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ABSTRACT: This study proposes a multi-objective optimization framework for electric winches in fiber-reinforced
plastic (FRP) fishing vessels to address critical limitations of conventional designs, including excessive weight, material
inefficiency, and performance redundancy. By integrating surrogate modeling techniques with a multi-objective genetic
algorithm (MOGA), we have developed a systematic approach that encompasses parametric modeling, finite element
analysis under extreme operational conditions, and multi-fidelity performance evaluation. Through a 10-t electric winch
case study, the methodology’s effectiveness is demonstrated via parametric characterization of structural integrity,
stiffness behavior, and mass distribution. The comparative analysis identified optimal surrogate models for predicting
key performance metrics, which enabled the construction of a robust multi-objective optimization model. The
MOGA-derived Pareto solutions produced a design configuration achieving 7.86% mass reduction, 2.01% safety factor
improvement, and 23.97% deformation mitigation. Verification analysis confirmed the optimization scheme’s reliability
in balancing conflicting design requirements. This research establishes a generalized framework for marine deck
machinery modernization, particularly addressing the structural compatibility challenges in FRP vessel retrofitting.
The proposed methodology demonstrates significant potential for facilitating sustainable upgrades of fishing vessel
equipment through systematic performance optimization.

KEYWORDS: Marine winch; multi-objective optimization; surrogate model

1 Introduction

Fiber-reinforced plastic (FRP) fishing boats have experienced significant growth in recent years due
to their notable advantages of lightweight and high strength. However, compared to steel fishing boats,
FRP fishing boats have lower stiffness, resulting in a more compact structure and limited space during
construction. This poses higher demands on the deck machinery of fishing boats, which were originally
relatively bulky [1]. Upgrading and transforming traditional deck machinery can facilitate the upgrading
and replacement of fishing boat deck machinery, as well as address the issue of technological innovation in
FRP fishing boat deck machinery [2]. Additionally, this aligns with the requirements of energy conservation,
emission reduction, “dual carbon,” and the concept of sustainable development [3].

As the most prevalent and standard deck machinery on fishing boats, developing scientifically-based
multi-objective optimization schemes for fishing boat winch systems to achieve their upgrading has emerged
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as a crucial issue that requires immediate attention. Lightweight vessels have the potential to substan-
tially enhance the loading capacity or sailing speed per unit weight, thereby effectively achieving energy
conservation, reduced consumption, and decreased emissions.

Over the years, numerous scholars have conducted extensive research on deck machinery, such as
winches, and their optimization in terms of performance. Solovyov and Cherniavsky [4] analyzed the impact
of various factors, including barrel size, material properties, rope characteristics, and load levels, on the
rate of strain accumulation. Their objective was to provide barrel designs for new winches and establish
load constraints for existing winches. To achieve this, they developed new ropes and specialized software
to assist trawl fishing boats in predicting situations that may result in the plastic deformation of the winch
components. Wu et al. [5] introduced the concept of modular design and combined it with fuzzy clustering
artificial intelligence to determine different module divisions. They applied this approach to calculate the
parameters of each stage during the operation of a ship anchor winch, thereby facilitating the overall
structural design. Finally, the amount of outfitting is 1600; the anchoring depth is h < 82.5 m, and the coaxial
bedroom single-side double drum design is adopted. Ye et al. [6] introduced a full-scale testing device to
evaluate the stress exerted on winches by multi-layer wound fiber ropes, using high-modulus polyethylene
ropes. This paper concludes by conducting the spooling experiment on the full ocean depth oceanographic
multiple-layer winch with fiber rope with a length 013,000 m. The experimental result indicated that it could
be considered a promising tool for estimating and analyzing the deformation of rope under various tensions
and the rope winding application in engineering. Sarca et al. [7] conducted a strength analysis on the ultimate
load borne by the main shaft of shipborne winches. They accomplished the redesign and optimization of the
main shaft structure through the optimization of wall thickness size and the implementation of a hollow shaft
structure. Through the processes of optimization, redesign, and simulation using finite element analysis, the
achieved results show a 45% reduction in the weight of the shaft. From the economical point of view, by
using a tube instead of a bar, it is possible to achieve a reduction of almost 6000 USD for a batch of 1000
shafts. Jiaand Li [8] proposed a design method for strengthening the tank wall of trimaran based on topology
optimization. Under the premise of ensuring that the bulkhead has sufficient structural strength, seven
structural strength check conditions were designed. Finally, under the condition that the stress distribution
and maximum stress of the bulkhead and reinforcement do not change, the mass of the bulkhead and
reinforcement is reduced. Huda and Mursid [9] performed topology optimization on a mooring winch
bracket, aiming to remove material from the bottom of the bracket and achieve a weight reduction ratio
of 13%.

