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Abstract

To address the challenges of weight redundancy, low material utilization, and excessive
performance margins in the design of electric cable-hauling machines, this study pro-
poses a novel multi-objective optimization framework. The framework integrates Latin
hypercube experimental design, Kriging surrogate modeling, a Non-dominated Sorting
Genetic Algorithm III (NSGA-III), and a coupled TOPSIS (Technique for Order Preference
by Similarity to Ideal Solution) approach. A high-fidelity finite element model based on
extreme operating conditions was established to simulate the performance of the electric
towing winch. The Kriging model was employed to replace time-consuming finite element
calculations, significantly improving computational efficiency. The NSGA-III algorithm
was then utilized to search for the Pareto front, identifying a set of optimal solutions that
balance multiple design objectives. Finally, the TOPSIS method was applied to select the
most preferable solution from the Pareto front. The results demonstrate a 7.32% reduction
in the overall mass of the towing winch, a 7.34% increase in the safety factor, and a 4.57%
reduction in maximum structural deformation under extreme operating conditions. These
findings validate the effectiveness of the proposed Kriging-NSGA-III-TOPSIS strategy for
lightweight design of ship deck winch machinery.

Keywords: electric towing winch; Kriging model; multi-objective optimization; ship
deck machinery

1. Introduction
Maritime transport currently accounts for over 80% of international cargo shipping [1,2].

As the core mechanical equipment of the tugboat, the towing winch plays a crucial role in
towing large vessels in ports [3,4]. Lightweight design can effectively reduce production
costs and enhance vessel stability, yet achieving this while maintaining safety remains a
significant challenge. Therefore, advanced optimization methods are urgently needed to
achieve systematic improvements in overall performance.

Extensive research has been conducted to optimize the mechanical properties of deck
machinery. Vladimir Solovyov [5] analyzed the effects of drum dimensions, materials, and
load-strain accumulation, proposing a barrel-shaped winch design capable of predicting
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plastic deformation. Haoran Ye et al. [6] optimized the mechanical properties of marine
multi-layer winch drums through full-scale experiments. Jin C et al. [7] achieved winch
lightweighting and economic efficiency enhancement using multi-objective genetic algo-
rithm (MOGA) optimization algorithms. Concurrently, to address the high costs associated
with experiments and simulations, surrogate models have been introduced to establish
global performance prediction mechanisms, potentially improving optimization efficiency.
Xiaoyu Huang et al. [8] proposed a genetic algorithm based on adaptive Kriging and
validated its effectiveness in the engineering application of aircraft engine turbine disks.
Rohit Kumar et al. [9] employed stochastic Kriging to simulate semi-submersible floating
offshore wind turbine (FOWT) mooring cable tension. Zhou Jiang et al. [10] proposed
a multi-objective optimization method based on computational fluid dynamics-artificial
neural network-non-dominated sorting genetic algorithm II (CFD-ANN-NSGA-II) for effi-
cient structural parameter optimization of stirred reactors. Feng Liu et al. [11] combined
an improved Kriging model with improved non-dominated sorting genetic algorithm II
(INSGA-II) to minimize the direct navigation drag and diving drag of autonomous un-
derwater vehicles (AUVs). Ji Lin et al. [12] introduced a dual-risk archiving strategy to
enhance the optimization performance of costly multi-objective problems.

Despite significant achievements in local component optimization and specific algo-
rithm applications, existing research exhibits notable shortcomings. First, most studies
focus on individual components or a limited number of parameters, lacking a holistic
multi-objective collaborative optimization framework for entire systems. This hinders
the achievement of global trade-offs under multiple constraints such as strength, stiffness,
weight reduction, and cost. Second, algorithm selection lacks unified standards and ap-
plicability evaluation mechanisms. The advantages of different algorithms across diverse
scenarios remain difficult to systematically grasp, compromising the stability and reliability
of optimization results.

