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Abstract

The structural parameters of Stewart platforms play a critical role in enhancing dynamic
performance, improving motion accuracy, and enabling effective control strategies. How-
ever, practical applications face several key limitations, including the metric balancing for
optimization, the limited singularity-free workspace, and low computational efficiency.
To overcome those shortcomings, this work proposes a multi-objective optimal design of
the structural parameters for Stewart platform based on Non-dominated Sorting Genetic
Algorithm III (NSGA-III) and Kolmogorov–Arnold Network (KAN). Firstly, under the
stroke constraints of the Stewart platform, this work focuses on optimizing the platform’s
key structural parameters. This approach enables both the optimization of existing equip-
ment and the design of new devices. Secondly, this work employs KAN to establish a
model that characterizes the relationship between the structural parameters and diverse
postures within the maximum singularity-free workspace. This approach not only enhances
computational efficiency but also ensures high precision. Finally, this study proposes six
performance metrics and utilizes NSGA-III to optimize the structural parameters, thereby
achieving a trade-off among these diverse objectives. Simulation and experimental results
demonstrate that KAN significantly outperforms the Multi-Layer Perceptron (MLP) in
predicting workspace postures. Compared with MLP, KAN achieves higher prediction
accuracy and lower error rates across both training and test datasets. When comparing
NSGA-III with NSGA-II, the proposed approach demonstrates modest improvements in
most performance metrics while preserving acceptable trade-offs between the optimiza-
tion objectives.

Keywords: structural parameters; Stewart platform; NSGA-III; multi-objective optimization;
KAN; performance metrics

1. Introduction
The Stewart platform, a parallel-kinematic mechanism known for high-precision

motion control and strong load-bearing capacity, has been widely used in aerospace en-
gineering [1], precision instrument testing [2], marine wave compensation systems [3],
and underwater-vehicle-manipulator-simulation platforms [4]. Given the extensive appli-
cations of the Stewart platform, optimizing the structural parameters of this mechanism
is of critical importance. This optimization approach maximizes the workspace volume,
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enhances motion accuracy and dynamic stability, and improves the energy efficiency of the
Stewart platform.

Numerous performance indices have been defined to meet these requirements and
are applicable to optimization problems [5,6]. Those performance indices include the
condition number of the Jacobian matrix [7], velocity amplification factors, and regular
workspace shapes as discussed in [8], and the singularity-free workspace [9]. Additionally,
stiffness [10], restoration accuracy [11], and the maximum allowable dynamic wrench
capability [12] have also been taken into account. Liu [13] employed the condition number
and determinant of the kinematic Jacobian matrix as objective functions in the optimal
design process. Zhu et al. [14] aimed to achieve the highest positioning accuracy during
the design process to determine the optimal geometric parameters of the Stewart platform.

In the past, several optimization methods were proposed for mechanism synthesis,
namely the analytical method, single-objective optimization algorithms, and multi-objective
optimization algorithms. Some of those methods utilized the analytical form of the objective
function to implement the gradient descent method [15]. Nevertheless, when the objective
function had no closed-form expression, numerical and evolutionary algorithms were
widely used.

Single-objective optimization algorithms are designed to find the optimal solution
that either maximizes or minimizes a single objective function. Those algorithms typically
operate by iteratively exploring the solution space. Beginning with an initial set of candi-
date solutions, those algorithms employ specific operators to generate new solutions in
each iteration. Differential Evolution (DE) [16,17] and Genetic Algorithms (GA) [18] are
two well-known representatives in the domain of single-objective optimization algorithms.
Nevertheless, in complex search spaces, both DE and GA frequently encounter prema-
ture convergence, becoming prematurely entrapped in local optima. DE and GA exhibit
relatively slow convergent speeds, accompanied by limitations in effectively handling
multi-modal functions. Li et al. [19] assigned weight coefficients to individual objectives
and applied the genetic algorithm to centralize and minimize the natural frequencies of
the Hexapod Vibration Isolation System (HVIS). Nevertheless, the use of weight coef-
ficients proved less suitable in this specific case, as weight coefficients were inherently
subjective and often difficult to determine with precision. The Artificial Bee Colony (ABC)
algorithm [20] was also applied to minimize the weight of structures while satisfying all
design requirements. Saputra et al. [21], Wang et al. [22], Duyun et al. [23], and Pisarenko
et al. [24] all applied the Particle Swarm Optimization (PSO) algorithm to optimize parame-
ters or determine the workspace of Stewart platform. Nevertheless, the methods [20–24]
suffered from low computational efficiency and were incapable of solving multi-objective
optimization problems. The Active Set Algorithm [25], Sequential Quadratic Programming
(SQP) Algorithm [26], and Interior Point Algorithm [27] were also applied. Nevertheless,
those methods were designed for single-objective problems, excelling in single-objective
optimization while having limitations in multi-objective scenarios.

Moreover, multi-objective optimization methods, which are designed to optimize mul-
tiple conflicting objectives concurrently, have also been employed. Those methods handle
complex systems in which enhancing one objective may undermine others, aiming to find
a set of Pareto-optimal solutions that represent optimal trade-offs. The Non-dominated
Sorting Genetic Algorithm (NSGA-II) [28–32] was used for Multi Objective Optimization
(MOO), in which the theory of genetic evolution had been implemented. Nevertheless,
when the number of objectives exceeded three in multi-objective optimization, the perfor-
mance of NSGA-II deteriorated markedly. Another implemented evolutionary algorithm
was the Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D) [33],
which was claimed to be superior to NSGA-II. Nevertheless, the MOEA/D algorithm



Machines 2025, 13, 887 3 of 26

exhibits high computational complexity, with its efficiency significantly influenced by
the population size. Furthermore, only an approximate value for the initial population
size required to achieve global search convergence was obtainable. As for NSGA-III [34],
this algorithm followed the framework of NSGA-II and outperformed NSGA-II and even
MOEA/D in solving many-objective problems. NSGA-III employed reference points and
was capable of solving multi-objective optimization problems with a significant number of
objective functions.