Many practical engineering optimization problems, often involving simultaneous optimization of
multiple conflicting objectives, can be referred to as multiple objective optimization problems (MOP). For
multi-objective optimization, a widely accepted and applied approach is to obtain a Pareto solution set
through a multi-objective optimization algorithm based on the Pareto mechanism, including NSGA-II [10],
MOPSO [11], NSGA-III [12], and other classic algorithms and newly developed DC-NSGA-III [13] and
other derivative algorithms. However, as the number of targets increases and the number of non-dominant
solutions increases exponentially, Pareto-based EA does not provide sufficient pressure for the solution
set to converge to the true Pareto Front (PF) with a limited number of evaluations. Using the surrogate
model to construct a global performance prediction model to replace expensive experiments and simulations
is an effective auxiliary means. Khishe et al. [14] developed the Multi-Objective Chimp Optimization
Algorithm (MOChOA), a multi-objective variation of ChOA, to solve multi-objective optimization problems
in engineering. MOChOA, which uses a memory structure, leader selection strategy, and grid mechanism,
outperforms well-known intelligent algorithms in tests and can be applied in various fields with competing
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objectives due to its good performance and fast execution. Xiong et al. [15] used a surrogate model-
based strategy to perform multi-objective optimization on the front-end structure of the vehicle body. The
results show that the automobile body is lightweight and designed with a mass reduction of 4.12 kg while
other mechanical performance is well guaranteed. Zhang et al. [16] proposed an optimization framework
based on Kriging, which applies a method to determine fluid dynamics parameters. By dynamically filling
sample points and updating the Kriging model with gradient information of geometric constraints, the
optimization efficiency is further improved. Aljaidi et al. [17] proposed a multi-objective RIME optimization
framework (MORIME). By Combining with the multi-objective optimization technology, engineers can
optimize multiple objectives (such as weight, strength, cost, etc.) simultaneously in the truss design. Jangir
et al. [18] proposed a new multi-objective non-sorting Harris Eagle optimizer (NSHHO). The NSHHO
algorithm has advantages in solving unconstrained, constrained, and realistic problems with different linear,
nonlinear, continuous, and discrete characteristics based on the Pareto frontier, and provides a new solution
for the optimization of complex engineering problems. Li et al. [19] utilized the Moving Least Squares (MLS)
absorption method, Kriging model, Marine Predator Algorithm (MPA), Vector surrogate modeling method,
and Hybrid Collaborative Sampling technique and proposed a vectorial surrogate modeling method based
on the moving Kriging (MK-VSMM) model. By comparing with alternative methods, it is demonstrated
that the developed MK-VSMM exhibits exceptional modeling and simulation performance. Liu et al. [20]
proposed a vector surrogate modeling method based on the Moving Kriging Method (MK-VSMM) model
to establish a multi-fidelity Co Kriging surrogate model for ship hydrodynamic performance optimization.
The results showed that the optimal ship obtained had a better resistance optimization effect. Kyprioti
et al. [21] proposed a new adaptive experimental design framework that combines predicted variance and
LOOCYV error as weight factors for Kriging element modeling. Engineers can explore and develop by
adjusting coeflicient balance, and optimize weight estimation using nearest neighbor interpolation. The
results show that the proposed method performs better in six examples, is suitable for local nonlinear
functions, and has lower computational costs. Mehmani et al. [22] introduced an automated surrogate
model selection framework named COSMOS, which aims to meet the modeling demands of complex
system design problems. Zhang and Taflanidis [23] proposed an efficient optimization method based on
the surrogate model to solve design problems with multiple random objectives. It extends the MODU-
AIM algorithm previously used for dual objective problems by introducing a Multi-Objective Evolutionary
Algorithm (MOEA) to handle situations with more than two objectives. Currently, the optimization of
fishing boat winches faces several key issues. Firstly, the optimization is primarily focused on the individual
components, lacking a comprehensive approach to optimize the entire equipment. This study blanking in the
multi-objective optimization research of fishing boat winches has resulted in the absence of a reliable system
multi-objective optimization framework.

While the traditional design adopts empirical formulas, there are the following problems: (1) The
design based on the empirical formula of specific materials (such as steel), it cannot directly adapt to the
nonlinear mechanical behavior of new materials (such as FRP), resulting in falsely high safety factor or
failure risk; (2) The design compensates for uncertainty through amplification of safety factor, resulting
in material redundancy and weight out of limits; (3) The design paradigm with single index as the core
cannot quantify the conflict relation among lightweight, rigidity and cost, resulting in the imbalance of
comprehensive performance.