To address the aforementioned challenges, this study establishes a novel multi-
objective optimization framework that integrates parametric modeling, finite element
analysis, and surrogate-based optimization into a holistic workflow. Specifically, we em-
ploy the Kriging surrogate model to mitigate the computational cost of simulations and
adopt the Non-dominated Sorting Genetic Algorithm III (NSGA-III) coupled with the
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) decision-making
method to identify the optimal solution. This integrated approach enables the efficient
coordination of strength, stiffness, and weight reduction across the entire machine. The
framework not only significantly enhances the performance of the equipment and addresses
key design issues but also provides a scalable optimization model for complex engineering
systems. This paves a new way for the upgrade of marine engineering equipment and
holds important theoretical and practical application value.

2. Multi-Objective Optimization Framework
2.1. Principles of Kriging Interpolation Models

Kriging [13,14] is an unbiased interpolation estimation model that minimizes the
estimated variance. The Kriging model can be expressed as:

Y(x) =
k

∑
j=1

β j f j(x) + Z(x) (1)

In the equation, f j(x) is the basis function of the regression model, βj is the regression
coefficient, k is the number of basis functions, and Z(x) is a random process with a mean
of 0, variance of σ2, covariance between Z(xi) and Z

(
xj
)

is σ2R
(
θ, xi, xj

)
, where xi and xj
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are any two input sample points, and R is the correlation model composed of the samples,
representing the correlation between sample points.

In the covariance function of Z(x), the Gaussian function [15] is widely adopted in
model construction due to its simplicity, flexibility, and infinite differentiability. The model
surface fitted by this correlation function exhibits superior smoothness compared to that
fitted by linear kernel functions. Therefore, this study employs the Gaussian function as
the correlation function, expressed as follows:

R
(
xi, xj

)
=

d

∏
k=1

exp
(
−θk

(
x(k)i − x(k)j

)2
)

(2)

In the equation, θk is a relevant parameter that represents the sensitivity of the func-
tion’s output value to the kth input variable.

2.2. NSGA-III Optimization Algorithm

In the multi-objective optimization problem for electric cable-hauling machines, which
involves three objectives—strength, stiffness, and weight—along with 28 design variables,
the selection of optimization algorithms directly impacts the quality of the solution set
and its engineering practicality. To address this, this study evaluates four mainstream
multi-objective optimization algorithms: NSGA-II [16], NSGA-III [17], Multiple Objective
Particle Swarm Optimization (MOPSO) [18], and Multi-objective Evolutionary Algorithm
Based on Decomposition (MOEA/D) [19].

In this study, addressing high-dimensional optimization scenarios, four algorithms
were employed to solve the DTLZ/ZDT series test functions [20,21] under identical algorith-
mic conditions. Specifically, the number of objective functions was set to M = 3, the decision
variable dimension to D = 28, the population size to N = 200, and the maximum evaluation
count to maxFE = 10,000. For ZDT3, the problem definition itself has the characteristic of
M = 2, while in testing the decision variable dimension is elevated to D = 50, while other
settings remain unchanged. The corresponding test functions are listed in Table 1.

Table 1. Test functions.

Test Function Objective Function and Constraint Conditions Design Variable

DTLZ1

f1(x) = 1
2 x1x2(1 + g(xM))

f2(x) = 1
2 x1(1 − x2)(1 + g(xM))

f3(x) = 1
2 (1 − x1)(1 + g(xM))

g(xM) = 100

[
|xM |+ ∑

xi∈xM

(
(xi − 0.5)2 − cos(20π(xi − 0.5))

)]
xM = [x3, x4, . . . , xi ]

xi ∈ [0, 1]
i = 1, 2, . . . , 28

DTLZ2

f1(x) = (1 + g(xM))cos
( x1π

2

)
cos

( x2π
2

)
f2(x) = (1 + g(xM))cos

( x1π
2

)
sin

( x2π
2

)
f3(x) = (1 + g(xM))sin

( x1π
2

)
g(xM) ∑

xi∈xM
(xi − 0.5)2, xM = [x3, x4, . . . , xi ]

xi ∈ [0, 1]
i = 1, 2, . . . , 28

DTLZ7

f1(x) = x1
f2(x) = x2
f3(x) = (1 + g(xM)) · h( f1, f2, g)

g(xM) = 1 + 9
26

28
∑

i=3
xi , xM = [x3, x4, . . . , xi ]

h( f1, f2, g) = 3 −
2
∑

k=1

[
fk

1 + g
(1 + sin(3π fk))