To address those deficiencies and efficiently optimize structural parameters, while
ensuring applicability to any geometric configuration and multiple performance metrics,
this work proposes a multi-objective optimal design of the structural parameters in the
Stewart platform based on NSGA-III and Kolmogorov–Arnold Network. Firstly, this work
mainly focuses on optimizing five key structural parameters within the maximum stroke.
This research is applicable to practical applications and can improve the performance
indicators of the Stewart platform. Secondly, this work employs NSGA-III to balance
multiple performance metrics, including the structural compactness, the force transmission
efficiency, the isotropy, the singularity resistance, and orientational workspace capability
and positional workspace capability. Thirdly, this work employs a Kolmogorov–Arnold
Network [35] to model each orientation and position within the maximum singularity-free
workspace. This network exhibits higher fitting accuracy compared with the traditional
MLP and is well-suited for real-time computation. The contributions and novelties of this
work are presented as follows.

• This work optimizes five key structural parameters within the maximum stroke.
Compared with previous methods, the proposed approach demonstrates superior
applicability to practical engineering scenarios and achieves significant improvements
in critical performance metrics.

• This work employs NSGA-III to balance a large number of performance indicators.
Compared with previous methods, the proposed approach can take more performance
metrics into account and achieve better results.

• This work employs a Kolmogorov–Arnold Network to model each orientation and
position within the maximum singularity-free workspace. Compared with previous
methods, this network exhibits higher fitting accuracy than the traditional MLP and is
well-suited for real-time computation.

The structure of this paper is presented as follows: Section 2 presents the overview of
the proposed method. Section 3 introduces the mathematical model of the Stewart platform,
along with the optimization constraint and the optimization indicators. Section 4 delves
into the optimization process of the structural parameters of the Stewart platform. Section 5
presents simulations and experiments to validate the optimization effect of the method.
Section 6 discusses the results and implications. Finally, Section 7 concludes the study with
a summary.

2. Overview
Aiming to optimize the Stewart platform’s structural parameters, this work proposes

an algorithm incorporating key performance metrics: the structural compactness, the force
transmission efficiency, the isotropy, the singularity resistance, and orientational workspace
capability and positional workspace capability. The overview of the proposed method is
shown in Figure 1, and the detailed steps are elaborated as follows. This visualization ex-
plicitly illustrates the data flow in a sequential process: structural parameters are first input
into KAN for workspace metric prediction, then forwarded to NSGA-III for optimization,
and finally leading to the derivation of optimal results.
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Figure 1. The overview of the proposed method.

1. Optimizes five key structural parameters of the Stewart platform, a critical kinematic
system, under the platform’s stroke constraints. Unlike traditional methods that
require comprehensive optimization of numerous parameters, our approach targets
five primary parameters to enhance key performance metrics in Stewart platforms.
This targeted strategy balances efficiency and precision, avoiding the complexity of
adjusting excessive parameters while ensuring systematic performance improvement.

2. Utilizes the KAN, a mathematically proven neural network, for efficient function
approximation in the optimization framework. Notably, this approach has the advan-
tage of reducing the computational complexity in genetic algorithms by leveraging
a mathematically proven capability to represent any continuous function with mini-
mal layers. Compared to MLPs, KAN outperforms conventional neural networks in
both interpretability and approximation accuracy, which makes the KAN particularly
suitable for real-time kinematic modeling.

3. Optimize the structural parameters of the Stewart platform using NSGA-III. In con-
trast to NSGA-II, NSGA-III demonstrates superior performance in addressing multi-
ple conflicting objectives, characterized by uniform solution distribution across the
Pareto front, accelerated convergence to optimal regions, and enhanced scalability in
high-dimensional objective spaces.

3. Mathematical Modeling for Stewart Platform Optimization
3.1. Structural and Kinematic Characteristics of the Stewart Platform

The Stewart platform studied herein is a symmetric 6-DOF parallel robot with uni-
versal joints. As analyzed in LAO [36], these universal joints are distributed in equilateral
triangles on the upper and lower platforms. As illustrated in Figure 2, it features five key
structural parameters: the radii of the moving and fixed platforms Ra and Rb, the angles θa

and θb, and the distance d between the circle centers in the initial assembly configuration.
These five parameters are the focus of optimization in this study. Such symmetry is widely
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adopted in engineering because it reduces manufacturing errors and ensures balanced load
distribution among the six legs. Figure 2 also labels the translational displacements of the
moving platform’s center (x, y, z) and the rotational angles determining its orientation (α,
β, γ), all of which are clearly marked.

Figure 2. The spatial position relationships of joint points in Stewart platform.

The parameters associated with the moving platform and the fixed platform are
presented in Figure 3.

 
(a) (b) 

Figure 3. Geometric parameters of Stewart platform. (a) moving platform; (b) fixed platform.

As shown in Figure 3, the joint points of the moving platform (A1 − A6) and fixed
platform (B1 − B6) are, respectively, distributed on two concentric circles with radii Ra

and Rb; the figure also labels the central angles θa (between adjacent Ai) and θb (between
adjacent Bi). The coordinates of joint points on the moving platform are specified as follows:
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The coordinates of joint points on the fixed platform are specified as follows:
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The inverse kinematics problem involves calculating the actuator lengths based on
the moving platform’s given pose Q, which is defined as follows: Let α (roll, rotation
around the x-axis), β (pitch, rotation around the y-axis), and γ (yaw, rotation around the
z-axis) denote the rotational angles relative to the Cartesian coordinate system’s three axes;
additionally, let x (surge), y (sway), and z (heave) denote the translational displacements
along these respective axes:

Q =
[
α, β, γ, x, y, z]T (3)

R denotes the rotation matrix expressed in the Euler angle representation of pitch–roll–
yaw, as detailed below:

R =

cos βcos γ sinαsinβcosγ − cosαsinγ cosαsinβcosγ + sinαsinγ

cosβsinγ sinαsinβsinγ + cosαsinγ cosαsinβsinγ − sinαcosγ

−sinβ sinαcosβ cosαcosβ

 (4)

With the reference frame fixed, the coordinates of the joint points on the moving
platform are ai and those on the fixed platform are bi (i = 1, . . ., 6). Here, t is the translation
vector from the origin Ob of the fixed platform to the origin Oa of the moving platform,
describing the position offset of the moving platform’s origin relative to the fixed platform’s
origin. Based on this, the vectors Li (i = 1, . . ., 6) can thus be expressed as follows:

Li = RAi + t − bi, i = 1, . . . , 6 (5)

The magnitude of the actuator vector Li corresponds to the length of the i-th electric
actuator, which is the key output of the inverse kinematics solution [37].

