory.

4.1. Derivation of Quintic Spline Interpolation

When given n points, instead of using a single quintic interpolating polynomial, we
can employ n − 1 quintic polynomials, each defining a trajectory segment. The resulting
composite function s(t) is called a fifth-order spline curve. Quintic spline interpolation
ensures both smooth and continuous transitions of velocity and acceleration at all inter-
polation points while also guaranteeing zero initial and final velocities and accelerations
in the planned trajectory. This significantly mitigates the start–stop shock in underwater
manipulators.

Define the functional form of a quintic spline curve as:{
s(t) = {qk(t), t ∈ [tk, tk+1], k = 1, · · · , n − 1}
qk(t) = ak + bk(t − tk) + ck(t − tk)

2 + dk(t − tk)
3 + ek(t − tk)

4 + fk(t − tk)
5 (12)

This trajectory consists of n − 1 quintic polynomials and each polynomial requires the
computation of six parameters, resulting in a total of 6n − 6 coefficients to be determined.
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As shown in Figure 30, the initial velocity is
.
s(t1) = v1, the termination velocity is

.
s(tn) =

vn, and under natural conditions, the acceleration
..
s(t1) and

..
s(tn) at the initial and final

moments are both 0. To ensure the smoothness of position, velocity, and acceleration and
reduce the impact during motion, quintic spline interpolation needs to satisfy the continuity
of s(t), s′(t), s′′ (t), s(3)(t), s(4)(t).

qk(t) = ak + bk∆t + ck∆t2 + dk∆t3 + ek∆t4 + fk∆t5

qk
′(t) = bk + 2ck∆t + 3dk∆t2 + 4ek∆t3 + 5 fk∆t4

qk
′′ (t) = 2ck + 6dk∆t + 12ek∆t2 + 20 fk∆t3

q(3)k (t) = 6dk + 24ek∆t + 60 fk∆t2

q(4)k (t) = 24ek + 120 fk∆t

(13)

where ∆t = t − tk.
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From the interpolation condition:
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4.2. Optimal Trajectory Planning Based on FNS-TSO

The decision variable for trajectory multi-objective optimization is the time length of
each interpolation interval, denoted as ∆T = (∆T1, ∆T2, · · · , ∆Tn)

T , where ∆Ti = ti+1 − ti,
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i = 1, 2, · · · , n, ti denotes the time series of the trajectory points, and the time of the first
point is t1, usually taken as t1 = 0. The defined optimization objective function and the
constraints are shown below.

Objective function: 

f1 =
n
∑

i=1
∆Ti

f2 =
n
∑

i=1

√
1

∆Ti

∫ ∆Ti
0 A2

i dt

f3 =
n
∑

i=1

√
1

∆Ti

∫ ∆Ti
0 J2

i dt

(17)

where f1 is the time optimum, n denotes the number of interpolation intervals, f2 is the
energy objective function, Ai denotes the acceleration variable for each interval, f3 is the
objective function of the shock, and Ji denotes the additive acceleration variable for each
interpolation interval.

Constraints: 
max{|vi|} ≤ vmax

max{|Ai|} ≤ Amax

max{|Ji|} ≤ Jmax

(18)

where vi and vmax, respectively, denote the speed at which the i-th joint operates and
the maximum joint speed allowed, Ai and Amax respectively denote the acceleration at
which the i-th joint operates and the maximum joint acceleration allowed, and Ji and Jmax

denote the accelerated acceleration at which the i-th joint operates and the maximum joint
accelerated acceleration allowed, respectively.

Assuming that the underwater manipulator needs to move along a curve L in Cartesian
space to accomplish the task of handling minerals on the seafloor, the position parameters
(px, py, pz, α, β, γ) of the passing points are as shown in Table 4.

Table 4. Spatial waypoint location.

Path Point Spatial Pose

1 [0.5 m,−0.3 m, 0.1 m, 30◦, 0◦, 120◦]
2 [0.4 m,−0.3 m, 0.2 m, 30◦, 0◦, 120◦]
3 [0.2 m,−0.45 m, 0.3 m, 30◦, 0◦, 120◦]
4 [0.0 m,−0.45 m, 0.3 m, 30◦, 0◦, 120◦]
5 [−0.2 m,−0.45 m, 0.3 m, 30◦, 0◦, 120◦]
6 [−0.4 m,−0.3 m, 0.2 m, 30◦, 0◦, 120◦]
7 [−0.4 m,−0.3 m, 0.1 m, 30◦, 0◦, 120◦]

Through the kinematic inverse solution, the angular interpolation points of the six
joints were obtained, which are shown in Table 5.

Table 5. Joint angle corresponding to each path point (/rad).