]
xi ∈ [0, 1]

i = 1, 2, . . . , 28

ZDT3

f1(x) = x1
f2(x) = g(x) · h( f1, g)

g(x) = 1 + 9
27

28
∑

i=2
xi

h( f1, g) = 1 −
√

f1
g −

(
f1
g

)
sin(10π f1)

xi ∈ [0, 1]
i = 1, 2, . . . , 28
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The basic parameters of each algorithm are set to default values and tested sequentially.
To evaluate the comprehensive performance of the algorithms, the inverse gradient descent
(IGD) based on the inverse distance composite evaluation metric and the ∆ evaluation
metric [22] based on the diversity evaluation metric are applied to the obtained Pareto
solution sets, as shown in Figure 1. Quantitative analysis is performed on these sets, with
the results presented in Table 2.

Figure 1. The Pareto frontier map obtained from the test.

The comprehensive IGD index takes into account both the diversity of algorithm opti-
mization results and the degree of approximation to the true Pareto frontier (convergence).
IGD is expressed as [23,24]:

IGD(P∗, P) =
1

|P∗|

√√√√|P∗ |

∑
j=1

ˆ
dj (3)

In the formula, P is the solution set obtained by the algorithm; P∗ is the true Pareto
frontier; d̂j = min

x∈P
| f
(
yj
)
− f (x)| represents the shortest distance from the true frontier point

to the algorithm solution set.
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Table 2. Performance comparison of NSGA-II, NSGA-III, MOPSO and MOEA/D.

Test Function Indicator NSGA-II NSGA-III MOPSO MOEA/D

DTLZ1
IGD 9.09 × 101 (1.72 × 101) 1.19 × 102 (1.36 × 101) 4.16 × 102 (2.98 × 101) 4.57 × 101 (1.48 × 101)

∆ 1.36 × 101 (2.24 × 100) 1.70 × 101 (2.25 × 100) 3.49 × 101 (3.05 × 100) 4.39 × 100 (1.26 × 100)

DTLZ2
IGD 7.08 × 10−2 (4.02 × 10−3) 6.52 × 10−2 (3.31 × 10−3) 4.88 × 10−2 (1.57 × 10−3) 7.04 × 10−2 (1.01 × 10−2)

∆ 4.13 × 10−2 (2.07 × 10−3) 4.56 × 10−2 (1.81 × 10−3) 3.65 × 10−2 (3.87 × 10−3) 3.58 × 10−2 (1.75 × 10−3)

DTLZ7
IGD 1.88 × 10−1 (3.32 × 10−2) 2.24 × 10−1 (5.35 × 10−2) 1.59 × 100 (4.35 × 10−1) 1.70 × 10−1 (1.74 × 10−1)

∆ 4.43 × 10−2 (4.24 × 10−3) 4.12 × 10−2 (3.31 × 10−3) 3.66 × 10−2 (1.00 × 10−2) 1.01 × 10−1 (2.35 × 10−2)

ZDT3
IGD 1.05 × 10−1 (1.47 × 10−2) 1.52 × 10−1 (1.18 × 10−2) 6.21 × 10−1 (5.63 × 10−2) 4.69 × 10−1 (8.88 × 10−2)

∆ 9.59 × 10−3 (1.00 × 10−3) 1.52 × 10−2 (2.56 × 10−3) 1.28 × 10−2 (4.79 × 10−3) 1.77 × 10−2 (7.97 × 10−3)

The ∆ indicator measures the diversity of the solution set distribution, i.e., the degree
of dispersion of the Pareto solutions along the Pareto frontier in the objective space. The
smaller the value, the more uniform the solution set distribution. ∆ is calculated as [25]:

∆ =

√√√√ 1
|P| − 1

|P|

∑
i=1

(
di − d

)2
(4)