3.2. Optimization Constraint on Driving Rod Lengths Within Stroke Limits

Although the natural lengths of the driving rods connecting the moving and fixed
platforms vary, the minimum and maximum strokes of those rods remain invariant. In
the multi-objective optimization process, when optimizing the above five parameters, it
is necessary to ensure that the stroke of the driving rod stays within a reasonable range—
specifically ±800 mm in this paper, as illustrated by the natural-length-based stroke defini-
tion in Figure 4. Meanwhile, the length of this variable must ensure no collision among
the lengths of all driving rods of the Stewart platform and stay within the maximum and
minimum driving strokes.

3.3. Performance Indicators for the Stewart Platform

The Stewart platform in this study is intended for light-load precision manipulation. To
address the key requirement of integrating its operational data with structural optimization
(outlined in this section), core constraints are defined to delimit the feasible domain for
optimization variables (Ra, Rb, θa, θb, d). These constraints include two critical aspects: each
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driving rod’s stroke must stay within practical operational limits to avoid overload; and the
moving platform’s positional and attitudinal ranges must align with real-world application
requirements, while ensuring these ranges are sufficiently sized to meet operational needs
and prevent mechanical interference. The following are several optimization indices for
the Stewart platform.

Figure 4. The maximum and minimum lengths of driving rods are within stroke limit.

• Minimize Structural Compactness (F1)

Optimizing the Stewart platform’s structural parameters to reduce its volume is
beneficial. This is particularly true for portable applications, as the optimization enhances
portability, reduces material consumption, and may even improve dynamic performance
in such scenarios.

This volumetric indicator is calculated as average area multiplied by nominal distance
and aligns with “spatial efficiency” in parallel manipulator design, which targets minimiz-
ing size for constrained uses (e.g., portable systems), as shown in Ref. [38]. The area of the
moving platform is defined in Equation (6):

SA =
3
2

Ra
2(sin(θa) + sin

(2π
3

− θa
))

(6)

Meanwhile, the area of the fixed platform is defined in Equation (7):

SB =
3
2

Rb
2(sin(θb) + sin

(2π
3

− θb
))

(7)

The structural compactness of the Stewart platform is defined in Equation (8), where
F1 denotes the first optimization indicator and d denotes the nominal distance between the
moving and fixed platforms:

F1 =
1
2
(SA + SB)d (8)
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This indicator focuses on the spatial occupation of the structure itself for light-load
portable scenarios, independent of load weight, applicable to applications with strict
volume constraints (e.g., small precision instruments).

• Maximize Force Transmission Efficiency (F2)

Performance indicators F2, F3 and F4 rely on the Stewart platform’s Jacobian matrix
J—an 8 × 8 matrix constructed via dual quaternions. The complete form and fundamental
derivation of J follow Ref. [37]. This approach aligns with the dual quaternion-based kine-
matic modeling framework for 6-DOF parallel robots proposed by Yang et al. [39]. Notably,
J has inhomogeneous units: one sub-block (for rotational components) is dimensionless,
while the other sub-block (for translational components) uses meters. This inhomogeneity
is a long-standing challenge in Stewart platform analysis, and Tsai [40] addressed it through
dimension-unification strategies. To address this issue, the scaling factor k is adopted from
Ref. [37]. Specifically, only the first sub-block of the Jacobian matrix J is scaled by k, while
the second sub-block remains unchanged. This relationship is given in Equation (9):

Jp =
[ Jζ

k
, Jh

]
(9)

where J =
[
Jζ , Jh

]
denotes the original 8 × 8 Jacobian matrix (constructed with dual

quaternions, with Jζ as the first 4 columns and Jh as the remaining 4 columns), and Jp is the

scaled Jacobian matrix. The scaling factor is defined as k =

√
tr(Jζ Jζ

T)
tr(JhJh

T)
, and k is defined for

the platform’s initial assembly configuration and consequently applies to diverse positions
and orientations within the workspace.

This force transmission efficiency indicator reflects the efficiency of energy transfer
from the driving rods to the end-effector and is specific to parallel mechanisms. A larger
value of this indicator indicates lower energy loss during force transmission, which is
critical for precision operations.

Det
(
Jp
)

represents the determinant of Jp. This determinant corresponds to the
manipulability concept of a manipulator, first introduced by Yoshikawa [41]. F2 is de-
fined as the determinant ω of the kinematic Jacobian matrix and serves as the second
optimization indicator.

F2 = ω =
√

det
(
JpJp

T) (10)

• Minimize Isotropy (F3)

The singular values of the scaled Jacobian matrix Jp after unit normalization via the
scaling factor k as defined in Equation (4), characterize the “amplification capability” of the
matrix across different directions. When the maximum singular value σmax and minimum
singular value σmin are nearly equal (as illustrated by the unit sphere in the left panel
of Figure 5), the matrix exhibits isotropic behavior—meaning the platform’s motion and
force transmission performance are uniform across all directions. In contrast, a significant
disparity between σmax and σmin (right panel of Figure 5, shown as an ellipse) indicates
anisotropy, where performance varies drastically between directions, potentially leading to
uneven load distribution or motion limitations [42].

The condition number κ quantifies this anisotropy and is also utilized in Ref. [7] for
similar characterization. It is defined as the ratio of the maximum to the minimum of these
singular values, as shown in Equation (11):

F3 = κ =
σmax

σmin
(11)
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A smaller κ (closer to 1) indicates better isotropy, ensuring balanced performance
across all degrees of freedom. This is critical for applications requiring uniform precision,
such as multi-axis alignment systems.

σmin
σmaxσmin = σmax

Figure 5. The minimum and maximum singular values in the Jacobian matrix.

• Maximize Singularity Resistance (F4)

The minimum singular value σmin of the Jacobian matrix Jp is a key indicator of
singularity resistance. This judgment aligns with the research on synthesizing parallel
manipulators with singularity-free workspaces [18], where Gallant and Boudreau explicitly
verified that σmin can directly quantify the distance between a parallel mechanism and its
singular configurations.

Specifically, a larger σmin means the platform is farther from singular configurations—
where σmin approaches 0. This distance from singularities brings multiple benefits: it
enhances system stability, reduces positional errors, improves robustness in dynamic
operations, boosts positional precision, and optimizes manipulator dexterity. Thus, σmin

acts as the fourth optimization indicator F4 in Equation (12):

F4 = σmin (12)

• Maximize Orientational Workspace Capability (F5)

This indicator quantifies the symmetric rotational range within the singularity-free
workspace, with the same filtering applied to exclude singular configurations by preserving
the consistent sign of Jp’s determinant.