Traditional optimization methods such as single surrogate models have the following problems: (1) Poor
adaptability of model assumptions: Kriging: Based on the spatial correlation assumption, the interpolation
error of non-uniform sampling data is significant. Polynomial response surface (PRS): The dragging phe-
nomenon is likely to occur in high-order nonlinear problems, such as dynamic tension fitting failure of winch
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wire rope; (2) High-dimensional disaster and over-fitting: when the design variable exceeds 5 dimensions,
the prediction accuracy of single-surrogate model drops sharply. Under the small sample training, the
support vector regression (SVR) is likely to over-fit the noise data, and the generalization ability is poor; (3)
Inefliciency of multi-objective optimization: multiple calls are required to calculate Pareto frontier, and the
calculation time of single-surrogate model increases exponentially. In case of target conflict, it is difficult for
a single model to capture a non-convex solution set, resulting in a local optimal trap.

Furthermore, various methods have been employed by researchers to optimize the design of wind
turbines, wheels, and bodies. These methods include radial basis function neural networks, Kriging,
surrogate models, and multi-objective genetic algorithms. Implementing these methods has led to improved
performance, decreased weight, and enhanced stability of the subjects under investigation. Consequently,
this article proposes the use of a surrogate model and multi-objective genetic algorithms to optimize fishing
boat winches and presents a multi-objective optimization framework that encompasses the entire equipment
as the object of study. It solves the problems of poor material adaptability, multi-objective conflict, and
inaccurate dynamic response prediction in the design of new fishing winches. Its advantages are reflected not
only in the improvement of performance indicators but also in providing a scalable and adaptive optimization
model for complex engineering systems. Furthermore, they provide a key technical path for the upgrading
of fishery equipment and the design of green ships.

The innovations in this paper are summarized as follows:

(1)  Theoretical innovation: We have compared different surrogate models by error analysis, selected an
optimal model to replace the original complex model, and proposed an expensive multi-objective
optimization framework based on the combined surrogate model and mixed error indicators;

(2) Application and innovation: The proposed method is applied to the multi-objective lightweight
problem of FRP fishing boat winches, filling the current research gap of multi-objective winch systems
at home and abroad, and promoting the transformation and upgrading of ship equipment.

The subsequent sections of this article are organized as follows: Section 2 introduces the overall
framework and relevant theories of the proposed method, while Section 3 performs pre-processing for the
multi-objective optimization of winches. In Section 4, the proposed method is employed to undertake a
multi-objective optimization design for an engineering case to validate its effectiveness. Finally, the main
conclusions are drawn.

2 Optimization Framework and Related Theories
2.1 Proposed Overall Optimization Framework

Since this study concentrates on the multi-objective lightweight design of structures, it is necessary
to first define the multi-objective optimization problem, including the parameters comprising the design
variables, objective function, and constraint function. Subsequently, a finite element model (FEM) must be
constructed to define the stiffness DM, safety factor SE and mass GM performance indicators. Following
this, the design variables and their upper and lower limits should be determined, and a parameterized
FEM should be created. Three kinds of surrogate models, namely Kriging, genetic aggregation (GA), and
RBENN, are constructed. Then the optimal surrogate model with the optimal performance prediction effect
of each target is selected through the error size. Based on the determined surrogate model, a multi-objective
optimization model is constructed. Then, the Pareto solution set is obtained through the multi-objective
genetic algorithm (MOGA) algorithm, and the selected design point is verified and analyzed. Finally, the
multi-objective optimization design can be finalized.
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Based on the aforementioned analysis, the overall multi-objective optimization framework for the entire
system is illustrated in Fig. 1.
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Figure 1: Multi-objective optimization design scheme

2.2 Surrogate Model

The surrogate model, also known as the approximate model, refers to the construction of efficient
mathematical models through a series of mathematical formulas to replace actual analytical models. In
practical engineering problems, the relationship between input and output is often a black-box function that
cannot be directly obtained. Evaluating the target response under multiple different parameters requires a
large number of simulation calculations as the basis. Using surrogate models instead of large-scale simulation
calculations can greatly reduce computational costs and optimization cycles.

Nowadays, the commonly used single surrogate models include Polynomial Response Surface
(PRS) [24], Kriging [25-27], Multivariate Adaptive Regression Spline (MARS) [28,29], Artificial Neural
Network (ANN) [30-33], and Support Vector Regression (SVR) [34,35].

