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Abstract

To overcome the limitations of traditional multi-objective evolutionary algorithms—which
often become trapped in local optima when addressing complex optimization problems and
face challenges in balancing convergence efficiency with population diversity—this study
proposes an enhanced NSGA-II algorithm that incorporates Lévy flight and simulated annealing
strategies. The proposed algorithm enhances global exploration via Lévy flight mutation,
improves local search precision through simulated annealing, and dynamically coordinates the
search process using adaptive parameter strategies. Experiments conducted on the ZDT and
DTLZ test function series demonstrated that the proposed algorithm achieves performance
comparable to or better than that of NSGA-II and other benchmark algorithms, as measured by
inverted generational distance and hypervolume metrics. It also exhibited superior convergence,
distribution uniformity, and robustness. Furthermore, the algorithm was applied to the multi-
objective optimization of electric winch trajectories for oil drilling rigs, which employed trajectory
planning based on quintic polynomials. The simulation results demonstrated, compared to
the pre-optimization baseline data, reductions of 6% in total operation time, 17.99% in energy
consumption, and 27.4% in impact severity, thereby validating the method'’s effectiveness and
applicability in practical engineering scenarios. The comprehensive results demonstrate that the
improved algorithm exhibits robust performance and excellent adaptability when addressing
complex multi-objective optimization problems.

Keywords: multi-objective optimization; NSGA-II algorithm; Lévy flight; simulated an-
nealing; adaptive parameter control; electric winch

1. Introduction

Optimization algorithms play a pivotal role in resolving complex engineering challenges,
identifying optimal solutions under specific constraints [1,2]. In recent years, meta-heuristic
algorithms have garnered significant attention for their capacity to efficiently explore vast
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solution spaces without requiring gradient information [3]. These algorithms, inspired by
natural phenomena, physical laws, and swarm intelligence, have been successfully applied
across diverse domains including forecasting, control systems, and mechanical engineering.
However, within the specific application domain of electric winch operation in petroleum
drilling rigs, traditional optimization methods encounter significant challenges. As the power
core of the derrick hoisting system, electric winches must strike a balance between operational
efficiency and safety considerations. During field operations, operator deviations in controlling
the winch’s hoisting /lowering speed can readily trigger severe safety incidents such as ‘top
bumping’ or ‘bottom slamming’. Such occurrences not only directly threaten personnel safety
and equipment structural integrity but also precipitate a cascade of consequences including
drilling operation interruptions and drill string damage. This underscores the critical impact of
winch speed control precision on drilling safety and continuity.

This class of electric winch trajectory planning problems essentially constitutes a
typical complex multi-objective optimization challenge. Its core characteristic lies in the
simultaneous optimization of multiple conflicting objectives, where improvement in any
single objective often leads to deterioration in others. Consequently, solutions capable of
achieving a Pareto-optimal solution set must be sought [4,5]. To resolve this engineering
challenge, an integrated solution combining ‘algorithm performance enhancement with
engineering scenario adaptation” must be developed. Practical engineering problems such
as electric winch trajectory planning exhibit complex constraints, high dimensionality, and
strong nonlinearity [6,7]. These characteristics render traditional mathematical optimization
techniques—which rely on gradient information and possess weak constraint handling
capabilities—ineffective. Such approaches not only frequently converge to local optima but
also struggle to identify balanced solutions amidst multi-objective conflicts.

Against this backdrop, metaheuristic algorithms have garnered significant attention and
experienced rapid development due to their advantages of requiring no gradient information,
exhibiting strong global convergence, and possessing high flexibility [8]. Early meta-heuristic
algorithms primarily fall into three categories: evolutionary, physics-inspired, and swarm
intelligence-based [3]. Representative examples include genetic algorithms (GAs) [9], simulated
annealing (SA) [10], and particle swarm optimization (PSO) [11]. Subsequent developments
have yielded improved algorithms such as gray wolf optimization (GWO) [12] and the whale
optimization algorithm (WOA) [13]. Today, the algorithm classification system has become
more systematic, with new categories emerging such as chemical reaction-based algorithms [14],
Teaching and Learning-based Optimization (TLBO) inspired by human behavior [15], gradient-
based optimization algorithms (GSO) [16], and the Portia Spider Algorithm (PSA) [17]. Current
research priorities have shifted from “proposing entirely novel algorithms’ to ‘enhancing the
performance of existing algorithms’. Mainstream approaches include introducing adaptive
mechanisms, integrating chaotic strategies, or combining machine learning to construct hy-
brid models. Crucially, evolutionary algorithms within meta-heuristics demonstrate unique
advantages when addressing such multi-objective problems [18,19]. These algorithms can
simultaneously search for multiple Pareto-optimal solutions through population iteration while
maintaining robust performance for high-dimensional, strongly nonlinear problems. They
effectively address variable coupling and dynamic constraints in winch trajectory planning,
overcoming the shortcomings of traditional mathematical optimization techniques, namely high
computational cost and susceptibility to local optima.

In multi-objective optimization algorithms, the second-generation non-dominated sorting
genetic algorithm (NSGA-II) has become a cornerstone method within the field due to its
adoption of rapid non-dominated sorting and crowding degree calculation mechanisms to
enhance solution convergence and distribution [20,21]. However, NSGA-II exhibits notable
limitations when addressing complex problems such as electric winch trajectory optimization,
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which impede its performance on intricate tasks. These primarily include: susceptibility to
premature convergence due to diminished population diversity [22]; sluggish convergence
rates when handling high-dimensional problems [23]; and suboptimal performance of the
crowding distance metric mechanism when multiple objectives are involved [23]. To overcome
these limitations, researchers have proposed various enhancement strategies. For instance,
Lu et al. enhanced population diversity by introducing chaotic mappings [24]; Pires et al.
simultaneously improved convergence accuracy and distribution uniformity through local
search strategies [25]. Other studies integrated specialized operators such as Lévy walks [26] or
simulated annealing [27] to enhance global search capabilities or better balance ‘exploration” and
“exploitation”. However, these improvements predominantly focused on single dimensions,
with few studies simultaneously integrating ‘global exploration—local exploitation—parameter
adaptation’ to form a synergistic mechanism.

Regarding the optimization of electric winch trajectory planning, existing research
has yet to integrate trajectory planning models for the hoisting and lowering phases with
high-performance multi-objective algorithms. To address this gap, this study constructs
an enhanced algorithm (NSGAII-Levy-SA) based on an improved NSGA-II framework.
This algorithm combines Levy flight with simulated annealing strategies and applies it to
optimize the velocity trajectory of electric winches on oil drilling platforms.

The main contributions are summarized as follows:

1.  Introduction of the Lévy flight mutation operator to broaden the global search scope
and circumvent local optima traps;

2. Integration of the simulated annealing local search mechanism to enhance late-stage
optimization capabilities;

3.  Design of an adaptive parameter control strategy to dynamically coordinate the
balance between exploration and exploitation.

The remainder of this paper is organized as follows: Section 2 details the architecture
and mechanics of the proposed NSGA-II-Levy-SA algorithm; Section 3 presents a comparative
analysis of the algorithm’s performance on standard test functions (ZDT and DTLZ series);
Section 4 demonstrates the application of the proposed algorithm to the velocity trajectory opti-
mization of electric winches in oil drilling rigs; and finally, Section 5 summarizes the principal
findings and outlines prospective directions for future research.

2. An Improved NSGA-II Algorithm Integrating Lévy Flight and
Simulated Annealing

The Non-dominated Sorting Genetic Algorithm II (NSGA-II), proposed by Deb et al. in
2002, is a classic multi-objective evolutionary algorithm [20]. Its core mechanics rely on fast non-
dominated sorting and crowding distance computation to maintain population convergence
and diversity. This section focuses on elucidating the proposed enhancements to the NSGA-II
algorithm and does not provide a detailed description of the foundational algorithm itself.