F5 = min(|max(α)|, |min(α)|, |max(β)|, |min(β)|, |max(γ)|, |min(γ)|) (13)

where α, β, and γ denote the rotational angles of the moving platform around the global
x-axis (roll), y-axis (pitch), and z-axis (yaw), respectively, and are calculated based on
Refs. [37,43].

The focus on “symmetric rotational range” aligns with the foundational theory of
parallel robot workspace optimization proposed by Gosselin and Angeles [5]. They em-
phasized that symmetric workspaces enhance operational consistency, which is critical for
precision-focused scenarios like small instruments. This design also aligns with the attitudi-
nal range constraints of the moving platform defined in this section, ensuring the calculated
rotational workspace is practically feasible. F5 captures the largest symmetric angular
interval for safe rotation, and a larger F5 indicates a broader symmetric rotational range.

• Maximize Positional Workspace Capability (F6)

This indicator quantifies the symmetric translational range within the singularity-free
workspace, in which a filtering step is applied to retain only configurations where the
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sign of the determinant of Jp remains unchanged, thus excluding singular positions. The
equation is shown as follows:

F6 = min(|max(x)|, |min(x)|, |max(y)|, |min(y)|, |max(z)|, |min(z)|) (14)

where x, y, and z denote the translational coordinates of the moving platform’s geometric
center in the fixed platform coordinate system.

This coordinate system, whose origin is at the fixed platform’s center and z-axis is
perpendicular to the fixed platform’s plane, follows the standard kinematic modeling
framework for Stewart platforms. This framework was established in Tsai’s authoritative
work on robot analysis [40], ensuring consistency with mainstream design methodologies.
These coordinates (x, y, z) are calculated with reference to Refs. [37,43]. This coordinate
range is constrained by the positional limits of the moving platform specified earlier, align-
ing the translational workspace with practical operational needs. By taking the minimum
of these absolute extrema, the resulting F6 reflects the largest symmetric interval for safe
translation; a larger value of this F6 thus indicates a broader symmetric translational range.

4. Optimizing the Structural Parameters of the Stewart Platform
4.1. The Multi-Objective Optimization Algorithm NSGA-III

The Non-dominated Sorting Genetic Algorithm (NSGA), a widely used multi-objective
optimization algorithm, aims to identify a set of Pareto-optimal solutions within the
search space. NSGA classifies solutions into non-dominated fronts according to their non-
dominance relationships. Subsequently, genetic operators including selection, crossover,
and mutation are employed to iteratively enhance the population, thereby steering the
search towards the Pareto-optimal front.

Popular multi-objective evolutionary algorithms NSGA-II and NSGA-III [44] diverge
in their diversity maintenance mechanisms: NSGA-II leverages crowding distance for fewer
objectives, whereas NSGA-III employs reference-point niching to address ≥3-objective
scenarios. Given the six independent optimization metrics detailed in Section 3.3, this
study selects NSGA-III for multi-objective parameter optimization due to its demonstrated
superiority in high-dimensional objective spaces, a domain where conventional NSGA-II
faces scalability limitations.

In this paper, the NSGA-III algorithm is configured with a population size of 100,
crossover probability of 0.5, mutation probability of 0.5, and maximum iterations set to 60,
and the termination condition is based on reaching the maximum iterations.

Figure 6 shows 15 reference points on a normalized hyperplane for a three-objective
problem (p = 4). The f1, f2, f3 axes (vertex value 1) represent the objectives. The hyperplane
is the basic structure, with the ideal point and reference lines aiding in visualizing relation-
ships, facilitating analysis of reference-point distribution for multi-objective optimization.

Figure 7 details the evolutionary workflow of the NSGA-III algorithm in multi-
objective optimization, elucidating two core mechanisms. First, the parental popula-
tion (from generation t) and the subpopulation—produced via selection, crossover, and
mutation—are merged into a single candidate set. This merged pool then undergoes
non-dominated sorting: solutions are ranked into hierarchical fronts, where a solution A
dominates B if A outperforms B in at least one objective and is not inferior in others. In the
figure, the upper green region represents the first non-dominated front (the most optimal
subset, as no member here is dominated by others), while the lower orange layer contains
subsequent dominated fronts.
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Figure 6. Fifteen reference points on a normalized hyperplane for a three-objective problem (p = 4).
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Figure 7. The schematic diagram of NSGA-III.

In the NSGA-III algorithm, to eliminate biases caused by disparate objective scales
(e.g., varying units or magnitude ranges), each objective function is normalized to the
interval [0, 1] using min-max scaling. N represents the current iteration number, while Nmax

denotes the predefined maximum iteration number that acts as the termination criterion.
This preprocessing ensures equitable participation of all objectives in the optimization
process. Figure 8 presents the algorithm’s flowchart, which structures its iterative cycle:
starting with population initialization, the workflow involves merging parent and offspring
populations, performing non-dominated sorting to identify Pareto-front candidates, and
applying reference-point-based screening to preserve solution diversity—highlighting
how normalization supports NSGA-III’s core mechanisms for balanced multi-objective
parameter optimization. The flowchart of NSGA-III is shown in Figure 8.

4.2. The Neural-Network-Fitting Algorithm KAN

Rooted in Kolmogorov’s theorem, which asserts that any continuous function
f : Rn → Rm can be represented as a finite superposition of single-variable functions,

KAN instantiates a structured hierarchy of layers designed to enforce this theoretical de-
composition. The network architecture comprises three functionally distinct modules:
input layer, theorem-specific hidden layers, and output layer [45].
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Figure 8. The flowchart of NSGA-III.

KAN is well-suited for modeling the structural parameter-singularity-free workspace
relationship of the Stewart platform due to its edge-based activation aligning with the
platform’s kinematic features—strongly nonlinear analytic mappings, high-dimensional
sparse parameter interactions, and sharp stroke constraints. Unlike MLP’s node-based
activation (which smears information via aggregated nonlinearity), KAN preserves analytic
structures, efficiently models sparse couplings, and better adapts to constraints, explaining
its superior prediction accuracy, especially near singularity boundaries.