Path Point

Joint
1 2 3 4 5 6

1 −0.1016 −1.2382 −0.8131 0.6544 0.5325 −1.2482
2 −0.1257 −0.7169 −1.5226 0.8826 0.5371 −1.2948
3 −0.6780 −0.6129 −1.4932 1.3621 0.8305 −2.0624
4 −1.1430 −0.5259 −1.8069 1.7673 1.2033 −2.3938
5 −1.7295 −0.7108 −1.3906 1.5723 1.7081 −2.6979
6 −2.3614 −1.0059 −1.3242 1.6428 2.2339 −3.0858
7 −2.3614 −1.2992 −1.3151 1.9271 2.2339 −3.0858
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The value range of the decision variables is ∆Ti ∈ [0.01, 5], and the velocity and
acceleration at the start and end points of the underwater manipulator are set to 0. The
constraints are: 

max
{∣∣vj

∣∣} ≤ vmax = 80◦/s
max

{∣∣Aj
∣∣} ≤ Amax = 60◦/s2

max
{∣∣Jj

∣∣} ≤ Jmax = 50◦/s3
(19)

The times for each interpolation interval for the underwater manipulator selected
before optimization are shown in Table 6.

Table 6. The time length of each interpolation interval before optimization.

Interval ∆t1 ∆t2 ∆t3 ∆t4 ∆t5 ∆t6

Time length/(s) 2.0 2.5 3.5 3.5 1.5 1.5

Based on the timings listed in the table, quintic spline interpolation is performed, and
the motion parameters’ variation of each joint in the underwater manipulator is simulated
using MATLAB(R2023b), as shown in Figure 31.
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Figure 31. The change in motion parameters of each joint of the underwater manipulator before
optimization: (a) Angle before optimization; (b) Speed before optimization; (c) Acceleration before
optimization (d) Jerk before optimization.

The simulation results show that the joint trajectories are smooth and continuous,
with velocities and accelerations at the start and end being zero. However, during the
initial movement phase, joints 2 and 3 exhibit excessive impact forces, while joints 2
and 4 demonstrate similar issues in the final phase, causing the joint jerk to exceed the
specified threshold. Furthermore, parameters such as time, energy, and impact fail to reach
optimal values.

The FNS-TSO algorithm was applied to conduct multi-objective optimization for each
joint of the underwater manipulator independently, with a population size and maximum
iteration count of 300 each. This process generated the Pareto front and population distri-
bution for each joint, as illustrated in Figure 32 (Pareto fronts) and Figure 33 (population
distributions), respectively.
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Figure 32. Pareto front of each joint of the manipulator: (a) Joint 1 Pareto front; (b) Joint 2 Pareto
front; (c) Joint 3 Pareto front; (d) Joint 4 Pareto front; (e) Joint 5 Pareto front; (f) Joint 6 Pareto front.
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Figure 33. Population distribution of each joint of the manipulator: (a) Joint 1 population; (b) Joint 2
population; (c) Joint 3 population; (d) Joint 4 population; (e) Joint 5 population; (f) Joint 6 population.

From the Pareto frontiers, analysis reveals an inverse relationship between time and
energy consumption/impact: extended durations correspond to lower energy consumption
and reduced impact, while shorter durations exhibit higher energy consumption and
amplified impact. Therefore, engineering applications require selection based on actual
operational constraints. This study prioritizes energy efficiency and impact mitigation,
selecting a balanced time duration through multi-criteria analysis (see Table 7).

Table 7. The time length of joints under different interpolation intervals.

Interval

Joint
1 2 3 4 5 6

∆t1 0.6 2.4 3.4 1.4 0.4 0.7
∆t2 1.3 0.4 0.8 1.0 1.2 1.6
∆t3 0.6 0.7 2.1 1.4 0.7 0.6
∆t4 0.8 1.1 1.8 1.5 0.7 0.5
∆t5 2.1 0.8 0.6 0.6 1.9 1.7
∆t6 0.01 1.7 0.5 1.9 0.01 0.01
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To ensure synchronized joint movements in underwater manipulators, the maximum
joint movement time is selected for each segment of the interval, as detailed in Table 8.

Table 8. The time length of each interpolation interval before optimization.

Interval ∆t1 ∆t2 ∆t3 ∆t4 ∆t5 ∆t6

Time length/(s) 3.4 1.6 2.1 1.8 2.1 1.9

The variations in angle, angular velocity, angular acceleration, and jerk of the optimal
quintic spline trajectories for each joint are shown in Figure 34.
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(a) Optimized angle; (b) Optimized speed; (c) Optimized acceleration (d) Optimized jerk.

The simulation results demonstrate that the optimally planned trajectory is smooth,
continuous, and free of abrupt changes. The manipulator’s end-effector passes precisely
through all predefined path points, while joint speed, acceleration, and jerk remain within
constraint limits throughout the operation. The quintic spline trajectory fully satisfies all
technical requirements. Quantitative comparisons of the underwater manipulator’s total
operation time, total joint energy consumption, and impact before and after optimization
are presented in Table 9.

Table 9. Comparison of total time, total energy, and total impact of the underwater manipulator.