2.1. Analysis of Core Innovation Points
2.1.1. Global Exploration Variation Strategy Based on Lévy Flight

The mutation operators in traditional genetic algorithms typically generate small step
sizes. This often causes the algorithm to become trapped in local optima when confronted
with multimodal, complex optimization problems, thereby hindering effective exploration of
the entire search space. To overcome this limitation, the proposed algorithm incorporates a
mutation operator based on the Lévy flight mechanism, which is characterized by a heavy-
tailed distribution of step lengths. This property enables the operator to frequently make small,
localized steps for intensive search while occasionally generating large, long-range jumps, thus
facilitating escape from local optima and enhancing global explorative capability.
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Lévy flight is a specialized random walk in which the step size, denoted as “s”,
follows a Lévy distribution. It is characterized by frequent short-distance movements
interspersed with occasional long-distance jumps. This heavy-tailed property facilitates an
efficient global search strategy, enabling the algorithm to escape local optima and explore
vast regions of the search space effectively. The probability density function of the Lévy
distribution is provided in Equation (1).

o 1/2 1 o
fx(xou)=(5=) ———s5ex {—} <x <o (1)
: 2m (x — y)3/2 P 2(x — p) :
where y is the location parameter, which shifts the distribution curve horizontally to make
the distribution range (y, o), and ¢ is the scale parameter.

The stride s for the Lévy walk can be generated using the Mantegna algorithm, calcu-
lated as shown in Formula (2).
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where u ~ N(0,03,%) and v ~ N(0,1); the calculation formula for 0y, is given by Equation (3):
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The value of 0}, = 1 is typically set to 1.5.
In the algorithm, the update process for individual x; in generation ¢ is expressed as
follows (Equation (4)):

xi(t+1) =x;(t) + a(f) - s+ (Xmax — Xmin) 4)

where x,4x and x,,,;,, represent the upper and lower bound vectors of the decision variable,
respectively; s denotes the random stride generated via the Lévy distribution; and «(t)
signifies the stride scaling factor that adapts to the iteration count ¢.

By incorporating a Lévy flight operator, which leverages its characteristic mix of
frequent short steps and occasional long jumps, the algorithm stochastically updates indi-
vidual positions within the population. This enhances its capacity to explore and identify
global optima. This mechanism thereby increases population diversity and accelerates
the convergence toward globally optimal solutions. Consequently, the global exploration
capability of the algorithm is significantly enhanced. The occasional long-range jumps
facilitate escape from local optima basins of attraction and enable the exploration of novel,
potentially more promising regions of the search space. This process effectively maintains
population diversity and mitigates the risk of premature convergence.

2.1.2. Local Development and Elite Retention in Simulated Annealing

As the algorithm progresses into later iterations, a majority of the solutions converge
toward the Pareto-optimal front. At this stage, the primary focus of the algorithm shifts from
global exploration to the refinement of high-quality, non-dominated solutions—a process
termed local exploitation. To facilitate this refinement process, a simulated annealing
mechanism is incorporated.

Simulated annealing is a stochastic optimization algorithm based on a physical annealing
process. Its core principle lies in accepting not only better solutions but also inferior ones with a
certain probability at a given “temperature” T, thereby enabling an escape from shallow local
minima. This acceptance probability follows the Metropolis criteria. For a current solution
Xeurrent aNd @ new solution X;yienper generated within its neighborhood, their energies (fitness
values) are denoted as Ecyrrent and Eeighpor, respectively. The energy function E is defined as the
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sum of multi-objective function values, i.e., E = Z%_l fm(x), where M denotes the total number
of objectives, and f,,(x) represents the value of the mth objective function.
The acceptance probability P of the new interpretation is defined by Formula (5):

1 AE <0

P(Xcurrent - xneighbor) = {EATE AE >0 ©

where AE = Eneighbor — Ecurrent-
This algorithm employs a dual-temperature cooling strategy to achieve a more refined
search-control mechanism:

(1) Intergenerational Temperature Adjustment: Before performing SA optimization on
the ty, generation population, an initial temperature Tj,;(t) is set based on the global
iteration progress, as shown in Equation (6).

t

tmax

Tinit(t) = To - (1 — ) (6)

where Tj is the global initial temperature, and ¢,y is the total number of iterations.

(2) Internal Iterative Cooling: Within the inner loop, k local searches are performed on a
given solution, and the temperature T decays after each iteration:

Ter1 =Tk 1 7)

where 7 is the cooling rate.

This dual cooling schedule enables the algorithm to apply varying search intensities across
different evolutionary stages. The inter-generational temperature adjustment promotes overall
stability during the later phases of evolution, while the intra-generational cooling facilitates
intensive exploration within individual local search procedures. Consequently, this approach
significantly enhances the convergence precision and algorithmic stability.

2.1.3. Adaptive Parameter Control Strategy
To enable the algorithm to intelligently balance exploration and exploitation through-
out the entire evolutionary process, an adaptive parameter control strategy was designed.
(1) Adaptive adjustment of the Leviathan flight step scaling factor «(f) as shown
in Equation (8):
t

a(t) =C(1 - -—) (®)

tmax
where C is a constant. In the early stages of evolution, a(f) is large. Combined with the
decision variable range (Xyax — Xin ), this enables the Lévy walk to generate large strides,
promoting global exploration. As t increases, a(t) decreases linearly, causing the mutation
stride to shorten. The algorithm then shifts toward more refined local search.

(2) Dynamic Switching of the Lévy Flight Index f:

During the initial phase (ﬁ < 0.6), the algorithm employs a larger j value to stabilize
the step size distribution. In the later phase (ﬁ > 0.6), it switches to a smaller value of j,
which increases the “tail” heaviness of the Lévy distribution. This increases the probability
of long-distance jumps, aiding in breaking potential deadlocks during the later stages of
the search and escaping from deep local optima.

(3) Dynamic Control of Simulated Annealing Temperature T:

The simulated annealing (SA) component utilizes a dual cooling schedule that inte-
grates inter-generational adjustment with intra-generational cooling. This strategy ensures
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a gradual transition from extensive global exploration in the initial phases to intensive local
exploitation in the final phases.

The adaptive parameter control mechanism allows the algorithm to dynamically
modulate its search strategy in response to the varying requirements of different evolu-
tionary stages. This capability facilitates a seamless transition and maintains a dynamic
balance between global exploration and local exploitation, thus significantly enhancing the
algorithm’s robustness and overall optimization performance.

2.2. Operational Framework of the NSGAII-Levy-SA Algorithm

The operational framework of the NSGA-II-Levy-SA algorithm consists of five sequen-
tial phases:

Phase 1: Initialization. The initial population is randomly generated, and key parame-
ters (e.g., the maximum number of iterations and variable boundaries) are configured. The
objective function values for all individuals are subsequently evaluated.

Phase 2: Adaptive Variation. Algorithmic parameters, including the step scaling factor
and Lévy flight index, are adaptively adjusted. Offspring are then generated through simu-
lated binary crossover (SBX), followed by individual updating via polynomial mutation
integrated with Lévy flight mutation.

Phase 3: Local Intensification. A simulated annealing (SA) procedure is activated
in the later stages of evolution (typically when iteration progress exceeds 60%). New
candidate solutions are generated based on Lévy strides, and their acceptance is governed
by a dual-temperature control mechanism following a probabilistic criterion.

Phase 4: Environmental Selection. Fast non-dominated sorting is applied to the merged
population (parents and offspring) to identify Pareto frontiers. Individuals are subsequently
selected for the next generation based on their Pareto rank and crowding distance.