Ensemble surrogate models integrate multiple single surrogate models, improving predictive capabili-
ties through weighted averaging, dynamic selection, or stacking strategies. By using model complementation,
the deviation is reduced, and the precision is improved significantly in high-dimensional/nonlinear prob-
lems, which makes the ensemble surrogate models applicable to complex problems under multiple working
conditions. The performance comparison analysis of the single surrogate model and combined surrogate
model is shown in Table 1 below:
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Table 1: Performance comparison analysis

Single surrogate models Ensemble surrogate models
Prediction Good performance on simple/low The model complementation reduces the deviation and
accuracy dimensional problems; Subject to model improves the accuracy significantly in
assumptions high-dimensional/nonlinear problems
Calculate the Fast training speed, suitable for small Increased computational cost due to multi-model training
cost samples
Robustness to Sensitive to noise or abnormal values Noise suppression through model diversity, more robust
robustness
Adaptability A priori knowledge is required to select the  The adaptive fusion strategy reduces the dependency on
model type model selection and is applicable to complex problems
under multiple working conditions
Limitations Sensitive to non-uniform sampling, An efficient weight allocation strategy needs to be designed,
requiring additional spatial interpolation otherwise redundant calculations may be introduced
correction

The Kriging model was first proposed by Krige [26] as an interpolation method, and Matheron [27]
systematically and theoretically analyzed its results, thus obtaining a mathematical expression. Subsequently,
Lophaven et al. [36] proposed an auxiliary design analysis method based on the DoE method and Kriging
technique. This model is an interpolation model suitable for approximating deterministic computer simu-
lations, which can represent multiple characteristic functions and provide estimates of uncertainty [37-39].
The relevant expressions for the Kriging model are as follows:

y(x) = f(x)+Z(x) ey

in the formula: f (x) is the regression model; Z (x) is a stochastic process model with an expectation of 0
and a variance of °.

Radial basis function neural network (RBFNN) is a commonly used artificial neural network model,
widely used in fields such as mechanical product optimization design, pattern recognition, prediction, and
control. Its core is the radial basis function (RBF), which is a local function whose output is only related to
the distance from each point in the input space to the center of the network. This property gives RBFNN
advantages such as fast convergence, high-precision approximation, and good robustness. The structure of
RBFNN consists of three layers: the input layer, the hidden layer, and the output layer. Among them, the
hidden layer is composed of several radial basis functions, each of which has a center and a bias, while
the output layer is linear. The training process of the network includes two steps: first, to use a clustering
algorithm to determine the center of each radial basis function, and then to use the least squares method to
determine the weights [40].

In the RBFNN model, the mathematical relationship between the output layer nodes and the hidden
layer nodes is expressed as follows:

h
ye= . Bio(ll x—d;i|) (2)
in1

where ; represents the value of the i-th connection weight coeflicient in RBENN; ¢ denotes the nonlinear
basis function; d; represents the center of the i-th hidden layer node; and || x — d;| signifies the Euclidean
distance function.
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Due to the error between the response surface model and the real model, this error affects the accuracy
and reliability of the optimized design results. If the error exceeds the allowable range, the model must be
redesigned with experimental samples. So before optimizing, it is necessary to conduct error analysis on
the approximate response surface model to determine its accuracy. The accuracy of the response surface is
determined by the coefficient of determination R?, relative maximum absolute error (RMAE), and relative
average absolute error (RAAE).

(1)  R?:R?is a statistical measure of the goodness of fit of response surface models, calculated as follows:

(i - i)’

s
L8]
Il
|
LM

(3)
(i-71)°

M=

I
—_

in the formula: H is the number of error sample points; y; is the value predicted by the surrogate model
for the i-th error sample point; y; is the actual response value corresponding to the i-th error sample
point; y; is the average of the actual response values corresponding to all error sample points.

(2) RMAE:
) (4)

in the formula: y; is the value predicted by the surrogate model for the i-th error sample point; y; is
the actual response value corresponding to the i-th error sample point.
(3) RAAE:

A

Yi—Yi

RMAE = max(
Vi

lH
RAAE:E;

Vi

y"_y"‘ 5)

where: J; is the value predicted by the surrogate model for the i-th error sample point; y; is the actual
response value corresponding to the ith error sample point; H is the number of error sample points.

The range of values for R* is between 0 and 1. As R? approaches 1, the surrogate model’s prediction
accuracy for the actual design point improves. Generally, if R? is greater than 0.9, it indicates good prediction
accuracy and the potential to replace the actual model.

The closer RMAE and RAAE are to 0, the smaller the prediction error of the proxy model and the higher
the accuracy of the surrogate model.

2.3 MOGA

MOGA is a typical Pareto method that was the first to explicitly use Pareto sorting and niche techniques
to search for the Pareto optimal frontier. This approach aims to improve population diversity and prevent
premature convergence of the solution population [41].

The MOGA algorithm ranks all individuals in the population using the concept of “Pareto optimal
individuals” and performs selection operations based on this ranking order during the evolutionary process.
This ensures that the top Pareto optimal individuals have a higher chance of being inherited into the next
generation population. After a certain number of iterations, the MOGA algorithm can ultimately search for
the Pareto optimal solution for multi-objective optimization problems [42].