The input layer accepts n-dimensional input vectors corresponding to the structural
parameters of the Stewart platform, and the inputs are normalized to the interval [−1, 1]
via feature-wise min-max scaling to enhance activation function sensitivity and numerical
stability. The theorem-specific hidden layers incorporate 2n + 1 hidden layers required
by the theorem for n-dimensional inputs. Those hidden layers are organized into three
functional components: phase layers, amplitude layers, and an aggregation layer. The first
n layers, termed phase layers, employ trigonometric functions (e.g., sine and cosine) to
model periodic dependencies in kinematic mappings. The subsequent n amplitude layers



Machines 2025, 13, 887 13 of 26

utilize cubic polynomial functions to model the non-linear scaling of input features, com-
plementing the periodic transformations applied by the phase layers. The aggregation layer
linearly combines the outputs from the phase and amplitude layers to form a composite rep-
resentation, adhering to the theorem’s additive superposition principle. Finally, the output
layer maps the aggregated hidden representation to the m-dimensional output space. The
training protocol balances theoretical and empirical approaches to ensure accurate, phys-
ically meaningful solutions for Stewart platform kinematics, involving synthetic dataset
generation via forward kinematics, feature normalization, stratified data partitioning, a
mean squared error loss with adaptive regularization, and validation through kinematic
accuracy metrics and post-training parameter adjustments for generalizability.

The Kolmogorov–Arnold Network (KAN) has emerged as a promising alternative
to the Multi-Layer Perceptron (MLP). Both KAN and MLP are underpinned by robust
mathematical foundations. Nevertheless, KAN offers greater mathematical rigor, accuracy,
and interpretability than MLP. Compared to the standard MLP, KAN makes two main mod-
ifications: (1) activation functions change from fixed to learnable components; (2) activation
functions are located on edges rather than nodes.

Full Factorial Design was adopted for sampling, involving 5 variables (each divided
into 7 intervals) and a total of 16,807 samples. The dataset was split into an 80% training
set (13,446 samples) and a 20% validation set (3361 samples). The MLP is a 4-layer network,
consisting of 5 input neurons, 2 hidden layers (5 neurons each, with tanh activation),
and 6 output neurons. It uses the Adam optimizer (learning rate = 0.001) and MSE as
the loss function. The KAN has a width configuration of [5, 5, 5, 6], corresponding to a
4-layer structure (matching the MLP in total neuron count). Its hidden layers use B-spline
activation (controlled by grid = 5 and k = 3), with the LBFGS optimizer (1000 training
steps) and MSE as the loss function. Both models’ training/test loss curves decline steadily
without divergence and show no signs of overfitting.

In terms of activation functions and neuron connections, KAN uses a B-spline activa-
tion with “local support” that adjusts outputs only within specific input intervals to capture
local nonlinear fluctuations accurately, and it employs adaptive links that dynamically
adjust the association strength between neurons, retaining only output-relevant links to
avoid redundant noise and focus on core nonlinear relationships for high-precision vari-
ables, while MLP relies on a tanh activation that prioritizes global smoothness, struggles
with strong local nonlinearity and causes larger local errors, and uses a fixed-weight fully
connected structure that introduces redundant associations, weakens the contribution of
key features and limits fitting precision.

The model architecture designed based on the KAN superposition theorem trans-
forms the approximation and fitting of high-dimensional functions into the learning of
one-dimensional variational activation functions with polynomial-level growth. This ef-
fectively exploits the smoothness property of spline activation functions, reducing the
non-smoothness in the gradient landscape of the approximation function and enhancing
the model’s accuracy in approximating the real data distribution. The schematic diagrams
of MLP and KAN are presented in Figure 9.

In an MLP, activation functions are applied to the nodes (neurons). For the j-th neuron,
the weighted input zj is calculated as follows:

zj = ∑n
i=1 wjixi + bj (15)

where wji represents the weight from the i-th input neuron to the j-th neuron, xi is the input
value corresponding to the i-th input neuron, and bj is the bias of the j-th neuron.
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Figure 9. Schematic diagrams of MLP and KAN (a) MLP; (b) KAN.

Commonly used fixed activation functions in MLP include the Sigmoid Function,
ReLU Function and tanh Function. After passing through the activation function, the
output aj of the j-th neuron is as follows:

aj = f
(
zj
)

(16)

where f is one of the aforementioned fixed activation functions.
In a KAN, activation functions are placed on the edges and are learnable. Let the

set of input-layer nodes be Vin = [v1, v2, . . . , vn]
T , and the set of hidden-layer nodes be

Vhid = [u1, u2, . . . , um]
T . The edge from the input-layer node vi to the hidden-layer node

uj is denoted as eij. For the edge eij, the traditional weight ωij is replaced by a univariate
function ϕij(x). Assuming a linear spline function, it can be expressed as follows:

ϕij(x) = ∑K
k=1 cijkBk(xi) (17)

where Bk(x) is the k-th basis function (e.g., B-spline basis function), and cijk are the learn-
able coefficients.
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Given an input vector X = [x1, x2, . . . , xn]
T (where xi is the input value for the i-th

input node vi), the input sj to the hidden-layer node uj is:

sj = ∑n
i=1 ϕij(xi) = ∑n

i=1 ∑K
k=1 cijkBk(xi) (18)

Suppose the weights from the hidden layer to the output layer are θl j (l represents the
index of the output-layer node), and the activation function of the hidden layer is g. The
output yl of the output-layer node l is given by:

yl = ∑m
i=1 θl jg

(
sj
)
+ bl (19)

where bl is the bias term of the output-layer node yl .
Within an MLP, nodes known as neurons maintain a fixed state. By contrast, KAN

uses adjustable activation functions on edges, which act like weights. This system removes
all linear weights entirely: each weight becomes a simple function based on a spline. This
minor modification enables KAN to outperform MLP in two critical domains: accuracy
and understandability. For tasks like fitting data or solving partial differential equations
(PDEs), smaller KAN models often match or beat larger MLP models in accuracy. Both
theory and experiments show that KAN improves faster with more data than MLP. When
it comes to understanding how the model works, KAN allows clear visual explanations
and easy human interaction, making it simpler to use than traditional neural networks.

5. Simulations and Experiments
Offline calculation is conducted on a computer equipped with an i9-13980HX processor,

boasting a maximum turbo boost frequency of 5.6 GHz, and featuring 32 GB of RAM. The
software platform utilized is MATLAB 2024b.

5.1. Experimental Design and Condition

The experimental Stewart platform (YBT6-2000) is shown in Figure 10. For YBT6-
2000, Ra = 1044.797 mm, Rb = 1544.386 mm, θa = 11◦, θb = 13◦, d = 1399.764 mm, and the
stroke of the driving rod is ±800 mm. The equipment YBT6-2000 is procured from Wuhan
Huazhiyang Technology Co., Ltd., which is situated in Wuhan, China.