Phase 5: Termination and Output. The iterative process terminates upon reaching the
predefined maximum number of iterations. The Pareto-optimal frontier is extracted from the
final population, and the optimization results are outputted (e.g., for visualization and analysis).

The overall workflow of the NSGA-II-Levy-SA algorithm is schematically illustrated

in Figure 1.
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Figure 1. Workflow Diagram of the NSGAII-Levy-SA Algorithm.
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3. Analysis of Test Function Results
3.1. Test Functions and Algorithm Parameters

To comprehensively evaluate the performance of the proposed NSGA-II-Levy-SA
algorithm, benchmark tests were conducted on a set of ten standard multi-objective test
problems. This set comprised four two-objective functions (ZDT1, ZDT2, ZDT3, ZDT4)
and six three-objective functions (DTLZ1 to DTLZ6). The ZDT and DTLZ test suites are
widely adopted as standard benchmarks for evaluating multi-objective optimizers due to
their well-established properties, which include standardized design, diverse landscape
characteristics, and scalable complexity. For comparative analysis, several state-of-the-art
multi-objective algorithms were also tested, including NSGA-II, MOPSO [28], IBEA [29],
and SPEA?2 [30]. The performance of all algorithms was analyzed based on their capability
to approximate the true Pareto front.

Each algorithm was run independently 10 times to ensure statistical significance.
Parameter configurations for all algorithms—namely NSGA-II, MOPSO, IBEA, SPEA2, and
the proposed NSGA-II-Levy-SA—are summarized in Table 1 and were optimized based on
empirical observations from preliminary experiments.

Table 1. Algorithm Parameter Settings.

Algorithm NSGA-II MOPSO IBEA SPEA2 NSGAII-Levy-SA
Maxiter = 300 Maxiter = 300
Npop =100 . Npop =100
Maxiter = 300 Nr = 100 MNaX:)ter_lego Maxiter = 300 ngcz_l?‘)
Npop =100 Ngrid = 30 pop = Npop =100 -
, Nr =100 Pm=0.3
Parameters Nr =100 maxvel’ =5 Nr =100
Pc=09 beta_levy = 1.5
Pc=1 w=04 Pm = 0.1 Pc=0.7 ¢ le=01
Pm =0.33 cl=2 m =U. Pm =023 step_scale = 0.
m=5 sa_T0=1.0
2=2 .
Pc=05 sa_cooling = 0.95
] sa_iter = 10

The core experimental configuration was set as follows: a maximum number of itera-
tions (Maxiter) of 300 (increased to 1000 for the ZDT4 function due to its higher complexity),
a population size (Npop) of 100, and an archive size (Nr) of 100. Other algorithm-specific
parameters—including the crossover probability (Pc), mutation probability (Pm), Lévy
exponent (beta_levy), initial step scale (step_scale), initial SA temperature (sa_T0), SA
cooling rate (sa_cooling), and SA iterations per cycle (sa_iter)—are detailed in Table 1.

3.2. Evaluation Metrics for Algorithms

To evaluate algorithmic performance, two widely adopted metrics were employed:
Inverted Generational Distance (IGD) [31] and Hypervolume (HV) [32]. IGD measures
the convergence precision and diversity of the solution set against the true Pareto front,
while HV assesses the overall quality by quantifying the dominated objective space without
requiring the true front. These metrics provide a comprehensive assessment of convergence
precision, distribution uniformity, and robustness.

The IGD metric is defined as the average distance from each point on the true Pareto
front (used as a reference set) to its nearest solution in the approximated solution set
obtained by the algorithm. A smaller IGD value signifies superior performance, reflecting
a closer approximation to the Pareto front and a more uniform distribution of solutions.
The mathematical formulation of IGD is presented in Equation (9):

L&
16D = L= )
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where 1 denotes the number of true Pareto-optimal solutions, and d; represents the Eu-
clidean distance between the i-th true Pareto-optimal solution in the reference set and the
most recently obtained Pareto-optimal solution.

The Hypervolume (HV) metric quantifies the volume of the objective space dominated
by the approximated Pareto front and bounded by a predefined reference point. A larger
HYV value corresponds to a better overall performance, implying superior convergence and
diversity. The mathematical definition of HV is provided in Equation (10):

HV = 5(U o) (10)

where ¢ denotes the Lebesgue measure used to quantify volume, |s| represents the number
of non-dominated solution sets, and v; constitutes the hypervolume formed by the reference
point and the i-th point within the solution set.

The HV metric serves as a comprehensive indicator for assessing both the convergence
and diversity of non-dominated solution sets. Moreover, as the HV metric can be calculated
without prior knowledge of the true Pareto front, it is particularly valuable for real-world
engineering applications where the optimal Pareto front is unknown.

3.3. ZDT Test Functions

To validate the feasibility and efficacy of the proposed NSGA-II-Levy-SA algorithm,
the ZDT test suite was selected to evaluate its performance in solving multi-objective
optimization problems. These test functions exhibit diverse characteristics, such as convex,
concave, or disconnected Pareto fronts, providing a comprehensive benchmark for assessing
algorithmic performance. The specific properties and characteristics of these test functions
are summarized in Table 2.

Table 2. ZDT Series Test Function Features and Characteristics.

Test Function Mathematical Formula Functional Features
filx) =x )
ZDT1 Fo(x) = g(x)[1 — VA /g(x) Convex, Continuous
where g(x) = 1+ 9(Ll, x1)/ (n — 1)
0<x;<1,i=1,2Ln
filx) =x 4
ZDT2 fZ(x) — g(x) [1 _ (fl (X) /g(x))Z} Concave, continuous
where g(x) =1+ 91, xi)/(n—1)
0<x;<1,i=1,2Ln
fi(x) =x ) )
ZbT3 fa(x) = g(x)[1 = (f1(x)/g(x)) = (f1(x)/g(x)) sin(107rx1 )] Concave, discontinuous
where g(x) =1+ 9(X 5 x;)/(n—1)
0<x;<1,i=1,2Ln
filx) =x .
ZDT4 fz(x) _ g(x)[l _ fl(x)/g(x)] Convex, continuous

where g(x) =1+10- (n — 1) + L', [x? — 10 cos(47x;)]
0<x <1,—5<x <5 i=21Ln

3.3.1. Analysis of IGD Results for NSGAII-Levy-SA on the ZDT Test Set

The IGD test results for the algorithms are shown in Table 3. The IBEA algorithm
achieved the highest values across all test functions, indicating relatively weaker perfor-
mance. The MOPSO algorithm performed second-best, generally outperforming IBEA
but underperforming compared to other benchmark algorithms. The NSGA-II algorithm
demonstrated robust performance across all test functions, yielding values in the upper-
middle range. The SPEA2 algorithm excelled on the ZDT1, ZDT2, and ZDT3 test functions,
achieving values significantly lower than most comparison algorithms. The NSGAII-Levy-
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SA algorithm maintained low values across all test functions, demonstrating superior
overall performance in certain scenarios.

Table 3. IGD Results for NSGAII-Levy-SA on the ZDT Test Set.

Test Function Comparison Algorithm
NSGA-II MOPSO IBEA SPEA2 NSGAII-Levy-SA
ZDT1 0.0058 0.0096 0.0130 0.0044 0.0051
ZDT2 0.0059 0.0115 0.0145 0.0047 0.0052
ZDT3 0.0062 0.0106 0.0183 0.0059 0.0059
ZDT4 0.0051 0.0054 0.0192 0.0057 0.0048

3.3.2. Analysis of HV Results for NSGAII-Levy-SA on the ZDT Test Set

The algorithmic test results for HV are shown in Table 4. The NSGAII-Levy-SA algo-
rithm demonstrated superior performance in most test scenarios, particularly excelling in
several typical test functions and exhibiting overall strong efficiency. The SPEA2 algorithm
demonstrated strong performance robustness, maintaining high levels across most test
functions and only slightly underperforming the optimal algorithm in isolated scenarios.
The IBEA algorithm excelled in specific test functions, revealing adaptive advantages for
certain problem scenarios. The overall performance of the MOPSO and NSGA-II algorithms
was relatively weak, exhibiting lower efficiency across multiple test functions.