The MOGA flowchart, shown in Fig. 2, consists of the following steps:
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Population initialization: Randomly generate a set of individuals, each representing a potential solution.
Fitness calculation: Calculate the fitness value for each individual using multiple objective functions
and obtain a fitness vector.

Pareto front sorting: Sort individuals based on their fitness vectors and divide them into different Pareto
fronts. A solution is considered Pareto optimal if it is not dominated by other solutions.

Crowding distance calculation: Calculate the distance between each individual and its neighboring
individuals within each Pareto front to maintain population diversity.

Selection operation: Select a group of individuals from the population to generate the next generation
of individuals. The selection strategy is typically based on Pareto front and crowding distance.
Crossover and mutation operations: Perform crossover and mutation operations on the selected
individuals to generate new individuals and add them to the next generation population.

Population update: Replace the existing individuals with the new ones to form the next generation
population.

Termination condition: Stop the algorithm if the predetermined number of iterations is reached or a
satisfactory solution is found.

Generate
initial
population
|
Calculate
the degree
of
adaptability

Algorithm

convergence? Select

Output the Crossing
best

individual l

Variation

| I

Figure 2: Genetic algorithm flow chart

3 Multi-Objective Optimization Pre-Processing for Winches

3.1 Engineering Case Model

This article selects a 10 t electric winch from a specific enterprise as the research object and conducts

multi-objective optimization on the electric winch to achieve the goals of reducing weight, increasing

safety factor, and minimizing deformation during operation without making significant adjustments to the
manufacturing process. The 3D model of the electric winch is shown in Fig. 3 and consists primarily of a rope
guide, drum, reducer, brake device, motor, and wall frame. The technical parameters are provided in Table 2.
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Figure 3: Engineering model of electric winch. I—Rope guide; 2—Drum; 3—Reducer; 4—Brake device; 5—Motor;
6—Wall frame

Table 2: Technical parameters related to trawl winch

Technical parameters Load tension (N)  Middle-rated Wire rope Wire rope
speed (m/min) diameter (mm) length (m)
Numerical size LOE+5 80 26 2600

3.2 Initial Performance Analysis under Multiple Operating Conditions

During the actual operation of the electric winch, the position of the rope guide changes according
to the direction of the wire rope. When the rope guide is located at both ends, the force on the drum is
at its maximum. At this time, the flange plates on both sides of the drum experience the highest level of
extrusion stress. In addition to the extrusion stress on the flange plate, the drum also experiences the effects
of gravity, torque, and extrusion stress from the steel wire rope on the drum, as well as the braking torque
from the brake.

The drum and rope guide are the main components of the winch, and the load they bear can be divided
into six parts: the gravity of the wire rope on the drum, the torque of the wire rope on the drum, the extrusion
stress caused by the wire rope on the drum, the extrusion stress on the flange plate of the drum, the torque
of the brake on the drum, and the torque of the wire rope on the drum.

(1) The gravity of the wire rope on the drum:
G=alg (6)

where: a is the coeflicient 2.6, L is the total length of steel wire rope.

(2) Torque of the wire rope on the drum:

_FD,,

M
NTT

7)

where: F is the tensile force loaded on the surface of the drum, which is 100,000 N; D,, is the maximum
winding diameter of steel wire rope.
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(3) The extrusion stress of the steel wire rope on the drum, pointing to the axis:

_24F

%= Dr ®)

where: A is the influence coefficient of the number of floors; F is the tensile force loaded on the surface of
the drum, which is 100,000 N; D is the diameter of the extrusion surface, and ¢ is the transverse spacing of
steel wire rope.

(4) The rope extrusion stress on the drum flange plate:
o=b-0 )

where: b is a coefficient with a value of 1.3.

(5) Torque of the brake on the drum:
Msc =c- My (10)

where: c is a coefficient with a value of 1.3.

(6) The extrusion force of the steel wire rope on the drum:
Fpsq = Fsin (15/180 x 1) (11)

In the case of an electric winch used on a fishing boat, the maximum lateral force occurs when the rope
is at the left and right limit positions. One position is when the rope is close to the wall frame (referred to
as condition 1), and the other position is when the rope is close to the reducer (referred to as condition 2).
The remaining stress is analyzed based on the calculations mentioned above. Therefore, this paper conducts
a performance analysis of a fishing boat electric winch under extreme working conditions, focusing on these
two working conditions.

By solving and analyzing the winch with an added load, the maximum deformation, minimum safety
factor, and position can be determined. The result is shown in Fig. 4.