In the formula, di = min
j ̸=i

| f (xi)− f
(
xj
)
| represents the shortest distance between the

solution and other solutions; d = 1
|P|−1 ∑

|P|
i=1 di represents the average value of all shortest

distances.
DTLZ2 specifically evaluates convergence accuracy on continuous problems using IGD

as primary metric. DTLZ1 and DTLZ7 assess global search capability through ∆ for simple
and complex Pareto frontier topologies, respectively. Analysis of the frontier distributions
in Figure 1 and the numerical results in Table 2 reveals that the NSGA-II, MOPSO, and
MOEA/D algorithms demonstrate outstanding performance when addressing specific
problems, enabling more efficient problem-solving and yielding superior results. However,
NSGA-III consistently maintains relatively strong performance across various problem
types, demonstrating greater versatility and stability. Regardless of the problem’s nature or
characteristics, it delivers balanced optimization capabilities.

As an enhanced version of NSGA-II, the NSGA-III algorithm is particularly well-suited
for handling optimization problems with numerous objectives and large scales, excelling
especially in complex scenarios involving more than three objectives. By incorporating a
reference point mechanism and a feedback model, this algorithm significantly enhances its
ability to maintain population diversity while improving computational efficiency. Figure 2
illustrates the specific optimization steps of NSGA-III.

2.3. EWM and TOPSIS

When addressing multi-objective optimization problems, a traditional approach
relies on the opinions of domain experts to merge multiple objectives into a single
composite objective function through subjective weighting. Although this method
proves intuitive and efficient in certain applications, its weight allocation is inherently
subjective. It is susceptible to decision-makers’ cognitive biases and heavily dependent
on experts’ personal experience. Consequently, the reproducibility and universality of
solutions are severely constrained.

Traditional optimization methods often directly assign weights to optimization ob-
jectives based on the subjective preferences of researchers, making the results susceptible
to subjective factors. In the multi-objective optimization of this study, the Pareto front
generated by NSGA-III contains hundreds of non-dominated solutions. To scientifically
select the final implementation plan, this study integrates the Entropy Weight Method
(EWM) [26] with TOPSIS [27] to construct an objective decision-making system. EWM, as
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an objective weighting technique, assigns reasonable weights to each indicator based on
rigorous mathematical calculations, providing an objective and scientific basis for construct-
ing a comprehensive index. After determining the weights of the optimization objectives
using EWM, the TOPSIS method is employed to calculate the proximity of each alternative
solution to the ideal solution and rank all alternative solutions, thereby identifying the
optimal solution. EWM and TOPSIS are illustrated in Figure 2, with the specific calculation
process as follows.

Figure 2. Flow chart of NSGA-III and TOPSIS.

First, the data is standardized prior to analysis [28]:

rij =


xij−min(xj)

max(xj)−min(xj)
, for efficiency indicators

max(xj)−xij

max(xj)−min(xj)
, for cost − type indicators

(5)

In the formula, xij is the jth item of the ith sample, where i = 1, 2, 3, . . . , n (number of
samples) and j = 1, 2, 3, . . . , m (number of indicators).

pij =
rij

∑n
i=1 rij

(6)

ej = − 1
lnn

n

∑
i=1

pijlnpij (7)

wj =
1 − ej

∑m
k=1(1 − ek)

(8)

In the above equation, pij is the proportion, ej is the information entropy, and wj is
the weight.

Construct a weighted normalized matrix V:

vij = wj·rij (9)

In the formula, vij represents the weighted value of each term in the matrix.
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D+
i =

√√√√ m

∑
j=1

(
p+j − vij

)
, p+j = max{vij} (10)

D−
i =

√√√√ m

∑
j=1

(
p−j − vij

)
, p−j = min{vij} (11)

In the formula, D+
i and D−

i respectively represent the Euclidean distances from sample
i to the positive and negative ideal solutions, and p+j and p−j respectively represent the
maximum and minimum values in vij, that is, the positive and negative ideal solutions.

Finally, the calculation formula of the relative closeness Ci is:

Ci =
D−

i
D+

i + D−
i

(12)

In the formula, Ci represents the satisfaction degree of the ith scheme. The closer its
value is to 1, the better the scheme is.