Table 4. Analysis of HV Results for NSGAII-Levy-SA on the ZDT Test Set.

Test Function Comparison Algorithm
NSGA-II MOPSO IBEA SPEA2 NSGAII-Levy-SA
ZDT1 0.6570 0.7112 0.8566 0.8712 0.9018
ZDT2 0.5442 0.4348 0.7459 0.5439 0.6893
ZDT3 0.7680 0.5969 0.8861 0.8961 0.7704
ZDT4 0.6593 0.7159 0.8120 0.8673 0.8704

3.3.3. Stability Analysis of the NSGA-II-Levy-SA Algorithm Based on the ZDT Test Set

The IGD and HV evaluation metrics of the NSGAII-Levy-SA algorithm on test func-
tions ZDT1 to ZDT4 are presented in Tables 5 and 6. Both types of metrics exhibit variance
and standard deviation at extremely low orders of magnitude. Specifically, the variance of
the IGD metric ranges at the 10~8 order, while its standard deviation clusters around the
10~% order, and the variance of the HV metric spans the range from 1077 to 10, with the
standard deviation falling between 10~* and 10~3. These statistical characteristics reveal
that during multiple independent runs, the fluctuation levels of both IGD and HV metrics
are extremely minimal. This demonstrates the algorithm’s high stability and repeatability in
adapting to different ZDT test scenarios, indicating minimal data variability, stable results,
and high algorithmic robustness.

Table 5. Variance of Evaluation Metrics for NSGA-II-Levy-SA on the ZDT Test Set.

ZDT1 ZDT2 ZDT3 ZDT4
IGD 1.58 x 10~8 1.94 x 1078 741 x 1078 1.70 x 10~8
HV 1.66 x 107 2.86 x 107° 6.40 x 105 7.53 x 1072

Table 6. Standard Deviation of Evaluation Metrics for NSGAII-Levy-SA on the ZDT Test Set.

ZDT1 ZDT2 ZDT3 ZDT4

IGD 1.19 x 10~* 1.32 x 10~* 258 x 1074 1.24 x 10~*
HV 3.87 x 1074 5.07 x 1073 759 x 1073 823 x 1073
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3.3.4. Pareto Frontier Analysis of NSGAII-Levy-SA on the ZDT Test Set

The Pareto frontier visualization results for the ZDT1-ZDT4 test functions are shown
in Figures 2-5. The NSGAII-Levy-SA algorithm demonstrates excellent frontier approxima-
tion performance across multi-objective optimization scenarios with varying topological
characteristics. In the ZDT1 test, the Pareto frontier points generated by the NSGAII-Levy-
SA algorithm closely align with the true frontier, exhibiting continuous distribution and
uniform density. This outperforms the discrete distribution of NSGA-II and IBEA, as well
as the locally dense bias of MOPSO. For the convex frontier of ZDT2, NSGAII-Levy-SA
achieves more complete frontier coverage with superior convergence accuracy in boundary
regions compared to competing algorithms. When confronting the multimodal frontier
with discontinuous segments in ZDT3, NSGAII-Levy-SA precisely matches the shape of
the true frontier across all segments, overcoming the segmented discretization issues of
NSGA-II and the sparsity defects of IBEA. In the complex ZDT4 scenario with locally
optimal perturbations, NSGAII-Levy-SA maintains tight tracking of frontier points relative
to the true frontier, demonstrating outstanding convergence consistency and distribution
uniformity among the comparison algorithms.
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Figure 2. ZDT1 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.
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Figure 3. ZDT2 Pareto Fronts: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Fronts of All Algorithms.
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Figure 4. ZDT3 Pareto Fronts: (a) NSGA--II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII--Levy--SA Pareto Front; (f) Pareto Fronts of All Algorithms.

In the ZDT test series, the NSGAII-Levy-SA algorithm demonstrates consistent superi-

ority in terms of convergence accuracy, population diversity, and distribution uniformity.
When compared to algorithms such as NSGA-1I, MOPSO, IBEA, and SPEA2, NSGAII-Levy-
SA achieves a closer approximation to the true Pareto front. It also exhibits exceptional

distribution consistency and comprehensive boundary coverage across diverse scenarios,

including continuous, multimodal, and discontinuous fronts subject to local perturba-

tions. These results collectively validate the algorithm’s enhanced robustness and overall

performance in handling multi-objective optimization problems.



Machines 2025, 13,1017

13 of 30

— TruePF
x  NSGA-II

———TruePF

*  NSGAII-Levy-SA ||

0.9

0.8

0.7

0.6

0.5

0.4

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

! 1

TruePF
o SPEA2 ||
-D\ -
~ -
o
_ R
o _ 1
.y
b s 1 1 L l\n_
0.5 0.6 0.7 0.8 0.9 1
(d)
ZDT4
———TruePF
x  NSGA-II 1
©  MOPSO |
¢ IBEA
o SPEA2 ]
*

NSGAII-Levy-SA

0.9 o
%, %
~ %%y
08-S %, %
\ N Y. o
NSy %,
0.7 \ \ 0,}. (N
Y %,
0.6 e K
0.5}
04}
03}
02}
0.1}
N i ;
0 01 02

0.5 0.6

(U]

Figure 5. ZDT4 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.

3.4. DTLZ Test Functions

To evaluate the scalability and convergence performance of the NSGAII-Levy-SA

algorithm in high-dimensional objective spaces, the DTLZ series of test functions were

selected for analysis. This series is widely used to assess the performance of multi-objective

optimization algorithms when handling different Pareto frontier shapes, high-dimensional
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objectives, and complex characteristics. The DTLZ test function set offers an expandable
number of objectives and exhibits diverse frontier characteristics—including linear, nonlin-
ear, degenerate, multimodal, and discontinuous features—effectively validating the algo-
rithm’s convergence, distribution uniformity, and search capabilities in high-dimensional
spaces. Specific descriptions and characteristics of the functions are presented in Table 7.

Table 7. Features and Capabilities of the DTLZ Test.

Test Function

Mathematical Formula

DTLZ1

DTLZ2

DTLZ3

DTLZ4

DTLZ5

DTLZ6

xpxg - xp—1(1+g(xm))
x1x2 - (T —xp—1) (14 g(xm))

minfy_1(x) = 3x1(1 = x2) (1 + g(xm))

minfp(x) = 321 (1 — x1) (1 +g(xm))

8(xar) = 100(|xp| + Ty ey, (3 — 05)° — cos(20(x; — 0.5)))

minfy (x) = (14 g(xp)) cos(x17w/2) - - - cos(xpr_270/2) cos(xpr_170/2)
minfp(x) = (1+ g(xp)) cos(x171/2) - - - cos(xp—n7/2) sin(xp—_177/2)

minfy—1(x) = (14 g(xp)) cos(x17t/2) sin(xp7w/2)

minfp(x) = (14 g(xp)) sin(x177/2)

g(xM) = ZX,‘EXM (xi - 05)2

minf(x) = (1+ g(xpm)) cos(x171/2) - - - cos(xpr—27/2) cos(xp—171/2)
minf,(x) = (14 g(xp)) cos(x171/2) - - - cos(xp_27w/2) sin(xp_170/2)

minfpr_1(x) = (1 + g(xp)) cos(x17t/2) sin(xp7w/2)

minfy(x) = (14 g(xp)) sin(x17w/2)

g(xm) = 100(|xy| + Ly ex,, (xi — 0.5)% — cos(207(x; — 0.5)))

minf (x) = (1+ g(xaq)) coS(x%7/2) - - - cos(xyr_27/2) cos(x_1°7/2)
minf,(x) = (1+ g(xpm)) cos(x§7/2) - - - cos(xp—p"m/2) sin(xpr—1%71/2)

minfy_1(x) = (14 g(xpm)) cos(x§7w/2) sin(x§7/2)

minfy(x) = (1 + g(xm)) sin(x§m/2)

g(xM) = inexM (xi — 0'5)2

minfy(x) = (1+ g(xp)) cos(6171/2) - - - cos(Op1—27/2) cos(Op—17/2)
minfp(x) = (1+ g(xp)) cos(6171/2) - - - cos(Opr—a7/2) sin(Opr—177/2)