For structural parameter optimization, each parameter is adjusted within a defined
range around its baseline, with constraints preventing driving rod interference and ensuring
rod lengths stay within the Stewart platform’s stroke range. To validly compare KAN
and MLP, dataset generation follows a rigorous process: five key system parameters (Ra,
Rb, θa, θb, d) are randomly sampled within a ±50% range of their default values to reflect
practical operational variations, yielding 16,807 unique combinations. All parameter sets
are input into Ref. [37]’s kinematic model, incorporating singularity analysis, to generate
singularity-free workspace parameters (α, β, γ, x, y, z) as training “ground truth”. Training
labels derive directly from this theoretical model rather than experiments, eliminating
errors and environmental interference to ensure data reliability, and a consistent benchmark
for KAN-MLP comparison. The process is shown in Figure 11.

The coordinates of joint points in moving and fixed platforms of YBT6-2000 are shown
in Table 1.

The sampling method used is Full Factorial Design, where 5 variables are each divided
into 7 equal intervals, resulting in a total of 16,807 samples; the dataset is split into an
80% training set (13,446 samples) and a 20% validation set (3361 samples). For the MLP,
it has a 4-layer structure: 5 input neurons, two hidden layers each with 5 neurons, and
6 output neurons. The hidden layers use the tanh activation function, and the model is
trained with the Adam optimizer (learning rate = 0.001). For the KAN, its width parameter
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is set to [5, 5, 5, 6], corresponding to a 4-layer architecture (5 input neurons, two hidden
layers each with 5 neurons, and 6 output neurons). It is trained with the LBFGS optimizer
for 1000 steps, with additional settings of grid = 5 and k = 3. Both the MLP and KAN
show consistent convergence in their training and test loss curves (both curves decline and
stabilize without significant divergence), which indicates that the overfitting issue of both
models is effectively mitigated.

 

Figure 10. The experimental Stewart platform YBT6-2000.

• Range: Baseline-
centered.
• Constraints: No rod 
interference; Stroke-
compliant.

• Model: Tao et al. (2025, 
Singularity-Free Space) 
(Kinematic + singularity 
analysis)
• Output: Workspace 
params (α, β, γ, x, y, z)

• Params: Rₐ, Rᵦ, θₐ, θᵦ, d
• Range: ±50% Defaults
• Output: 16,807 combos

• Advantage: No 
measurement errors/
interference
• Purpose: KAN vs. MLP 
comparison

Parameter Optimization

Dataset Sampling Ground Truth Calculation

Benchmark Establishment

Baseline for 
sampling

Input to model

Training labels

Figure 11. KAN vs. MLP Comparison Workflow [37].
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Table 1. Joint point coordinates of moving and fixed platforms in YBT6-2000 (units: mm).

Chain 1 Chain 2 Chain 3 Chain 4 Chain 5 Chain 6

Xa −850.585 850.585 950.725 100.139 −100.139 −950.725
Ya 606.717 606.717 433.270 −1039.987 −1039.987 433.270
Za 0 0 0 0 0 0
Xb −174.829 174.829 1416.295 1241.465 −1241.465 −1416.295
Yb 1534.458 1534.458 −615.822 −918.636 −918.636 −615.822
Zb −1399.760 −1399.760 −1399.760 −1399.760 −1399.760 −1399.760

In neural network training, normalization of input and output data is essential for
model convergence and performance. Xscaled is the value after normalization, and X is
the value before normalization. Xmax and Xmin are the maximum and minimum values,
respectively. When normalizing the data to the range between −1 and 1, the formula for
normalization is as follows:

Xscaled =
2(X − Xmin)

Xmax − Xmin
− 1 (20)

For different positions and orientations, the following metrics are calculated simultane-
ously on both the training and validation sets of the neural network, ensuring comprehen-
sive evaluation across all dataset partitions: the coefficient of multiple determination (R2),
mean absolute error (MAE), mean absolute percentage error (MAPE), root mean square
error (RMSE), and mean square error (MSE). In Equations (21)–(25), yi (where i = 1, 2, . . ., n)
represents the actual value in the test set, y is the average value of yi, and ŷi denotes the
predicted values derived from the neural network:

R2 =
∑n

i=1(ŷi − y)2

∑n
i=1(yi − y)2 (21)

MAE =
1
n∑n

i=1|yi − ŷi| (22)

MAPE =
1
n

∑n
i=1|yi − ŷi|

yi
× 100% (23)

MSE = ∑n
i=1(yi − ŷi)

2 (24)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (25)

To evaluate the performance of NSGA-II and NSGA-III on your 6-objective mini-
mization problem, we use one key metric for multi-objective optimization: Spacing (SP).
Measures the uniformity of solution distribution. A smaller value indicates more uni-
form distribution.

Let P = {a1, a2, . . . , an} represent a population of n solutions, where each ai∈ R6 is a
6-dimensional solution in the objective space. For each solution ai, compute the minimum
Euclidean distance to all other solutions in P:

mi = minj=1,2,...,n
j ̸=i

∥∥ai − aj
∥∥

2 (26)

where ∥.∥2 denotes the Euclidean distance in 6-dimensional space.
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Mean nearest-neighbor distance is defined as:

ε =
1
n

n

∑
i=1

mi (27)

Spacing (SP) quantifies the uniformity of these distances: a smaller value indicates
more evenly distributed solutions.

SP =

√
1

n − 1

n

∑
i=1

(mi − ε)2 (28)

5.2. Experimental Results and Analysis

As Ra varies, the six indicator values F1, F2, . . ., F6 exhibit distinct variations, as
visualized in Figure 12. These graphs illustrate the dynamic relationships between each
performance indicator and the design parameter Ra, while quantitatively demonstrating
their parametric evolution and sensitivity trends.

Figure 12. Dynamic relationships and sensitivity trends of indicators F1–F6 with respect to design
parameter Ra.

Figure 13 visualizes distinct variations of F1–F6 with Rb, illustrating their dynamic
relationships and sensitivity trends to the design parameter Rb.

Figure 14 visualizes distinct variations of F1–F6 with θa.
Figure 15 visualizes distinct variations of F1–F6 with θb.
Figure 16 visualizes distinct variations of F1–F6 with d.