3. Simulation Experiments and Optimization Models
3.1. Engineering Case Model

This study investigates an electric towing winch, which also functions as an anchoring
machine, from a specific enterprise. Figure 3 presents a schematic diagram of the cable-
hauling machine, which primarily consists of seven components: the motor, reduction
gearbox, main drum, brake, anchor chain wheel, wall frame, and intermediate frame. The
relevant technical parameters are detailed in Table 3.

Figure 3. Engineering model of the electric towing winch. 1—Motor, 2—Reducer, 3—Main drum,
4—Brake, 5—Middle frame, 6—Anchor chain wheel, 7—Wall frame.

Table 3. The main technical parameters of the main drum and anchor chain wheel.

Technical
Parameters Workload (N) Brake Load

(N)
Rated Speed

(m/min)
Cable

Diameter (mm)
Cable Length

(m)

Main drum 3.00 × 104 1.73 × 106 60 104 200
Anchor chain wheel 3.33 × 104 4.49 × 104 15 28 100

During actual operation, the towing winch is subject to the following specific forces:
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(1) Gravity on the rope on the drum:

G = aLg (13)

In the equation, a is the linear density of the cable 44.3 Kg/m, and L is the total length
of the cable.

(2) Workload torque on the reel:

MN =
TgD

2
(14)

In the equation, T is the working load and D is the diameter of the reel.

(3) Braking torque of the brake on the drum:

Mz =
TZgD

2
(15)

where TZ is the braking load.

(4) The pressure exerted by the cable on the drum.

Radial pressure of the rope loops wound onto the reel on the reel wall:

q1 =
TZ
rB

(16)

where r is the radius of the reel, B is the width of the reel, and Z is the number of turns
per layer.

In the case of multi-layer winding, due to the deformation of the drum wall and the
cable rope loops, when the nth layer of rope loops is wound onto the drum, the tension
of the first to n − 1 layers of rope loops that were wound earlier will all change, thereby
causing the pressure on the drum wall to increase disproportionately with the increase in
the number of winding layers.

q = q1·An (17)

where An is the multi-layer winding coefficient, the number of winding layers of the cable
is n > 5, and An = 1.6.

(5) The pressure exerted by the cable on the flange plate. During layer transition winding
(crossover from drum end to new layer), cable wedging generates axial thrust at the
transition loop. This force induces flange bending and significant stress concentration
at the flange-drum interface. During multilayer winding, every crossover segment ap-
plies compressive loading on the flange. Furthermore, crossover segments distribute
circumferentially with minimal inter-layer spacing. Consequently, total compressive
load is modeled as uniformly distributed flange pressure:

Q =
Q∆n/2

π
4
(

D2
n − D2

0
) (18)

In the equation, Q∆ = T × (sin6.5◦ × cos3◦/tan15◦ − sin3◦) is the squeezing force
exerted by the cable on the side plate, Dn is the maximum winding diameter of the drum,
D0 is the minimum outer diameter of the drum, and n is the number of winding layers,
taken as 6.

At the same time, the anchor chain wheel experiences analogous types of loads but
at significantly lower. Therefore, the primary focus is on the torque impact of the anchor
chain wheel during operation.

Based on the above analysis, the model can be preprocessed, loaded, and analyzed to
determine the maximum deformation, minimum safety factor, and their relative positions.
The results are shown in Figure 4.
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Figure 4. Maximum deformation, minimum safety factor and their relative positions.

The analysis reveals that the most pronounced deformation in the model occurs at the
side flanges, which are susceptible to elastic deformation under cable compression, with a
maximum displacement reaching 2.03 mm. Concurrently, significant stress concentrations
are observed at the connection points between the drum and the left/right flanges. These
areas experience complex alternating stresses during actual operation and represent the
lowest safety factor throughout the entire model. In contrast, the gearbox, intermediate
frame, and wall frame regions exhibit lower stress levels and minimal deformation, demon-
strating structural stability and uniform load distribution. These areas are thus identified
as key targets for lightweight design. During subsequent optimization, design variables for
these regions should be selected judiciously while ensuring structural strength and stiffness.
This approach will not only achieve the overall objective of equipment lightweighting but
also contribute to reduced manufacturing costs.