.minfM,l(x) = (14 g(xp)) cos(6171/2) sin(6r7t/2)
minfy(x) = (1+ g(xp)) sin(6,71/2)
g(xM) = 100(|XM‘ + inexM xio'1

0; = m(l +2g(xpm)%;)

minf; (x) = x;

.minfol(fol) =XM1
minfy(x) = (1 +g(xm))h(f1,f2,--- fM—1,g)
g(xM) =1+ |x97|2xi€xm Xi

3.4.1. Analysis of IGD Results for NSGAII-Levy-SA on the DTLZ Test Set

Table 8 presents the IGD metrics evaluating the solution set’s proximity to the true
Pareto frontier and distribution uniformity. In scenarios DTLZ1-DTLZ6, NSGAII-Levy-
SA outperforms NSGA-II, MOPSO, and IBEA. In DTLZ2 (convex spherical) and DTLZ3
(multi-peaked spherical) scenarios, its performance approaches that of SPEA2. Overall, it
demonstrates robust adaptability to complex Pareto frontiers featuring multi-peak inter-
ference, spherical topologies, and degenerate structures. This effectively overcomes the
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convergence and distribution limitations of the comparison algorithms, highlighting the
algorithm’s comprehensive advantages in multi-objective optimization.

Table 8. IGD Results for NSGAII-Levy-SA on the DTLZ Test Set.

Test Function Comparison Algorithm
NSGA-II MOPSO IBEA SPEA2 NSGAII-Levy-SA
DTLZ1 0.0307 0.0284 0.0634 0.0297 0.0205
DTLZ2 0.3536 0.0691 0.1264 0.0529 0.0605
DTLZ3 0.3540 0.0696 0.1197 0.0531 0.0533
DTLZ4 0.3529 0.0701 0.1122 0.0540 0.0494
DTLZ5 0.4367 0.0068 0.0133 0.0043 0.0039
DTLZ6 0.4379 0.0067 0.0229 0.0993 0.0045

3.4.2. Analysis of HV Results for NSGAII-Levy-SA on the DTLZ Test Set

As shown in Table 9, the NSGAII-Levy-SA exhibits a distinct competitive advantage
in HV performance. Under the DTLZ1 multi-peak convex scenario, its HV performance
surpasses that of NSGA-II, MOPSO, IBEA, and SPEA2. When addressing the DTLZ2 con-
vex spherical and DTLZ3 multi-peak spherical problems, NSGAII-Levy-SA demonstrates
superior coverage capability. In the DTLZ4 variable-scaled spherical and DTLZ5-DTLZ6 de-
generate frontier scenarios, NSGAII-Levy-SA’s HV performance consistently outperformed
most comparison algorithms. Its coverage completeness in the objective space was particu-
larly outstanding when addressing search space distortion and low-dimensional collapse
issues. Overall, NSGAII-Levy-SA demonstrates synergistic optimization effects in target
space coverage and convergence completeness across complex scenarios—including multi-
peak, spherical, and degenerate structures—revealing robust comprehensive performance.

Table 9. Analysis of HV Results for NSGAII-Levy-SA on the DTLZ Test Set.

Test Function Comparison Algorithm
NSGA-II MOPSO IBEA SPEA2 NSGAII-Levy-SA
DTLZ1 0.8703 0.8023 0.7558 0.8449 0.9739
DTLZ2 0.4497 0.5191 0.6942 0.7373 0.8657
DTLZ3 0.5017 0.5209 0.7998 0.7381 0.9260
DTLZ4 0.6266 0.5281 0.6575 0.7363 0.9072
DTLZ5 0.8094 0.4980 0.7896 0.6026 0.9196
DTLZ6 0.7577 0.4957 0.8049 0.4188 0.9250

3.4.3. Stability Analysis of the NSGA-II-Levy-SA Algorithm Based on the DTLZ Test Set

Combining Tables 10 and 11, variance and standard deviation analyses were conducted
on the IGD and HV metrics of the NSGAII-Levy-SA algorithm for the DTLZ1 to DTLZ6 test
functions. The results indicate that the dispersion levels of both evaluation metrics are at an
extremely low order of magnitude. Specifically, the variance of the IGD metric ranges from
108 to 107, with a standard deviation concentrated at the 10~ order of magnitude. The
variance of the HV metric spans from 1078 to 10~>, while its standard deviation remains
near the 10~* range. This demonstrates that during multiple independent runs of the
algorithm, the fluctuation range of both IGD and HV metrics remains minimal. Even when
confronted with complex scenarios such as multi-peak, spherical, and degenerate Pareto
front scenarios inherent in the DTLZ series test functions, the algorithm maintains high
stability and result reproducibility.
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Table 10. Variance of Evaluation Metrics for NSGA-II-Levy-SA on the DTLZ Test Set.
DTLZ1 DTLZ2 DTLZ3 DTLZ4 DTLZ5 DTLZ6
IGD 1.04x107° 632x107° 1.13x107° 121x1075 1.00x10~7 1.04x10°°
HV 556x1077 349x107° 943x107° 1.82x107° 492x10° 228x1077

Table 11. Standard Deviation of Evaluation Metrics for NSGAII-Levy-SA on the DTLZ Test Set.

DTLZ1 DTLZ2 DTLZ3 DTLZ4 DTLZ5 DTLZ6
IGD 305x1073 238x1073 320x1073 330x10°3 3.01x107% 9.69x10°%
HV 707x107% 560x1073 921x1073 4.04x107% 6.65x1073 453x10°4

3.4.4. Pareto Frontier Analysis of NSGAII-Levy-SA on the DTLZ Test Set

Figures 6-11 present the Pareto frontier visualization results for test problems DTLZ1
to DTLZ6, revealing significant performance differences among various algorithms in these
multi-objective optimization problems.

Figure 6 presents the results of different algorithms running the DTLZ1 test function.
In comparing distribution uniformity and coverage, the IBEA algorithm exhibits sparse
data distribution with poor uniformity. While the NSGA-II and MOPSO algorithms achieve
broader coverage, they display local variations in density. The SPEA?2 algorithm demon-
strates balanced distribution across vertices, edges, and central regions, showing excellent
uniformity. The NSGAII-Levy-SA algorithm demonstrates advantages in achieving full
phase diagram coverage and continuous distribution: its data exhibits no significant gaps
at the vertices, edges, or central regions of the ternary phase diagram, closely aligning
with the phase diagram structure. Its coverage completeness and distribution continuity
outperform the other algorithms.
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Figure 6. DTLZ1 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.
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Figure 7. DTLZ2 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.
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Figure 8. DTLZ3 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.