5.3. Comparison of Efficiency, Accuracy, and Multi-Objective Performance

Both the MLP and KAN neural networks are designed as multi-input multi-output
(MIMO) architectures. These networks possess two hidden layers, and each layer contains
five neurons. The MLP and KAN neural networks are trained for 1000 epochs, and the
comparison of the five metrics is shown below. Table 2 shows that, for the train set, the R2

of KAN is 3.18% higher than that of MLP. Meanwhile, the MAE, MAPE, MSE, and RMSE
of KAN decreased by 85.81%, 87.38%, 97.40%, and 84.53%, respectively, compared with
those of MLP.
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Figure 13. Dynamic relationships and sensitivity trends of indicators F1–F6 with respect to design
parameter Rb.

Figure 14. Dynamic relationships and sensitivity trends of indicators F1–F6 with respect to design
parameter θa.

Table 3 shows that, for the test set, the R2 of KAN is 3.20% higher than that of MLP.
Meanwhile, the MAE, MAPE, MSE, and RMSE of KAN decreased by 85.09%, 81.46%,
97.20%, and 83.54%, respectively, compared with those of MLP.

The mathematical method from Ref. [37] takes 1027.43 s for a single maximum
singularity-free workspace computation, while the KAN neural network after one 45.07-s
training achieves 3.877-millisecond single inference for the same task, showing 99.999%
efficiency improvement with consistent single-task comparison. A comparison of the time
taken by the two approaches is illustrated in Figure 17.

Under default parameter settings, the structural parameters differ from the values
obtained by the NSGA-II and NSGA-III algorithms. Specifically, NSGA-III yields the high-
est performance index, followed by NSGA-II, with the default configuration achieving the
lowest index values. Table 4 presents the structural parameters for the default configu-
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ration, NSGA-II, and NSGA-III, with the optimal value of these parameters identified as
in NSGA-III.

Figure 15. Dynamic relationships and sensitivity trends of indicators F1–F6 with respect to design
parameter θb.

Figure 16. Dynamic relationships and sensitivity trends of indicators F1–F6 with respect to design
parameter d.

Table 2. Comparison of five metrics regarding accuracy for the train set.

KAN MLP

R2 MAE MAPE MSE RMSE R2 MAE MAPE MSE RMSE

α/◦ 0.9965 0.0131 0.6580 0.0004 0.0192 0.8554 0.0923 5.2134 0.0154 0.1241
β/◦ 0.9957 0.0148 0.2543 0.0005 0.0228 0.7681 0.1298 2.2848 0.0283 0.1683
γ/◦ 0.9993 0.0097 0.0662 0.0003 0.0159 0.9311 0.0999 1.1111 0.0257 0.1603

x/mm 0.9996 0.0072 0.0704 0.0001 0.0094 0.9688 0.0664 0.7322 0.0069 0.0830
y/mm 0.9993 0.0081 0.0682 0.0001 0.0115 0.9634 0.0665 0.5770 0.0072 0.0851
z/mm 0.9991 0.0087 0.1361 0.0001 0.0114 0.9035 0.0906 1.2665 0.0137 0.1169



Machines 2025, 13, 887 21 of 26

Table 3. Comparison of five metrics regarding accuracy for the test set.

KAN MLP

R2 MAE MAPE MSE RMSE R2 MAE MAPE MSE RMSE

α/◦ 0.9961 0.0133 0.5686 0.0004 0.0197 0.8551 0.0892 3.0675 0.0143 0.1197
β/◦ 0.9952 0.0156 1.1873 0.0006 0.0237 0.7543 0.1307 31.4181 0.0289 0.1699
γ/◦ 0.9993 0.0097 0.1417 0.0002 0.0156 0.9339 0.0950 1.5708 0.0235 0.1533

x/mm 0.9995 0.0074 0.0916 0.0001 0.0098 0.9685 0.0644 0.5164 0.0064 0.0802
y/mm 0.9993 0.0081 0.0800 0.0001 0.0114 0.9620 0.0653 0.6213 0.0069 0.0829
z/mm 0.9990 0.0087 0.1227 0.0001 0.0115 0.8986 0.0915 1.1824 0.0136 0.1168
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Figure 17. Comparison of calculation efficiency between KAN and the mathematical method.

Table 4. Different structural parameters for the default parameters, NSGA-II and NSGA-III.

Default Parameters NSGA-II NSGA-III

Ra (mm) 1044.797 1195.286 966.856
Rb (mm) 1544.386 1325.850 956.069

θa (◦) 11 7.348 6.926
θb (◦) 13 7.168 10.088

d (mm) 1399.760 1724.218 1160.285

The NSGA-III Pareto optimal set contains multiple non-dominated solutions, each
balancing the six performance metrics. The solution was selected in two steps: first,
solutions violating practical engineering constraints were excluded, such as those with
parameters beyond equipment’s structural strength or operating range and inapplicable in
practice; second, among remaining feasible solutions, the Technique for Order Preference
by Similarity to Ideal Solution (TOPSIS) was used to calculate comprehensive scores. Since
the six metrics are equally important to the research objectives, each was assigned an equal
weight of 1/6. By quantifying each solution’s proximity to the ideal optimal solution, the
NSGA-III solution in Table 5 achieved the highest comprehensive score because it balances
accuracy, efficiency, and other key dimensions optimally, thus being identified as the final
optimal parameter combination. The comparison of the six optimization indicators for the
default parameters, NSGA-II, and NSGA-III is presented below.
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Table 5. Comparison of six optimization indicators for default parameters, NSGA-II and NSGA-III.

Default Parameters NSGA-II NSGA-III

F1 (mm3) 3.182 × 109 3.582 × 109 1.400 × 109

F2 1.121 × 1046 2.439 × 1046 1.402 × 1045

F3 1.432 × 1014 1.631 × 1014 6.990 × 1013

F4 2.931 3.407 3.482
F5 (◦) 32.557 44.756 47.537

F6(mm) 437.901 650.974 501.412

Compared with the default parameter, NSGA-II shows mixed performance across the
six indicators. For F2, where larger values are preferable, NSGA-II outperforms the default
parameter with a 117.6% increase (from 1.121 × 1046 to 2.439 × 1046). In terms of F4–F6,
where larger values are preferable, NSGA-II also demonstrates improvements: F4 increases
by 16.2%, F5 by 37.5%, and F6 by 48.7%. However, NSGA-II is inferior in F1 and F3, where
smaller values are preferable, with F1 increasing by 12.6% and F3 by 13.9% compared to the
default parameter.