3.2. Establishment of an Optimized Model

This study is dedicated to identifying optimal design solutions through a trade-off
strategy that prioritizes weight reduction while ensuring that safety and deformation are
maintained within acceptable limits. To ensure that the optimization results deliver both
significant performance improvements and practical engineering value, key variables were
selected using a combined approach of system decomposition, sensitivity screening, and
manufacturability constraints.

Initially, the towing winch structure was decomposed into four core subsystems:
the reduction gearbox, intermediate frame, wall frame, and main drum. Within each
subsystem, all theoretically variable dimensional parameters were identified based on
parametric models. Subsequently, sensitivity-assisted analysis was employed to select
28 critical dimensional parameters, as illustrated in Figure 5. The upper limit of the design
variables was set at 130% of the initial dimension, while the lower limit was set at 70% of
the initial dimension, as detailed in Table 4.

Table 4. The original values and upper and lower limits of the 28 size variables.

Variable
Parameters Lower Limit (mm) Original Value (mm) Upper Limit (mm)

X1 7 10 13
X2 7 10 13
X3 7 10 13
X4 7 10 13
X5 10 14 18
X6 91 130 169
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Table 4. Cont.

Variable
Parameters Lower Limit (mm) Original Value (mm) Upper Limit (mm)

X7 14 20 26
X8 14 20 26
X9 10 14 18

X10 91 130 169
X11 11 16 21
X12 14 20 26
X13 14 20 26
X14 14 20 26
X15 18 25 33
X16 10 14 18
X17 10 14 18
X18 10 14 18
X19 231 330 429
X20 10 14 18
X21 21 30 39
X22 18 25 33
X23 21 30 39
X24 18 25 33
X25 14 20 26
X26 14 20 26
X27 21 30 39
X28 14 20 26

Figure 5. Towing winch and related parameter model: (a) upper gearbox, (b) Lower gearbox,
(c) Reduction flange plate, (d) Ratchet flange, (e) Middle frame, (d) Wall frame.

The 28 parameters listed above are selected as design variables. The optimization
objective aims to comprehensively enhance structural performance, specifically manifested
as: reducing deformation (DA) to increase stiffness, improving the safety factor (SF) to
ensure strength, and reducing weight (MW). Based on corporate technical specifications
and actual operating conditions, the following constraints are set: deformation must not
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exceed 2 mm, and the safety factor must not be less than 2.0. Based on these criteria, the
following multi-objective optimization model is constructed:

Find : X = [x1, x2, x3 . . . , x28]

(Minimization:MW(X),DA(X)
Maximization:SF(X)

)

s.t.


DA ≤ [DA]

SF ≥ [SF]
xl

i ≤ xi ≤ xu
i , i = 1, 2, 3, . . . , 28

(19)

3.3. DoE Experiment

To ensure the predictive accuracy of the subsequent surrogate model, 400 uniform sam-
ples were generated within the parameter space using Latin Hypercube Design (LHD) [29],
based on the permissible upper and lower limits of the aforementioned 28 variables. Design
of Experiments (DoE) were conducted based on these 400 experimental plans, with the
results shown in Figure 6.

Figure 6. Sets of DoE experimental schemes.

4. Results Analysis
4.1. Kriging Model Prediction Results

In the evaluation of the predictive accuracy of surrogate models, three key metrics are
commonly employed to provide a comprehensive assessment: the coefficient of determina-
tion (R2), relative mean absolute error (RMAE), and root mean square error (RMSE) [30,31].
Specifically, the R2 value closer to 1, along with smaller RMAE and RMSE values, indicates
higher predictive accuracy of the surrogate model. The Kriging model was trained using
the dataset derived from the aforementioned 400 sets of DoE experiments. To evaluate
the model’s generalization capability and mitigate the risk of overfitting, K = 10 cross-
validation was implemented. The model’s average performance and stability are detailed
in Table 5.
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Table 5. Analysis of 10-fold cross-validation results.