Figure 7 displays the results of different algorithms running the DTLZ2 test function.
The NSGA-II algorithm demonstrates convergence capability with some solution points
closely matching the true frontier, but exhibits sparse edge regions and insufficient di-
versity, limiting exploration of the frontier boundaries. The MOPSO algorithm shows a
narrow distribution range of solution points with overall low density, revealing inadequate
convergence and global exploration capabilities. The IBEA algorithm exhibits sparse data
distribution with poor convergence and diversity. The SPEA2 algorithm demonstrates
relatively good convergence and diversity, though its local density uniformity is slightly
inferior (with sparser central regions). The NSGAII-Levy-SA algorithm shows a balanced
advantage in solution coverage, relative distribution uniformity, convergence, and diversity.
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Figure 9. DTLZ4 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.
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Figure 10. DLZ5 Pareto Fronts: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Fronts of All Algorithms.

Figure 8 displays the results of different algorithms running the DTLZ3 test function.
The solution set of the NSGA-II algorithm is distributed near the true Pareto frontier but
exhibits local density variations. The solution set of the MOPSO algorithm closely aligns
with the true Pareto frontier and shows overall uniform distribution. The solution set of
the IBEA algorithm overlaps slightly less with the true Pareto frontier in certain regions
and has poorer density distribution. The SPEA2 algorithm’s solution set closely aligns with
the true Pareto frontier and exhibits good distribution uniformity. The NSGAII-Levy-SA
algorithm’s solution set covers a broad range, demonstrates high alignment with the true
Pareto frontier, and maintains relatively uniform distribution.
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Figure 11. DTLZ6 Pareto Front: (a) NSGA-II Pareto Front; (b) MOPSO Pareto Front; (c) IBEA Pareto
Front; (d) SPEA2 Pareto Front; (e) NSGAII-Levy-SA Pareto Front; (f) Pareto Front of All Algorithms.

Figure 9 displays the results of different algorithms running the DTLZ4 test function.
The NSGA-II algorithm’s solution set exhibits distribution in the boundary regions with
lower density in the central area; the MOPSO algorithm’s solution set covers a broader
range but shows poor local density; the IBEA algorithm’s solution set concentrates in
specific regions with poor uniformity. The SPEA2 algorithm’s solution set exhibits relatively
uniform distribution within the true Pareto frontier, demonstrating good convergence. The
NSGAII-Levy-SA algorithm achieves a solution set with extensive coverage, high density,
and good uniformity, showing excellent convergence performance.

Figure 10 displays the results of different algorithms running the DTLZ5 test func-
tion. The solution sets from the NSGA-II and NSGAII-Levy-SA algorithms exhibit a wide
distribution range with good density and uniformity. The solution sets from the MOPSO
and SPEAZ2 algorithms exhibit slight deviations from the true Pareto frontier. The IBEA
algorithm’s solution set is concentrated in specific regions, with some solutions significantly
deviating from the true Pareto frontier, indicating poor convergence and uniformity.

Figure 11 displays the results of different algorithms running the DTLZ5 test function.
The solution set of the NSGA-II algorithm exhibits a distribution pattern characterized by
sparse upper regions and dense lower regions. The solution set of the MOPSO algorithm is
relatively dispersed, with some solutions significantly deviating from the true Pareto front,
indicating poor uniformity. The solution set of the IBEA algorithm is concentrated in certain
areas, also showing poor uniformity. The SPEA2 algorithm’s solution set is concentrated in
the central region, with some solutions significantly deviating from the true Pareto frontier.
The NSGAII-Levy-SA algorithm'’s solution set exhibits dense and uniform distribution,
closely aligning with the true Pareto frontier.

In the DTLZ test series, the NSGAII-Levy-SA algorithm consistently outperforms the
comparison algorithms in convergence precision, distribution uniformity, and completeness
of Pareto front coverage. Even in high-dimensional objective spaces and on complex fitness
landscapes with local optima, NSGAII-Levy-SA is able to produce solution sets that are
both widely spread and continuously distributed. This demonstrates the algorithm’s strong
global exploration capability and stability. Thereby, it achieves significant improvements in
both overall performance and robustness.
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4. Application of NSGAII-Levy-SA Algorithm in Optimizing Electric
Winch Trajectories for Oil Drilling Rigs

In oil drilling field operations, deviations in the rig operator’s control of electric
winch hoisting /lowering speeds can easily trigger safety incidents such as “top-out” or
“crashing into the drill floor” in the traveling block system. This not only directly threatens
personnel safety and the structural integrity of core equipment but also causes chain
reactions including drilling operation interruptions and drill string damage, highlighting
the critical impact of winch speed control precision on drilling safety and continuity.
Figure 12 shows a schematic diagram of the drilling system [33].

4 N

AR AR

Suspension |

system :

St

Figure 12. Schematic Diagram of the Drilling System.

As the power core of the derrick hoist system, the electric winch of an oil drilling
rig must balance operational efficiency with operational safety. It must meet the required
lifting speed of drilling tools to shorten the operational cycle while ensuring a smooth
lifting process to avoid system impacts caused by speed fluctuations. Therefore, scientific
speed planning is a core element for safe and efficient drilling operations.

Based on field requirements, the speed and position response curves of electric winches
must meet three core technical specifications:

(1) Smoothness Requirements: Avoid residual vibrations caused by “hard impacts” and
“soft impacts” during high-speed lifting. Ensure that acceleration is differentiable, and
that displacement, velocity, and acceleration curves are continuously differentiable
throughout the entire range. Displacement and velocity curves must be smooth
without inflection points to suppress vibrations at their source.

(2) Operational Efficiency Requirements: Optimize acceleration/deceleration time within
smoothness constraints to shorten drill string hoisting cycles. Ensure rapid and
precise positioning of drill string at target locations, meeting controllable operational
cycle demands.

(3) Energy Efficiency Requirements: Minimize total energy consumption of the winch
drive motor while satisfying smoothness and efficiency requirements.
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In constructing the motion control curve, a single-segment cubic polynomial accelera-
tion function is applied to the acceleration/deceleration intervals during hoisting, paired
with a quintic polynomial displacement curve. This design ensures that displacement, ve-
locity, acceleration, and deceleration curves all satisfy continuous differentiability, meeting
smoothness requirements. Detailed mathematical derivations are simplified here.

To enhance speed planning performance, this paper employs a quintic polynomial
to refine the acceleration segment of the traditional S-shaped speed curve. Based on this
refinement, a multi-objective trajectory optimization model for the winch is established,
selecting time, energy consumption, and impact as the three optimization objectives. Specif-
ically, the proposed quintic polynomial curve fits the displacement variation during motion.
By adjusting polynomial coefficients, it achieves continuous and smooth transitions in
displacement, velocity, acceleration, and deceleration, thereby effectively reducing system
impact and improving motion smoothness.

Subsequently, a multi-objective trajectory optimization model for the winch was
constructed based on this curve and solved using the NSGA-II-Levy-SA algorithm to obtain
a Pareto-optimal solution set. Subsequent analysis was conducted under ideal conditions,
assuming rigid connections and neglecting factors such as transmission vibration, external
disturbances, and load mass variations to focus on evaluating the performance of the
trajectory planning algorithm itself.

4.1. Establishing the Winch Speed Response Curve

The winch speed response curve consists of three segments: the acceleration interval
[0, T1], the constant velocity interval [T, T,], and the deceleration interval [T, T3]. The
acceleration curve a(t) for intervals [0, T1] and [T, T3] is a cubic polynomial, while the
velocity curve for interval [Ty, T»] is a horizontal straight line representing the constant
velocity segment.

The equations for the hoist’s displacement, velocity, acceleration, and deceleration
response curves during the acceleration segment are defined by Formula (11):

te |0, T 11
= 11*2ﬂ1t4+ %a2t2+a3t+a4 [ ﬂ (1)

t) = %ﬂltS + %a2t3 + %ﬂ3t2 + agt +as

Among these, ag, a1, a, a3, a4, and as are the undetermined coefficients of the quintic
polynomial, which can be determined from the boundary conditions.