According to the analysis results of condition 1, it can be observed that under the current working
condition, the maximum deformation of the electric winch occurs at the brake side plate. However, the
maximum deformation is very small and does not affect the normal operation. In terms of safety factor, the
minimum equivalent stress safety factor is 1.94, which is located at the drum.

According to the analysis results of condition 2, it can be observed that condition 2 bears some
resemblance to condition 1. Under condition 2, the side plate of the gearbox is where the maximum
deformation of the electric winch is located. However, this maximum deformation is very small and does not
impact the normal operation of the winch. In terms of safety factor, the minimum equivalent stress safety
factor is 2.01.

Based on the analysis results, it is evident that the drum serves as the primary load-bearing component.
The significant deformation and low safety factor are mainly concentrated in the drum, while there is
considerable potential for multi-objective optimization in other parts.
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Figure 4: Analysis of cloud chart

3.3 Establishment of an Optimization Model

When conducting multi-objective optimization of the electric winch, it is essential to establish the
fundamental principles of the design. These principles include:

@

()

(3)

Minimize the weight of the electric winch, maximize the safety factor, and minimize the maximum
deformation without influencing the performance requirements of the winch. It is recommended to
select the design variables that have a high probability of influencing the weight, safety factor, and
maximum deformation of the winch based on enterprise experience.

Determine the trade-off relationship. Since there are multiple optimization objectives, there may be
conflicts or competition between different objectives. In such cases, it is crucial to consider the trade-off
relationship between them and determine the priority of the results. The significance of this paper lies
in improving the winch structure and reducing its weight. Under the condition of significant weight
reduction, the requirements for the minimum safety factor and maximum deformation of the winch
can be appropriately relaxed as long as they remain within a reasonable range of application.
Ensuring the manufacturability of the electric winch after optimization is crucial. The Pareto solu-
tion obtained through the multi-objective optimization algorithm must meet the manufacturability
requirements of the enterprise. This includes ensuring that the plate thickness parameter is an integer
and is available for use by the enterprise. Furthermore, the manufacturing process of the winch should
not be adjusted, and the manufacturing cost should be minimized as much as possible.
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After considering the optimized components, sizes, and the aforementioned finite element analysis
results, a total of 20 parameters have been selected as design variables, as shown in Fig. 5.

Figure 5: Electric winch and parameter model

According to the characteristics of the model’s structure size, it can be observed that excessive changes
in the equivalent up and down will not cause automatic modeling errors that affect the generation of the
model. The upper limit parameter size of the design variable is set at 135% of the initial size, while the lower
limit is set at 65% of the initial size. To avoid model reconstruction errors during subsequent optimization,
the upper limit size of parameter X7 is defined as 130% of the initial size, while the lower limit is set at 70%
of the initial size. The upper and lower limits of the dimensional variables of the electric winch are presented
in Table 3.

Table 3: Value range of dimension variable of electric winch

Size designation Initial size (mm) Lower dimension limit (mm) Upper dimension limit (mm)

X1 12 7.8 16.2
X2 12 7.8 16.2
X3 35 4725 22.75
X4 20 13 27
X5 20 13 27
X6 20 13 27
X7 400 280 520
X8 20 13 27
X9 20 13 27
X10 20 13 27
X11 20 13 27
X12 20 13 27
X13 20 13 27

(Continued)
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Table 3 (continued)

Size designation Initial size (mm) Lower dimension limit (mm) Upper dimension limit (mm)

X14 232 150.8 313.2
X15 20 13 27
X16 30 19.5 40.5
X17 30 19.5 40.5
X18 30 19.5 40.5
X19 40 26 54
X20 20 13 27

When establishing the multi-objective optimization model, it is essential to confirm the design variables,
constraints, and objective functions of the components. In this optimization, the aforementioned 20 param-
eters are chosen as the design variables. At the same time, we need to minimize the mass and deformation
coefficient and increase the safety coeflicient. Following enterprise requirements and considering actual
working conditions, the equivalent stress safety factor should not be less than 1.3, and the maximum
deformation must be limited to 2 mm. Based on these criteria, the multi-objective optimization model is
formulated as follows:

find: X = [x1,x2,...,%20]
Maxmization: SF (X)
Minimization: DM (X),GM (X)
. t‘{ GM < [GM]

xl<x;<xti=1,2,...,20

i

4 Multi Objective Optimization Design of Winch
4.1 Experimental Design

Once the multi-objective optimization model is established, a design of experiments (DoE) is conducted
for the winch. A total of 200 sample points is selected for this test, and 200 sets of sample points are obtained
through finite element analysis, as shown in Fig. 6.

4.2 Surrogate Model Construction

The response surface function is constructed using GA, RBENN, and Kriging. RMAE, RAAE, and R?
are used to judge the accuracy of the response surface after the construction of the response surface function.
The results of the error analysis are presented in Fig. 7.