Fold
DA SF MW

R2 RMAE RMSE (%) R2 RMAE RMSE (%) R2 RMAE RMSE (%)

1 0.9952 0.0078 0.19 0.8965 0.0431 1.42 1.0000 0.0002 0.02
2 0.9963 0.0072 0.16 0.9082 0.0398 1.28 0.9999 0.0002 0.02
3 0.9957 0.0076 0.18 0.9012 0.0415 1.36 1.0000 0.0002 0.02
4 0.9949 0.008 0.20 0.8958 0.0433 1.45 1.0000 0.0002 0.02
5 0.9961 0.0074 0.17 0.9047 0.0406 1.31 1.0000 0.0002 0.01
6 0.9955 0.0077 0.18 0.8993 0.0422 1.38 1.0000 0.0002 0.02
7 0.9960 0.0073 0.16 0.9071 0.0401 1.29 0.9999 0.0003 0.02
8 0.9958 0.0075 0.17 0.9036 0.041 1.33 0.9999 0.0002 0.02
9 0.9953 0.0079 0.19 0.9054 0.0404 1.3 1.0000 0.0002 0.02
10 0.9962 0.0071 0.15 0.9008 0.0418 1.37 0.9999 0.0002 0.02

The final training results analysis is presented in Figure 7. It is evident that the
R2 values of all three models exceed 0.90, while both the RMAE and RMSE values meet
the prediction requirements. Consequently, the three surrogate models trained are deemed
to possess high reliability.

 
Figure 7. The comparison between numerical values and predicted values: (a) Maximum deformation,
(b) Minimum safety factor, (c) Model weight.

4.2. Sensitivity Analysis

The sensitivity analysis results of the 28 design variables on the three optimization
objectives—maximum deformation (DA), safety factor (SF), and weight (MW)—are pre-
sented in Figure 8, utilizing the Sobol index. The sensitivity analysis chart reveals that
design variables X23 and X28 have the most significant impact on maximum deformation
(DA), demonstrating the highest sensitivity. Meanwhile, X3 and X22 are identified as
the key factors influencing the safety factor (SF). Regarding weight (MW), X21 and X23
contribute most prominently, with particularly noticeable effects.
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Figure 8. The sensitivity analysis diagram of the optimization target.

The sensitivity analysis diagram clearly shows that design variables X24 and X27 have
the most significant impact on the maximum deformation (DA), with the highest sensitivity,
while X3 and X26 play a dominant role in the safety factor (SF), making them key factors in
determining safety performance. In terms of weight (MW), X27 and X28 make the most
significant contributions, with particularly noticeable effects.

Based on the aforementioned analysis, to more intuitively illustrate the influence of
each variable on the objective functions, the two variables with the most significant impact
on each objective were selected. Consequently, three sets of response plots were generated:
the response plot of X23 and X28 on maximum deformation (DA), the response plot of X3
and X22 on the safety factor (SF), and the response plot of X21 and X23 on weight (MW), as
depicted in Figure 9.

Figure 9. Three-dimensional response surface characteristics: (a) Response graphs of X28 and X23 to
DA, (b) Response graphs of X3 and X22 to SF, (c) Response graphs of X21 and X23 to MW.
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4.3. Optimized Solution

Based on the multi-objective optimization model described above, the NSGA-III
algorithm was employed to generate solutions. The initial population size was set to 200,
with a maximum iteration limit of 1000. The resulting Pareto front is illustrated in Figure 10.

Figure 10. The Pareto frontiers of DA, SF and MW.

Following the application of the EWM-TOPSIS method to the 200 optimal solutions de-
rived from the Pareto front, the optimal solution A was ultimately identified. Additionally,
solutions B and C, which are in the vicinity of solution A, were selected for comparative
analysis. The specific results are detailed in Table 6.

Table 6. The information related to the three plans.

Option DA (mm) SF (-) MW (t)

A 1.931 2.412 6.200
B 1.933 2.409 6.198
C 1.859 2.478 6.371

Among the three schemes, Scheme A demonstrated superior overall performance
compared to Schemes B and C. As a result, Scheme A was selected for subsequent opti-
mization verification. However, the design variables obtained during the solution process
exceeded the company’s actual processing capabilities. Therefore, it was necessary to round
the design parameters and conduct scheme verification analysis based on the rounded
variables. A detailed comparison of the design parameters before and after rounding is
presented in Table 7.