The equations for the displacement, velocity, acceleration, and deceleration response
curves of the winch during the uniform motion segment are given by Formula (12):

J(t) =0
Z((?) zgmx te [Ty, T (12)
s(t) = s(T1) + vmax(f — T1)

The displacement, velocity, acceleration, and deceleration response curve equations
for the winch during the deceleration phase are given by Formula (13):

)
h = %b (t—Ts)> + by(t — T) t € [Ty, Ts] (13)
) 1 |

1
b (i’ — T2)4 + %bz(f — Tz)z + b3
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To enhance operational efficiency, the durations of acceleration and deceleration
phases must be minimized. Therefore, the maximum acceleration values during these
phases should approach the hoist’s maximum achievable acceleration as closely as possible.
Combining this requirement with initial velocity and acceleration conditions, the boundary
conditions for Equations (11) and (13) are established as Equations (14) and (15).

J(t1) =0

x(0) =0

DC(T]) =0

tx(tl) = Amax (14)
w(0)=0

w(Tl) = Umax

6(0) =0

J(t2) =0

Dé(Tz) =0

Dé(Tg,) =0

“(tZ) = Xpmax (13)
(/J(Tz) = Wmax

(/J(T3) =0

where &4 denotes the maximum acceleration of the acceleration segment, «;,,,, denotes
the maximum deceleration of the acceleration segment, w;sx denotes the maximum speed,
t1 €10, T1], and £, € [Ty, T3].

By simultaneously deriving Equations (11) and (14), Equation (16) can be obtained:

](t) — 9famax tz + 3famax
a(t) — 3\[amax t3 36%1max t

€ [0, Ty] (16)

t
w(t) = —” R

— 3\[0¢max 5 V3&max 13

o(t) = 40T3 t ot

Define local variables in the deceleration segment: when t = T, and when ¢ = T3,

mapping the time interval [T, T3] to [0, T], the calculation process and method for the

deceleration segment are identical to those for the acceleration segment. Thus, Equation
(13) can be rewritten as Equation (17):

J(8) = gt (= To)” + 52

(1) = — 2 (¢ Ty)° o St (¢ T) il )
w(t) = —;f"%;‘;)@(t ~T)*+ i{“bf;;j( —T5)% + Wmax v

0(t) = — tmess (1= T5)° + G0mes (1= To)° + wmax(t = T2) 40

Here, 0 = wyax(To — T1) +6(T ).
When the control system specifies the maximum speed wy,y and target displacement
0, the time parameters T4, T, and T3 can be calculated using Equations (16) and (17).

_ 83w
=S 5 5
_ 6 64v/3 7v/ 3w 2
T2 - wrglax N 135apmax @Wmax — 40 err\r;ix T + Tl (18)

T3 — sfwmax + T2

Xpmax
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4.2. Optimal Trajectory Planning Based on NSGA-II-Levy-SA
The optimization problem can be formulated as in Equation (19):
minf (x) = [f1(x), fa(x), - - - fu(x)]
Qi(x)>0,(i=1,2,---m) (19)
hi(x) =0, (l =12, Wl)

In the equation, f,(x) represents the objective function; g;(x), h;(x) are the constraint
functions; X = (x1,x2,- - - x,)" is the n-dimensional decision variable.

The decision variables for multi-objective optimization of trajectories are the time lengths of each
interpolation interval, denoted as AT = (AT, ATy, - - - AT,)", where AT = ti\ 1 —t;,i=1,2,--- n,t;
represents the time sequence of trajectory points. The time of the first point is ¢, typically set to
t; = 0. The defined objective functions and constraints are shown in Equation (20).

N
fi= 'ZlATi
1=
N 1 AT
= [N E244 20
f2 El AT, ; (20)
N1 a1,
= — Lredt
fs El AT; b

Here, f1 represents the time-optimization objective function, where N denotes the
number of interpolation intervals; f; is the energy objective function, where E; signifies
the power variable for each interval, E; = 7;-w = [-a-w and I represent the motor shaft
rotational inertia, and & denotes acceleration; f3 is the impact objective function, where
7; indicates the torque variable for each interval, 7; = I-« and I denote the motor shaft
rotational inertia, and & represents acceleration.

The constraint condition is given by Equation (21):

max{|w|} < wmax
max{|a|} < &max (21)

max{ |‘Xb | } < Xbmax

In the formula, w and w4y represent the hoist’s operating speed and maximum allow-
able speed, respectively. & and &, represent the acceleration during the hoist’s accelera-
tion phase and the maximum allowable acceleration, respectively. a}, and «;,,,, represent
the acceleration during the hoist’s deceleration phase and the maximum allowable acceler-
ation, respectively.

Assuming the parameters for the total displacement, velocity, acceleration during the
acceleration phase, deceleration during the deceleration phase, and rotational inertia of the
winch during a single drill string hoist are as shown in Table 12:

Table 12. Relevant Motion Parameters Before Optimization.

Parameter Information Numerical Value
Total angular displacement 3381.35 rad
Angular velocity 75rad/s
Angular acceleration during acceleration phase 30 rad/s?
Angular acceleration during deceleration phase 20 rad/s?

Calculations were performed based on the parameters listed in Table 12, and MATLAB
(R2023b) was utilized to simulate the variations in motion parameters within the electric
winch of an oil drilling rig, as shown in Figure 13.
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Winch Angle Displacement Curve
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Figure 13. Images of angular displacement, angular velocity, angular acceleration, and angular jerk
before optimization.

The decision variable takes values within the range AT € [0.05, 50], with the velocity
and acceleration at the winch’s starting and ending points set to zero. The constraint
condition is given by Equation (22):

max{|w|} < Wmax = 85rad/s
max{|a|} < &max = 50 rad/s? (22)
max{|ap|} < dpmax = 40 rad/s*

The NSGA-II-Levy-SA algorithm was employed for multi-objective optimization of
the winch, with a maximum iteration count of 300 and a population size of 100. This
process generated the Pareto front as shown in Figure 14.

The distribution pattern of the Pareto frontier reveals a clear trade-off between dura-
tion, energy consumption, and impact intensity: extending the duration simultaneously
reduces both energy consumption and impact severity. Conversely, pursuing shorter
durations inevitably entails higher energy consumption and more pronounced impacts.
Therefore, engineering applications must make selections based on practical operational
constraints. This study prioritizes energy consumption and impact mitigation. The selected
parameters are shown in Table 13, and the optimized curve is depicted in Figure 15.
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Table 13. Optimized Kinematic Parameters.

Parameter Information Numerical Value
Total angular displacement 3381.35rad
Angular velocity 84.97 rad/s
Angular acceleration during acceleration phase 17.71 rad /s?
Angular acceleration during deceleration phase 19.66 rad /s>
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Figure 15. Images of angular displacement, angular velocity, angular acceleration, and angular jerk

after optimization.
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Simulation results demonstrate that the optimized trajectory is smooth, continuous,
and free of abrupt changes. A comparative analysis of the motion curves before (Figure 13)
and after (Figure 15) optimization reveals a significant enhancement in smoothness: the
optimized acceleration and jerk profiles exhibit markedly reduced oscillations and more
gradual transitions, effectively eliminating the sharp peaks present in the pre-optimization
curves. Throughout the entire operation, both velocity and acceleration remain within the
specified constraint limits. The quantitative metrics in Table 14 were computed through
numerical simulation based on the objective functions defined in Equation (20), where the
total operating time corresponds to the sum of all time intervals, while the total energy
consumption and total impact were obtained by integrating the squared power and squared
torque over the complete motion trajectory using the optimized parameters. A quantitative
comparison of the total operating time, total energy consumption, and total impact force
before and after optimization is presented in Table 14.

Table 14. Quantitative Comparison of Time, Total Energy Consumption, and Total Impact Before and

After Optimization.