When comparing NSGA-III with NSGA-II, NSGA-III excels in three key indicators
aligned with their optimization directions. For F1 and F3, where smaller values are prefer-
able, NSGA-III achieves significant reductions of 60.9% (from 3.582 × 109 to 1.400 × 109)
and 57.1% (from 1.631 × 1014 to 6.990 × 1013), respectively. For F4 and F5, where larger val-
ues are preferable, NSGA-III shows marginal improvements of 2.2% and 6.2%, respectively.
Conversely, NSGA-III lags in F2, where larger values are preferable, with a 94.3% decrease
and in F6, where larger values are preferable, with a 23.0% decrease compared to NSGA-II.

This performance pattern arises from NSGA-III’s reference-point-based niching strat-
egy, which enhances solution distribution across multi-objective spaces. By systematically
guiding solutions toward predefined reference points, NSGA-III effectively balances im-
provements in indicators requiring smaller values (F1, F3) and those requiring larger values
(F4, F5), despite trade-offs in F2 and F6. This balance underscores its superiority in han-
dling the six-dimensional optimization framework, where maintaining diversity across
conflicting objectives is critical.

In multi-objective optimization, solution distribution matters. We use the Spacing
(SP) metric—smaller values mean more uniform distribution. Table 6 shows SP values for
NSGA-II and NSGA-III.

Table 6. The value of SP in NSGA-II and NSGA-III.

NSGA-II NSGA-III

SP 0.040 0.018

This stems from NSGA-III’s reference-point-based niching strategy, which boosts
distribution. Quantitatively, NSGA-III’s smaller SP (0.018 vs. 0.040) confirms more even dis-
tribution in the six-dimensional space. This enhances NSGA-III’s fit for high-dimensional,
complex multi-objective problems needing diverse, evenly spread solutions.

6. Discussion
This study provides valuable insights into MLP/KAN performance and the effective-

ness of optimization algorithms.
For neural networks, KAN outperforms MLP across key metrics. On the training set,

KAN achieved 3.18% higher R2 (superior data fitting) and reduced MAE, MAPE, MSE,
RMSE by 85.81–97.40%. On the test set, the gap narrowed, but KAN still maintained 3.20%
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higher R2 and 81.46–97.20% lower errors, showing better generalization. It also exhibited
strong efficiency, with an average inference time of 3.877 milliseconds—over 99.999% faster
than the 1027.43-s single computation time of the mathematical method from Ref. [37]. This
efficiency is critical for large datasets or real-time use.

Regarding optimization algorithms, comparisons across six indicators showed: NSGA-
II outperformed the default configuration in five (F2, F4–F6) but lagged in two (F1, F3);
NSGA-III improved on four (F1, F3, F4, F5) but regressed in F2/ F6. This F2/ F6 decline
stems from intrinsic indicator trade-offs: F2/ F6 conflict with F1/ F3, so prioritizing F1/ F3

optimization (to meet core needs) inevitably compromises F2/ F6—this is not an algorithmic
limitation but indicator mutual exclusivity.

In conclusion, neural network architectures and optimization strategies must align
with application needs. KAN stands out for its accuracy, error control, and efficiency,
making it robust for complex modeling. For optimization, multi-indicator evaluation
is key to matching parameters with engineering goals. Future research could explore
KAN-integrated hybrid frameworks and in-depth sensitivity analyses.

7. Conclusions
To address the limitations of existing methods and enable efficient acquisition of

optimal structural parameters for diverse geometric and performance requirements, this
research introduces a novel framework for optimizing the Stewart platform’s design using
NSGA-III and the KAN. Firstly, this work primarily focuses on optimizing the five key
structural parameters within the actuator’s maximum stroke range. Secondly, this work
applies KAN to fit every orientation and position within the workspace. This network
demonstrates higher fitting precision compared to the conventional MLP and is well-
adapted for real-time computations. Thirdly, this paper predominantly utilizes NSGA-III
to strike a balance among multiple metrics, including the volume, the condition number,
the minimum singular value of the Jacobian matrix, the determinant of the Jacobian matrix,
and all positions and orientations within the workspace.

When compared with previous algorithms for solving the FKP, the proposed method
offers the following advantages: (1) The proposed method conducts an optimal design of
the Stewart platform’s structural parameters by taking into account the five key parameters.
In traditional methods, the optimization of structural parameters usually occurs during the
design stage and involves dealing with all parameters. Nevertheless, practical applications
demand optimizing five key parameters to enhance performance characteristics. (2) KAN
provides a crucial theoretical foundation for function approximation. It has been proven
that a network with a specific structure can approximate any continuous function. Moreover,
compared with the MLP, KAN has better interpretability and higher accuracy. (3) This study
employs NSGA-III to optimize the Stewart platform’s structural parameters, capitalizing on
the algorithm’s capability to manage multiple conflicting objectives. Compared with NSGA-
II, NSGA-III demonstrates superior performance through enhanced solution distribution,
faster convergence, and greater scalability in high-dimensional search spaces.

Simulations and experiments indicate that for the training set, KAN’s R2 is 3.18%
higher than that of MLP. Meanwhile, KAN achieves reductions of 85.81%, 87.38%, 97.40%,
and 84.53% in MAE, MAPE, MSE, and RMSE, respectively, compared with MLP. For the
test set, KAN’s R2 remains 3.20% higher than MLP’s, and it continues to show improve-
ments in error metrics, with MAE, MAPE, MSE, and RMSE decreasing by 85.09%, 81.46%,
97.20%, and 83.54%, respectively, compared with MLP. In terms of NSGA-III, it outperforms
NSGA-II in four of the six optimization metrics (F1, F3, F4, F5), demonstrating significant
improvements of 60.9%, 57.1%, 2.2%, and 6.2%, respectively. The F2 parameter lags with a
94.3% decrease, and the F6 parameter is 23.0% worse compared to NSGA-II. NSGA-III’s
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reference-point-based niching strategy enables uniform Pareto front distribution, crucial
for balancing conflicting objectives—such as reducing F1/F3 and enhancing F4/F5—despite
trade-offs in F2 and F6. This strategy, evidenced by NSGA-III’s smaller SP value (0.018 vs.
0.040) confirming more even distribution in six-dimensional space, enhances its suitability
for high-dimensional, complex multi-objective problems requiring diverse, evenly spread
solutions. This highlights the approach’s effectiveness in trade-off optimization under
structural constraints, offering quantitative guidance for performance-driven parameter
tuning in parallel mechanism designs.
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