Table 7. The comparison before and after the adjustment of design variables.

Variable Parameters Original Value (mm) Optimization Value (mm)

X1 10 7
X2 10 12
X3 10 7
X4 10 12
X5 14 12
X6 130 169
X7 20 14
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Table 7. Cont.

Variable Parameters Original Value (mm) Optimization Value (mm)

X8 20 14
X9 14 10

X10 130 120
X11 16 12
X12 20 14
X13 20 14
X14 20 15
X15 25 18
X16 14 10
X17 14 10
X18 14 10
X19 330 232
X20 14 10
X21 30 21
X22 25 30
X23 30 34
X24 25 32
X25 20 14
X26 20 14
X27 30 21
X28 20 14

The rounded design parameters were imported into both the predictive model and
the finite element model for analysis and solution. The results are presented in Table 8.
The prediction results for the three objectives exhibited minimal deviation from the actual
solutions, with errors of only 0.51%, 0.29%, and 0.02%, respectively. Compared to the
pre-optimization model, the maximum deformation decreased by 4.57%, the safety factor
increased by 7.34%, and the weight of the cable-hauling machine was reduced by 7.32%.

Table 8. Optimization verification analysis.

DA (mm) SF (-) MW (t)

Original plan 2.035 2.276 6.711
Predicted results 1.932 2.436 6.221

Real solution 1.942 2.443 6.220
Prediction error 0.51% 0.29% 0.02%

Optimize boost rate −4.57% +7.34% −7.32%

The optimized design of the towing winch achieved a significant weight reduction
of 491 kg for the entire unit. Concurrently, the safety factor increased by 7.34%, and the
maximum deformation decreased by 4.57%. These improvements effectively enhance the
equipment’s resistance to wind and waves in complex sea conditions, extend its service life,
and reduce the risk of failure. This optimization solution not only helps tugboats reduce
costs and increase efficiency but also promotes green and low-carbon transformation,
providing strong support for the industry’s sustainable development.

5. Conclusions
This study proposes and validates an innovative framework integrating Kriging

surrogate modeling, NSGA-III multi-objective optimization, and TOPSIS decision analysis
(Kriging-NSGA-III-TOPSIS) to address critical challenges in lightweight structural design
for ship electric cable winches. The key findings are summarized as follows:
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1. High Efficiency and Reliability of the Integrated Framework: By integrating high-
precision Kriging modeling, NSGA-III algorithms, and EWM-TOPSIS decision-
making, the proposed framework significantly reduces reliance on computationally
intensive simulations. This provides a systematic, efficient, and reliable method-
ology for the co-optimization of lightweighting and reliability in complex three-
dimensional structures.

2. Significant Optimization Outcomes for Electric Cable Winches: The framework
achieved intelligent optimization of critical structural parameters, targeting reinforce-
ment in high-stress zones and rational reduction in low-stress zones. The optimized
design, which strictly adheres to corporate technical specifications and operational
requirements, achieved a 7.32% weight reduction, a 7.34% increase in the safety factor,
and a 4.57% decrease in maximum deformation. These results fully validate the
framework’s engineering effectiveness.

3. High Industry Value of the Framework: This framework effectively balances con-
flicting design objectives. The established optimization process provides an efficient,
scalable paradigm for intelligent and lean design of marine deck winch machinery. It
holds significant practical implications for advancing marine engineering equipment
toward high performance, low material consumption, and high reliability.

This study still has certain limitations. Regarding the safety factor metric, the final
surrogate model’s coefficient of determination (R2) did not achieve the ultra-high-fidelity
threshold of 0.95 or above. Furthermore, manufacturing constraints were not integrated into
the optimization cycle. Future research will focus on further enhancing the accuracy and
robustness of the surrogate model. It will also explore how to incorporate manufacturing
constraints earlier into the framework while maintaining algorithmic exploration efficiency,
with the goal of applying this approach to lightweighting practices for other types of deck
winch machinery.
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