Total Time (s) Total Energy (W) Total Impact (kN - m)

Before optimization 49.83 4.8754 x 10° 11,537

NSGA-II 46.89 4.1043 x 10° 8577

MOPSO 48.82 43216 x 10° 9835.1

IBEA 47.11 4.0601 x 10° 8471.5

SPEA2 46.89 4.0523 x 10° 8495.9

NSGAII-Levy-SA 46.98 3.9981 x 10° 8375.8

The table data indicates that compared to the baseline before optimization, the total
operating time of the winch decreased by 6%, energy consumption dropped by 17.99%,
and overall impact was reduced by 27.4%. Consequently, the multi-objective optimized
trajectory enhances efficiency while ensuring stable operation, significantly lowering both
energy consumption and impact.

The optimized performance in time, energy consumption, and impact holds clear value
for industrial applications. The reduction in cycle time directly enhances tripping operation
efficiency and equipment throughput. The decrease in energy consumption translates to
significant operational cost savings and a reduced environmental footprint. The effective
suppression of mechanical impact is crucial for extending the service life of key components
such as wire ropes and gear transmission systems, thereby reducing maintenance frequency
and the risk of downtime. Collectively, these improvements demonstrate that the proposed
optimized trajectory not only enhances the economy and safety of a single operation but
also contributes to the efficient, reliable, and long-term stable operation of the drilling rig
at a systemic level.

4.3. Discussion on Practical Robustness

It is important to acknowledge that the present study and its promising results were
obtained under idealized simulation conditions, which assumed rigid connections and
neglected practical disturbances such as load mass variations, transmission vibrations,
and external perturbations. This focus allowed for a clear evaluation of the trajectory
planning algorithm’s core performance. In real-world industrial applications, these factors
could influence the system’s dynamic response. However, the smooth and continuously
differentiable nature of the quintic polynomial-based trajectories generated by the proposed
method provides inherent robustness to a degree. By minimizing high-frequency compo-
nents and avoiding abrupt changes in acceleration, the planned motion is less likely to
excite detrimental vibrations even under parameter variations. Furthermore, this optimized
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trajectory serves as a high-quality reference input for downstream closed-loop controllers
(e.g., PID or MPC), which are responsible for disturbance rejection. The superior smooth-
ness of the reference facilitates more stable and precise tracking control, thereby enhancing
the overall system’s resilience to disturbances. Investigating the algorithm’s performance
under a wider range of operational uncertainties and conducting hardware-in-the-loop
tests constitute key directions for our future work.

5. Comprehensive Discussion
5.1. Analysis of Principal Findings and Identified Challenges

The experimental results from both benchmark functions and engineering applications
reveal and clarify two core issues in existing multi-objective optimization algorithms. First,
there is the inherent limitation of traditional algorithms like NSGA-II in balancing global
exploration and local exploitation. For instance, on the multimodal test function ZDT4,
which contains numerous local Pareto fronts, algorithms such as NSGA-II and MOPSO
easily become trapped, resulting in higher IGD values (0.0051 and 0.0054, respectively).
In contrast, our algorithm achieves a lower IGD (0.0048), demonstrating its capability to
effectively escape local optima. Second, there is the challenge of achieving synergistic opti-
mization among strongly conflicting objectives in practical engineering problems. In the
winch optimization case, pursuing minimal time naturally leads to increased energy con-
sumption and impact, as shown by the clear trade-offs on the Pareto front (Figure 14). Prior
to optimization, the baseline trajectory failed to balance these three objectives effectively.

5.2. Theoretical Implications and Practical Contributions

The superior performance of NSGAII-Levy-SA carries profound implications for both
algorithmic design and engineering practice. In terms of algorithmic design, it validates the
immense potential of strategically hybridizing metaheuristics with complementary properties.
The 17.99% reduction in energy consumption and 27.4% reduction in impact in the winch
application are not accidental. They are directly attributable to the intrinsic mechanisms of the
introduced operators: the Lévy flight mechanism, with its heavy-tailed jumps, is particularly
effective at exploring diverse, low-impact trajectories, while the simulated annealing mech-
anism, with its conditional acceptance, excels at refining solutions toward energy-efficient
smoothness. For engineering practice, this study demonstrates that complex operational
objectives—efficiency, economy, and safety—are not irreconcilable contradictions. By provid-
ing a well-distributed Pareto front, the algorithm transforms subjective empirical decisions
into a scientific, data-driven multi-criteria decision-making process, enabling the selection of
the optimal trajectory based on specific operational priorities.

5.3. Underlying Optimization Mechanism and Generalizable Pattern

This research uncovers a fundamental pattern for enhancing complex optimization
algorithms: the “Dynamically Balanced Synergy” between exploration and exploitation.
The adaptive parameter control strategy is the key to realizing this pattern. It is not a
simple linear combination of operators, but a law-governed, dynamic coordination process.
Experimental observations confirm this pattern: in the early stages of evolution (e.g., on
ZDT1), a larger step scaling factor a(t) allows Lévy flight to play a dominant role in broad
exploration, rapidly locating promising regions. In the later stages (e.g., critical for final
convergence precision in DTLZ5/6), the strategy reduces a(t) while activating simulated
annealing and adjusting the Lévy exponent, shifting focus to intensive local exploitation.
This pattern of “early exploration, late exploitation, dynamically transitioned” ensures that
the algorithm’s search capabilities are allocated optimally throughout the evolutionary



Machines 2025, 13,1017

28 of 30

process. This explains its consistent robustness and high performance across problems with
vastly different landscape characteristics, from multimodal ZDT4 to degenerate DTLZ5/6.

6. Conclusions

The proposed hybrid NSGA-II algorithm, integrating Lévy flight and simulated an-
nealing, enhances the performance of traditional multi-objective evolutionary algorithms
by organically combining three complementary strategies. Lévy flight provides robust
global exploration capabilities, and simulated annealing ensures efficient local convergence
accuracy, while adaptive parameter control skillfully coordinates these two behaviors.
This hybrid framework enables the algorithm to generate more uniformly distributed and
better converged sets of Pareto-optimal solutions when tackling multi-objective optimiza-
tion problems with complex characteristics. Comparative evaluations against NSGA-II,
MOPSO, IBEA, and SPEA2 on two- and three-objective benchmark functions demonstrate
that NSGAII-Levy-SA exhibits superior performance in convergence speed, solution diver-
sity, and distribution uniformity. In engineering applications, this algorithm reduced the
motion trajectory optimization results for oil drilling electric winches by 6% (time), 17.99%
(energy), and 27.4% (impact), validating its practical effectiveness.

The current limitations of this paper and future research directions include:

1.  The algorithm’s effectiveness has only been validated for optimizing electric winch
trajectories in oil drilling rigs and has not yet been tested in other engineering domains.

2. Benchmark evaluations are limited to <3 objectives, leaving the scalability for high-
dimensional problems unvalidated. These constraints highlight key research direc-
tions for developing multi-objective optimization algorithms.

3. Algorithmic performance remains somewhat sensitive to parameter tuning. Despite the
introduction of adaptive strategies, hyperparameters such as the step size scaling factor
in Lévy walk and the initial temperature in simulated annealing still require adjustment
for specific problems, thereby compromising their “out-of-the-box” convenience.

4. The algorithm exhibits relatively high computational complexity, and the computa-
tional overhead introduced by mixed strategies may render it unsuitable for online
optimization scenarios with stringent real-time requirements.

5. Integration with Surrogate Models: For computationally expensive simulations, a
promising direction is to hybridize NSGAII-Levy-SA with surrogate models (e.g.,
Gaussian processes, neural networks). The key research problem is how to intel-
ligently manage the interaction between the global search of Lévy flight and the
uncertainty prediction of the surrogate to maximize convergence speed without sacri-
ficing solution quality.
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