Total Time/(s) Total Energy/(◦·s−2) Total Impact/(◦·s−3)

Pre-optimization 14.5 321.7194 463.6110
FNS-TSO 12.9 260.5256 349.1230

The tabular data demonstrate that the manipulator’s total operation time decreases
by 11.03%, with 19.02% reduction in energy consumption and 24.69% mitigation of total
impact compared to pre-optimization benchmarks. The multi-objective optimized trajectory
therefore ensures smooth underwater operation while enhancing efficiency and significantly
reducing energy expenditure.

5. Conclusions
This study proposes a Fast Non-Dominated Sorting Tuna Swarm Optimization (FNS-

TSO) algorithm. The initialization phase employs Optimal Latin Hypercube Sampling
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to enhance population uniformity, while a nonlinear dynamic weight mechanism refines
the spiral foraging strategy, balancing exploration–exploitation tradeoffs to improve con-
vergence and robustness. Comparative evaluations with MOPSO, MOJSO, and NSGA-II
on two-objective and three-objective benchmark functions demonstrate FNS-TSO’s supe-
rior performance in convergence, solution diversity, and distribution uniformity. In its
engineering application, the algorithm reduces underwater manipulator motion trajectory
optimization outcomes by 11.03% (time), 19.02% (energy), and 24.69% (impact), validating
its practical efficacy.

The future research work and current limitations of this article include:

1. The algorithm has only been validated for its effectiveness in trajectory optimization
of underwater manipulators and has not been validated in other engineering fields.

2. Benchmark evaluations limited to ≤3 objectives, leaving scalability to higher-
dimensional problems unverified

These constraints highlight critical research directions for multi-objective optimization
algorithm development.
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Appendix A
Appendix A.1

Table A1. Nomenclature.

Number Parameter
Symbols Specific Annotations

1 Xik The level of factor k on the i-th run
2 uik The independent random variables U[0, 1)
3 d(xi, xj) The distance between two sample points xi and xj
4 n The number of true Pareto-optimal solutions

5 di

The Euclidean distance between the i-th true Pareto-optimal
solution in the reference set and the most recently obtained

Pareto-optimal solution
6 δ The Lebesgue measure, which is used to measure the volume
7 |S| The number of nondominated solution sets

8 vi
The hypervolume constituted by the reference point and the i-th

solution in the solution set
9 d The average of all di

10 m The number of Pareto-optimal solutions
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Appendix A.2

Table A2. Test function parameters.

Problem Variable
Bounds Objective Functions

ZDT1 [0, 1]

f1(x) = x1

f2(x) = g(x)
[
1 −

√
x1/g(x)

]
g(x) = 1 + 9(∑n

i=2 xi)/(n − 1)

ZDT2 [0, 1]

f1(x) = x1

f2(x) = g(x)
[
1 − (x1/g(x))2

]
g(x) = 1 + 9(∑n

i=2 xi)/(n − 1)

ZDT3 [0, 1]

f1(x) = x1

f2(x) = g(x)
[
1 −

√
x1/g(x)− (x1/g(x)) sin(10πx1)

]
g(x) = 1 + 9(∑n

i=2 xi)/(n − 1)

ZDT4 [0, 1]

f1(x) = x1

f2(x) = g(x)
[
1 −

√
x1/g(x)− (x1/g(x)) sin(10πx1)

]
g(x) = 1 + 9(∑n

i=2 xi)/(n − 1)

ZDT6 [0, 1]

f1(x) = 1 − exp(−4x1) sin6(6πx1)

f2(x) = g(x)
[
1 − ( f1(x)/g(x))2]

g(x) = 1 + 9[(∑n
i=2 xi)/(n − 1)]0.25

Schaffer xi ∈ [−5, 5], i = 1, 2 f (x1, x2) = 0.5 − (sin2(
√

x2
1+x2

2)−0.5)

(1+0.001(x2
1+x2

2))
2

Kursawe xi ∈ [−5, 5]
i ∈ [1, 3]

f1(x) =
2
∑

i=1

[
−10 exp(−0.2

√
x2

i + x2
i+1)

]
f2(x) =

2
∑

i=1

[
|xi|0.8 + 5 sin(x3

i )
]

Viennet2
x1 ∈ [−4, 4]
x2 ∈ [−4, 4]

f1(x) = 0.5(x1 − 2)2 + (x2+1)2

13 + 3

f2(x) = (x1+x2−3)2

36 + (−x1+x2+2)2

8 − 17

f3(x) = (x1+2x2−1)2

175 + (2x2−x1)
2

17 − 13

Viennet3
x1 ∈ [−3, 10]
x2 ∈ [−10, 3]

f1(x) = 0.5(x2
1 + x2

2) + sin(x2
1 + x2

2)

f2(x) = (3x1−2x2+4)2

8 + (x1−x2+1)2

27 + 15

f3(x) = 1/(x2
1 + x2

2 + 1)− 1.1 × e(−(x2
1+x2

2))
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