It can be observed that when the Kriging method is used to fit the response surface of the model, the
determination coefficient R? is 1, and the values of RMAE and RAAE are 0. Therefore, considering all factors,
Kriging will be selected as the approximate function for subsequent genetic modeling in this optimization.
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Figure 7: Result error and judgment result of response surface model. (a) R? error analysis; (b) RAAE error analysis;
(c) RMAE error analysis

Based on the data in the figure, the RAAE and RMAE error metrics are scaled to a range of 0-1 (the
smaller the value, the better) and combined with the R* value for a comprehensive quantitative score. Then
the normalized error can be expressed as:

E - E
Eng = . —min (12)
Emax - Emin

E is the original error, E;, is its minimum value, and E,,x is its maximum value. The error score

calculated by normalization error can be expressed as:
Emax -E

Eps=1-Eyp= —2% —_ 13
ES NESE (13)

The smaller the error is, the higher the score is. The score obtained is shown in Table 4:

Table 4: Average score of error index

Model Average total score Comprehensive rank
Kriging 3+3+3)/3=3 1

GA (3 + 3 +2.9889)/3 ~ 2.9963 2
RBFNN  (0.99996 + 0.94518 + 0.99164)/3 ~ 0.979 3

It can be seen that for all target parameters, Kriging’s error index has RAAE = 0, RMAE = 0, and R*=1.
As a result, the comprehensive score is full (3.0), and the performance is perfect. Therefore, Kriging will be
selected as the approximate function of GM subsequently.
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4.3 Sensitivity Analysis

The sensitivity analysis results of design variables to SF, DM and GM of optimization target are shown
in Fig. 8.
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Figure 8: Sensitivity analysis diagram of optimization target

According to the sensitivity analysis chart, it can be observed that design variables X17 and X19 have the
highest sensitivity to the optimization target results, making the greatest contribution to the maximum safety
factor and showing a positive effect. On the other hand, X16 and X19 have the most impact on the maximum
deformation, exhibiting a negative effect. Regarding quality, X16 and X18 make the highest contribution
and have a positive effect. Thus, the two design variables that have the greatest impact on the target are
selected to generate response maps for X17 and X19 to SE X16 and X19 to DM, and X16 and X18 to GM. The
three-dimensional response surface characteristics are shown in Fig. 9.

4.4 Iterative Solution

Before solving the approximate response surface function, the first step is to select a more suitable
optimization algorithm. In this optimization, a multi-objective genetic algorithm is chosen to solve problems
with multiple objectives. Through a multi-objective genetic algorithm, multiple sets of solutions can be
found, and the global optimal solution can be found in a relatively short time through parallel search
capability, which is suitable for complex nonlinear problems.
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Figure 9: Three-dimensional response surface characteristics. (a) Response diagram of X17 and X19 to SF; (b) Response
diagram of X16 and X19 to DM; (c) Response diagram of X16 and X18 to GM

When solving, the mass of the optimized object is set to be minimized, the constraint objective safety
factor is maximized, and the maximum deformation is minimized. The initial sample points are set to 100,
and the maximum number of iterations is set to 1000. Each time, 100 samples are generated, resulting in an
expected number of evaluations of 1IE+5. The iteration diagram is shown in Fig. 10.

After a large number of iterative calculations, some candidate points were selected from the generated
100,000 sample points, and the resulting Pareto solution set is shown in Fig. 11.

Analysis of the above chart shows that in the non-dominated solutions, solution B has the best weight
optimization effect, but its safety factor has decreased. Although the maximum deformation of solution A
has slightly increased, the weight optimization is obvious, and the safety factor is also above the initial safety
factor. Therefore, it is proposed to use solution A for subsequent optimization and verification analysis.
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4.5 Optimal Results

Based on the determination of solution A and performance prediction using a surrogate model, the
performance prediction data shown in Table 5 were obtained. According to the results, the optimized electric
winch weighs 4426 kg, which is about 7.6% lower than the previous 4791 kg. The optimization effect
is significant.

Table 5: Analysis of optimized solutions

DM SF GM

Before optimization 146 mm 1938 4.791t
After optimization 108 mm 1991 4.426t
Optimization effect 26% 2.73%  7.6%

Due to errors in the solutions obtained based on the surrogate model, it is necessary to reintroduce
the optimized design variables into the model for performance analysis. The design variables in the solution
A obtained through solving have a significant impact on machining accuracy, which does not meet the
processing requirements of real-world enterprises. For instance, the board’s thickness accuracy is designed to
be 0.01 mm, while enterprises typically purchase boards with integer thickness for processing. Therefore, it is
necessary to round the design variable data and incorporate it into the model for scheme validation analysis.
The results of the comparative analysis of the adopted design variables are shown in Table 6.

Table 6: Comparative analysis of design variables

Design variable Initial model Optimized model
X1 12 10
X2 12 8
X3 35 23
X4 20 13
X5 20 16
X6 20 17
X7 400 284
X8 20 14
X9 20 15
X10 20 15
X1l 20 22
X12 20 20
X13 20 15
X14 232 256
X15 20 19
X16 30 35
X17 30 30
X18 30 25
X19 40 35

X20 20 15
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The results obtained from the validation analysis of the adopted design points are presented in Table 7.
The results indicate that the maximum prediction error of DM, SE and GM was —2.70%, while the prediction
error of the other two targets was less than 1%. Based on the results, it can be observed that the proposed
multi-standard optimization scheme for the electric winch system yields a 7.86% reduction in weight, a 2.01%
increase in safety factor, and a 23.97% reduction in maximum deformation, demonstrating a significant
overall optimization effect.

Table 7: Design point verification analysis

DM SF GM
Original scheme 1460 mm 1938 4.791t
Prediction scheme 1.080 mm 1991 4.426t
Real solution 1L.110 mm 1977 4415t
Prediction error -2.70% 0.71% 0.26%

Real optimization effect -23.97% 2.01% -7.86%

In order to meet the processing requirements of the enterprise, the structural parameters according to
the requirements of the quality processing technology need to be rounded. Through the production of the
optimized physical prototype, the prototype indeed achieves a weight reduction of 376 kg. As the strength and
rigidity are not easy to test on-site, the simulation model is used to simulate the ultimate working condition
on the ship for design and production, and enterprises generally verify the relevant performance based on
this method.

In terms of the actual effect, according to the material price of the electric winch and the data, the price
of the marine winch with a tension of 10 t is generally about 30,000 yuan, while the price of the winch can
be reduced by about 2400 yuan by reducing 7.86% of the mass. Taking 100 series winches produced by the
enterprise per year as an example, the accumulated annual material cost can be reduced by 240,000 yuan,
with high economic benefits and market competitiveness. The 2.01% safety factor increases the wind and
wave resistance of the winch during operation, prolongs the service life of the equipment, and reduces the
accident rate. The maximum deformation reduction of 23.97% can reduce the accuracy error of the steel
wire rope, avoid the tearing of the fishing net or the escape of the fish, and also enhance the durability of the
equipment structure.

On the whole, the optimized electric winch can better adapt to the FRP fishing vessels, conforming to
the trend of replacing traditional fishing vessels with FRP fishing vessels. It can not only reduce the use of
manufacturing materials and reduce the waste of resources, but also reduce the overall load of FRP fishing
vessels, thus reducing fuel consumption, prolonging the endurance time, and reducing carbon emissions,
which conform to the national call for “double carbon (carbon peak, carbon neutralization)”. For shipboard
operators, mass reduction allows for more flexible positioning of electric winches, improving both accuracy
and efficiency for fishing operations.

5 Conclusion

A method has been proposed for optimizing the parameters of marine winches by combining a
surrogate model with MOGA. This method effectively reduces complexity and improves the efficiency of the
optimization process by using experimental design to select sample points and replacing the original model
with a surrogate model. Additionally, the performance of the winch has been significantly improved through
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a multi-objective genetic algorithm. The effectiveness of the proposed optimization strategy was verified
through a comparative analysis of predicted and calculated values. The main conclusions are as follows:

(1)  Anoptimization framework has been proposed to solve a series of optimization problems for expensive
mechanical products, providing a better path for the optimization design of three-dimensional
engineering structures.

(2) The proposed optimization framework was applied to the fishing winch. After optimization, the
values of some parts with high stress, such as X14 (wall frame length), X19, and X20 (drum flange
reinforcement thickness), were increased. On the other hand, the values of some parts with low stress,
such as X1, X2 (upper box thickness), and X7 (rope rack support width), were reduced. Ultimately, the
weight of the winch was reduced by 7.86%, the safety factor was increased by 2.01%, and the maximum
deformation was reduced by 23.97%. This verifies the effectiveness of the proposed scheme.

This research has made good progress in the multi-objective optimization design of the fishing boat’s
electric winch. The proposed series of optimization methods has a certain guiding significance for the
optimization and upgrading of the fishing boat’s electric winch and other series of products. The proposed
framework and series of methods can be considered for the popularization and application of the fishing
boat’s electric winch and other equipment. However, this study only considers the optimization of the
structural parameters of the electric winch. In the future, a multi-objective optimization study will be
carried out on the electric winch of the fishing vessel from the material, process, control, and other aspects.
Meanwhile, the model will be extended to different winch types or other deck machinery for research.
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